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Abstract
Agents mostly built upon large language models (LLMs) with planning, tool-use,



memory, and self-reflection capabilities are revolutionizing all aspects of materials
science and engineering (MSE), from materials design, experiment execution, industrial
manufacture, to deployment, thereby opening the age of agentic MSE. Rather than
isolated Al predictive models, these agents coordinate multi-step scientific workflows by
retrieving and structuring knowledge, proposing and refining hypotheses, planning
experiments, combining multi-modal simulations and characterizations, and, when
integrated with Al materials laboratories, closing the loop toward autonomous discovery
of materials. However, agentic systems exhibit varying degrees of autonomy, and their
roles in materials research and development differ accordingly. To systematically
examine the landscape of agentic MSE, this survey proposes a six-level autonomy
framework (Levels 0-5) that characterizes the progression from human-only workflows
to fully autonomous scientific agents. The framework aligns with key task families across
all steps in MSE, including information retrieval, property prediction, simulation,
synthesis, and characterization. By reviewing recent advances in agentic MSE, we reveal
uneven progress. Knowledge-centric capabilities often remain early-stage, while
experimental orchestration and characterization are starting to explore higher-level agent
behaviors. Importantly, mature autonomy requires coordinating multiple tasks rather than
optimizing a single one. Collectively, these insights provide a structured roadmap for

advancing agentic MSE toward higher autonomy.

Keywords: Materials science and engineering, large language models, LLM-based

agents, agentic materials science and engineering

INTRODUCTION

Materials science and engineering is an important discipline at the intersection of physics,
chemistry, and engineering, aiming to understand the complex relationships among a
material’s composition, structure, processing conditions, and resulting functional
properties. In recent years, a wide range of data-driven and deep learning techniques have
been explored across diverse materials contexts, focusing on specific research tasks that
span the entire discovery pipeline. These efforts include natural language processing
(NLP) for literature-based knowledge extraction, graph neural networks (GNNs)!-¢! for
material representation learning and property prediction, generative models for inverse

materials design”®], and optimization algorithms for process path optimization.



Meanwhile, key research tools in materials science and engineering are undergoing an
Al-driven paradigm shift toward higher-throughput data generation, encompassing
atomic- and molecular-level computations®!'!), meso- and macro-scale simulations,
autonomous characterization analysis, as well as autonomous and high-throughput
experimental platforms. Due to the diversity of materials classes, such as metals,
ceramics, polymers, semiconductors, and composites, and the inherently multi-modal
and multi-scale nature of materials data, the emergence of Al for Materials Science and
Engineering (Al4Mat) is motivated in a wide range of forms. Collectively, these
developments converge toward a unified vision: the realization of an autonomous Al
scientist deeply integrated into every stage of the materials research pipeline, enabling

more efficient, accurate, and intelligent scientific discovery and materials innovation.

Agentic materials science and engineering

The advent of Large Language Models (LLMs) and LLM-based agents is the catalyst
accelerating this vision. Unlike static predictive models, these agents are endowed with
planning, memory, tool use, and self-reflection capabilities!'>'#. They can coordinate
multi-step scientific workflows, including retrieving and structuring domain knowledge
from literature, proposing and refining hypotheses, planning and parameterizing
experiments, and invoking simulation or cheminformatics tools. When integrated with
robotic platforms, agents can form a closed loop in material research by executing

071 have

experiments in the physical world!!>!®l. Early initiatives such as Coscientist
demonstrated autonomous design and execution of intricate chemical tasks in both cloud-
based and physical laboratory environments. Self-driving laboratories, exemplified by
A-Lab!"®! are advancing towards higher autonomy by employing active learning
approaches to sustain long-term, automated synthesis and discovery cycles. Collectively,
these innovations signal a paradigm shift from traditional, model-centric methodologies
to comprehensive agentic systems that unify data resources, computational tools, and

experimental hardware within a cohesive framework for autonomous materials

research!'?],

We refer to agentic materials science and engineering as an emerging research paradigm
in which LLM-based agents actively participate in the materials research and
development cycle. In this paradigm, agents do not merely predict properties or extract

information; instead, they exhibit the ability to perceive the environment, plan multi-step



actions, invoke external computational or experimental tools, remember and refine prior
outcomes, and autonomously pursue scientific objectives under human oversight. This
agentic perspective transforms materials informatics from a data-analysis discipline into
an integrated system of reasoning, experimentation, and self-improvement. Consequently,
agentic materials science and engineering, which includes the design, evaluation, and
governance of autonomous or semi-autonomous agents, presents considerable potential
to accelerate discovery, ensure reproducibility, and collaborate with human scientists

across all stages of materials research.

These trends motivate a fundamental shift from isolated, task-specific modeling to a
workflow-oriented systems perspective for materials discovery and development. In this
emerging paradigm, data resources, computational tools, experimental platforms, and
control policies are no longer disparate elements but components integrated under unified

agentic orchestration.

A hierarchical framework for agentic materials science and engineering

However, transitioning to such integrated systems reveals a significant challenge because
the progression toward autonomy is highly uneven across the diverse landscape of
materials science and engineering. This domain comprises distinct task families, ranging
from purely informational tasks such as literature retrieval to physically demanding tasks
including experimental synthesis. Each family presents unique barriers in reasoning
complexity, tool integration, and safety constraints. This leads to a landscape where Al
capabilities vary drastically, extending from simple assistance in one domain to full

autonomous control in another.

To rigorously evaluate this heterogeneous progress, a simple catalog of individual models
or a binary classification of automated versus manual is insufficient. It fails to capture
the nuance between a passive predictive model and an active, reasoning agent. Therefore,
we advocate examining the field through a hierarchical taxonomy to map the varying
degrees of agent autonomy against specific materials science tasks. Such a framework
can provide a standardized metric to benchmark progress. This methodology identifies
not only where high autonomy has been achieved but also where critical gaps in

reasoning and integration remain.



Therefore, to capture the progressive evolution of agentic materials science and
engineering, we adopt the six-level hierarchy as shown in Figure 1. Similarly to the SAE
levels®® of driving automation, this framework describes a progression from full human
control to increasingly autonomous system behavior. Each level specifies a characteristic
combination of agent capabilities, human roles, and agent roles, together tracing the

transition from human-only execution to fully autonomous scientific discovery.

* Level 0 - Human-Only. The baseline state of traditional research. The human acts as

the sole executor, manually performing literature review, hypothesis formation, and

experimentation. The agent’s role is uninvolved yet.

« Level 1 - LLM-Assisted Analysis. Agent begins to play a purely supportive role in

scientific workflows, essentially acting as an intelligent research assistant or “copilot”
for human scientists. Agents at this stage help retrieve information, summarize literature,
and make simple predictions, but they do not take initiative or execute complex tasks
autonomously. These systems excel at parsing scientific text and extracting structured
knowledge!?!l. However, their contributions remain advisory: they can not yet plan multi-
step experiments or make independent decisions, and any insights they provide are

subject to human verification!??),

* Level 2 - Tool-Augmented Agent. Agents move beyond passive assistance and begin

to interact with external tools to accomplish scientific tasks. In this stage, the human
researcher still defines the overall goal, but the agent can independently execute subtasks
such as retrieving data, running simulations, or invoking domain-specific libraries
without requiring step-by-step direction. This tool-augmented paradigm allows the agent
to ground its reasoning in trusted computational resources, improving both reliability and
scope. While humans remain responsible for high-level validation, the agent can propose

plausible synthesis routes and predict properties by drawing on databases and simulators.

* Level 3 - Collaborative Planner. Agents act as “conditionally automated” scientific

assistants capable of autonomously planning multi-step tasks, though they still require

human oversight at key decision points. Researchers provide high-level goals, and the



agent uses chain-of-thought reasoning'®*!, long-term memory!**!, and tool invocation to

autonomously decompose the task and execute a series of actions.

* Level 4 - Autonomous Laboratory Agent. Agents at this level are not only capable

of autonomous planning but can also operate for extended periods while interacting with
real experimental environments. With minimal human intervention, they complete the
closed loop from experimental design to execution and data collection. The agent can
continuously maintain working memory, adjust experimental plans based on intermediate
results, and directly control laboratory instruments or invoke remote experimental
platforms (e.g., A-Lab!'®); lab orchestration software such as. ChemOS 2.01>5)). Humans
primarily act as high-level supervisors, stepping in only at milestone checkpoints or when

anomalies occur.

* Level 5 - Al Materials Scientist. This represents the ultimate vision of the “fully

autonomous” Al materials scientist. The agent can independently complete the entire
cycle of scientific research with virtually no human involvement: from formulating
original hypotheses to planning pathways, conducting physical experiments, and
summarizing discoveries. Human input is limited to broad thematic directions, and

research topics may even arise from the agent’s intrinsic “curiosity”.

Progress from Level 1 to Level 5 can be characterized by transformative transitions that

mark distinct expansions of capability and responsibility:

* Level 1>Level 2: Tool-Augmented Grounding. Agents advance from text-only

analysis to grounded tool use, anchoring reasoning in materials databases, calculators,

and simulators.

* Level 2—>1Level 3: Multi-Step Planning with Memory. Agents adopt persistent

contextual memory and decompose complex goals into executable plans to advance from
Level 2 to Level 3 autonomy, often through multi-agent planner-executor or generator-

critic structures.



* Level 3—Level 4: Multi-Task Coordination and Physical Closed-Loop Control.

Integration with robotics and instrumentation enables continuous operation across

synthesis and characterization, pushing agents to Level 4 autonomy in material research.

* Level 4-Level 5: Self-Reflection and Hypothesis-Driven Science. The envisioned

Level 5 “Al materials scientist” autonomously formulates testable hypotheses and

produces verifiable reasoning chains under audit and governance!26-28,

As summarized in Figure 1 (b), development is uneven across tasks: All the 5 tasks have
established up to Level 3. Synthesis and characterization have reached Level 4 prototype
status, as pioneering systems such as Coscientist!!”! ‘and AdaptiveXRD**) have
demonstrated closed-loop operation with real physical instrumentation and robotic
hardware. In contrast, knowledge-centric tasks (information retrieval and property
prediction) in systems such as AccelMat!*¥ and  MARSP!Y and simulation remain
exploratory at Level 4, as current systems operate exclusively in the digital domain
without verified physical execution. Figure 1 also serves as the organizational backbone
of this survey: Section 3 follows exactly this two-dimensional task-level matrix,

discussing each task family vertically across autonomy levels.
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Figure 1. Overview of the six-level hierarchy for agentic materials science and
engineering and its task mapping. (a) The progression from human-only workflows
(Level 0) to fully autonomous Al materials scientists (Level 5). (b) Achieved autonomy
levels across five core materials science tasks. Established: multiple independently
published systems have demonstrated the capability with reproducible methods;
Prototype: at least one published system has demonstrated the capability, but replication
and generalization remain limited; Exploratory: the capability has been partially
demonstrated in isolated or constrained settings, without full end-to-end validation;

Visionary: no existing system has yet demonstrated the capability, representing a long-

term research objective.

Prior surveys emphasize chemistry-centric model catalogs and case studies of LLMs and
agents?>*>34 Recent surveys provide complementary but different perspectives. The
AI4MS survey!®! mainly offers an inventory-style overview of foundation models for
materials science, with a task-driven taxonomy across six application areas, and a broad
summary of unimodal models, multimodal models, LLM agents, datasets, and tools. In
parallel, Li et al.’®) review the rise of Al agents in materials research, highlighting

advances in knowledge processing, structure design, and property calculation, and



discussing how tool use and experimental automation may support self-driving
laboratories and, eventually, end-to-end autonomous materials creation. In contrast, our
survey focuses on operationalizing autonomy!?” in a materials-grounded way: we
introduce a six-level autonomy framework and a two-dimensional task-level map
spanning the materials research workflow. We further specify per-level capability
requirements and toolchains, which serve as practical design targets for building

materials agents toward higher autonomy, with Level 5 as the long-term objective.

Our Contributions. We make the following contributions.

* A materials-science-grounded, six-level autonomy framework that characterizes the
progression from human-only workflows to highly autonomous scientific agents. By
defining explicit capability criteria, it clarifies the evolving division of labor between
human scientists and Al, laying the foundation for a future research paradigm defined by

seamless human-agent collaboration.

* A structured background that lays the research foundation for agentic materials
science, comprising three components: a comparative analysis of traditional human-
centered workflows and emerging agentic paradigms across the five core task families;
a review of domain-specific foundation models and their development paradigms; and a
synthesis of the open-source agentic infrastructure - that collectively defines the current

boundary of what can be agentized in materials research.

* A task-level matrix aligning autonomy levels with core materials tasks, revealing
uneven development across literature understanding, prediction, and design, simulation,

synthesis, and characterization, and identifying research directions.

* An analysis of key open challenges in agentic materials science, distinguishing
between cognition-centric limitations in digital reasoning tasks and execution-centric
limitations in physical experimental workflows. Based on this diagnosis, we propose
targeted research directions including physically grounded reasoning, active perception
for closed-loop experimentation, dynamic benchmarking, and safety and governance

frameworks, providing a practical roadmap toward higher levels of autonomy.



Paper Organization. The remainder of this survey is organized as follows. Section 2
lays the research foundation for agentic MSE from three angles: a comparison of
traditional human-centered and emerging agentic workflows across the five core task
families; a review of domain-specific foundation models and their development
paradigms; and a synthesis of the open-source agentic infrastructure that collectively
defines the current boundary of what can be agentized. Section 3 constitutes the
analytical core of the survey. Guided by the six-level autonomy framework, it examines
each of the five task families vertically across autonomy levels, revealing both the
maturity and the remaining gaps in each domain. Cross-task agents that integrate multiple
task families are discussed at the end of this section. Section 4 identifies current

challenges and proposes targeted research directions.

BACKGROUND: TASK OVERVIEW AND RESEARCH FOUNDATIONS

Key task families across materials science and engineering research

Before examining agentic systems at specific autonomy levels, we first establish the
research foundations upon which they are built. This section introduces the five core task
families that define the scope of materials science and engineering research, traces the
workflow transformation from human-centered to agentic paradigms, and reviews the
domain-specific foundation models and open-source infrastructure that collectively

enable agentic behavior.

To establish a consistent terminology for subsequent analysis, we formalize five
fundamental tasks that together represent the core of materials research. Each task
occupies a distinct position in the data-model-experiment cycle and serves as a target for

progressive agentic autonomy.

* Information Extraction and Hypothesis Generation focuses on extracting and

structuring scientific knowledge from literature, patents, and databases. It converts
unstructured textual, tabular, and graphical content into structured representations such
as entities, relations, and process-property mappings. Based on the organized knowledge,
agents generate scientifically grounded and testable hypotheses that guide downstream

modeling and experimentation.



*  Property Prediction and Design focuses on the learning of predictive relationships

among composition, structure, processing conditions, and resulting material properties.
It includes forward modeling for property estimation from known descriptors and inverse
design for discovering new materials that meet specified performance objectives while

ensuring thermodynamic stability and synthetic feasibility.

*  Simulation and Multi-Scale Modeling integrates computational methods that operate

across quantum, atomic, mesoscopic, and continuum scales. Its goal is to reproduce the
physical, chemical, and mechanical behaviors of materials, connect phenomena across
scales, and provide theoretical insights that complement and validate experimental

results.

*  Automated Experimental Synthesis addresses the autonomous planning, execution,
and optimization of synthesis workflows using robotic, microfluidic, or high-throughput
experimental systems. Agents select synthesis routes, control equipment, monitor
reactions in real time!'”!, and adjust parameters adaptively through feedback from
analytical measurements to achieve desired material outcomes with reproducibility and

safety.

* Characterization and Data Analysis involves the acquisition, preprocessing, and
interpretation of experimental data obtained from characterization instruments such as
XRD, XPS, SEM/TEM, and spectroscopy. It includes automated noise removal, feature
extraction, and quantitative identification of structural, compositional, and electronic
characteristics. Advanced systems further employ active learning to optimize

measurement strategies for maximal information gain.

From human-centered materials research to agentic workflows

Building upon the definitions above and the proposed autonomy framework, Figure 2
illustrates the fundamental transformation of materials science and engineering
workflows. This schematic contrasts the human-centric traditional approach (all
Subfigures (a) of Figure 2), characteristic of Level 0 and Level 1, with the emerging

agentic materials science and engineering research (all Subfigures (b) of Figure 2).



In prior materials science and engineering workflows, research tasks were mostly linear
and handled separately. As illustrated in the flow diagram on the left (all Subfigures (a)
of Figure 2), the human scientist acted as the only central processor who manually
defined the objectives, designed experiments, executed the protocols, and interpreted the
data. Feedback loops, such as the redesign of a synthesis recipe or the refinement of a
hypothesis, relied entirely on human intuition and manual intervention*’#!. This
bottleneck restricted the throughput of discovery and often disconnected high-level
reasoning from low-level execution. Similarly, in computational domains like simulation
and characterization, data processing software operated as passive utilities, requiring

continuous manual calibration and file manipulation.
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Figure 2. A comparative overview of materials research: traditional methods vs. agentic
approaches across five representative materials research tasks: (1) information extraction
and hypothesis generation, (2) property prediction and design, (3) simulation and multi-
scale modeling, (4) automated experimental synthesis, and (5) characterization and data
analysis. In each panel, the left side shows a conventional human-driven workflow, while
the right side illustrates an agentic alternative in which Al agents coordinate planning,

knowledge integration, tool invocation, and iterative analysis.



Central to the agentic paradigm is the shift from disjointed manual steps to unified
reasoning and planning. Here, agents serve as the orchestration core, actively perceiving
context to formulate multi-stage strategies. As demonstrated in the subfigures (b) of
Figure 2, the agent acts as a dynamic hub that seamlessly integrates external resources
ranging from Internet APIs and computational simulators to physical laboratory
instruments!!”-*), This transforms software tools and hardware into active modules under
agentic control. Most critically, this architecture establishes autonomous feedback loops.
Whether performing inverse design for property prediction or optimizing synthesis
parameters in real time, the system engages in iterative refinement. By analyzing output
data to automatically trigger redesigns or next step suggestions, the agentic workflow
closes the loop between decision making and execution, significantly reducing the need

for constant human oversight.

Foundation models for materials science and engineering agents

While autonomous agents coordinate workflows, make decisions, and interact with tools,
these actions ultimately depend on the expressive power and inductive biases of
underlying models. These models encode scientific knowledge, structure-property
relationships, and implicit physical constraints that shape how an agent interprets
information and takes actions. Before discussing agentic works within specific materials
science tasks, we therefore review the foundation models upon which agentic systems
are built. We first outline the distinct philosophies guiding the development of domain-
specific LLMs for materials science and engineering, and then summarize representative

models across key materials sub-domains.

Development paradigms of domain-specific LLMs

Efforts to adapt LLMs to materials science and engineering can be grouped into several
methodological families. Each family corresponds to a different view of how domain
specialization should be integrated into a general language model, and each yields

different trade-offs in model capability, generalization, and computational cost.

Continued Pretraining (CPT). Current available large language models are pretrained
on an extensive range of text corpora. To further develop generalized scientific priors in

a specific domain of interest, continued pretraining is one key approach. The established



LLMs will be exposed to vast corpora of scientific texts, databases, and structured
materials knowledge before being adapted to downstream tasks. Models like
MatSciBERT!*Y) and MatBERT*! follow this path. Specifically, MatSciBERT is a
materials-aware BERT model pretrained on a large, curated corpus (around 285M words)
of materials science and engineering literature and initialized from SciBERT. Using
RoBERTa-style*”! pretraining and domain-adaptive continuation, it achieves lower
validation perplexity and sets state-of-the-art results on three downstream tasks.
Compared to general-purpose pre-trained large language models, these studies!***! focus
on the fields of science, materials science, and engineering. They typically require
millions of domain-specific documents for the models to learn the statistical structure of
materials knowledge, including the composition-structure-property patterns, synthesis
terminology, and common experimental or theoretical narratives. The learned prior
knowledge is beneficial not only for natural language processing tasks but also for
intelligent agent applications, where the pre-trained models serve as the core of decision-

making and are integrated with simulation or experimental workflows.

Supervised Fine-Tuning (SFT). Since continuous pre-training methods require large
amounts of data, and some niche domains may lack such data, another strategy for
developing domain-specific large language models is supervised fine-tuning. Typically,
a curated, labelled dataset defined on specific downstream tasks will be collected, such
as property prediction[**], materials entity extraction*”), and reaction prediction'**]. Then,
this dataset will be used to fine-tune existing LLMs in a supervised manner. In the field
of materials science and engineering, supervised fine-tuning (SFT) is widely used to
endow models with specific task capabilities that cannot be effectively learned solely
from unlabeled corpora. Task-centric supervised fine-tuning has been applied to models
such as PolySeal*! and Stee]BERT!¢], enabling them to perform domain-specific tasks.
However, these models risk lacking generalization capabilities beyond the scope of

predefined tasks.

Reinforcement Learning (RL). Reinforcement learning has been prevailing in aligning
LLMs with specific preferences or human feedback. Also, it provides a more dynamic
paradigm for the decision-making and iterative reasoning demands of agentic materials

workflows. Specifically, the reward signals, including human preferences, rule-based



evaluators, or self-consistency critics, will be constructed in the RL framework to provide
rewards to any LLM outputs. By rewarding coherent and actionable reasoning, RL fine-
tuning helps LLMs to live up to the requirements of higher-level autonomy for agents

operating in closed-loop computational or experimental environments.

Sub-Domain Specialized Models

Table 1 presents an overview of key models created within various materials science
subfields. These models demonstrate the real-world applications of the described
philosophies and emphasize the diversity of methods throughout the discipline. It
included tailored models that incorporate priors for categories of materials, including
molecules*”#),  polymers!*>3%311 alloysl*®>2],  perovskites!>], batteries®], optical
materials®®®!, and catalysts®®!. These models are different from generalized LLMs that
seek to grasp a wide range of conceptual patterns but utilize specialized continued
pretraining or fine-tuning to capture the chemical, structural, and processing features
unique to each materials category. Consequently, these sub-domain LLMs provide more

robust results compared to generalist models in downstream applications.

In the context of agentic systems, these domain-specific priors make them appropriate
for incorporation into material science workflows. Depending on their functional role,
they may operate either in cognitive functions like decision-making, planning and
reasoning, or serving as execution tools like property predictors, structure analyzer, or
simulation surrogates. Based on this distinction, we categorize the domain-specific
LLMs in Table 1 into “Core Models” and “Agentic Tools” to better reflect their potential

roles within agentic systems.

Table 1. Representative sub-domain specialized LLMs in materials science and

engineering
Sub- Data Agentic
Model Approach Modalities
domain Scale Usage
MatSciBE 3.45B Core
General CPT Text
RTM Words Models
MaterialB 8.4M Core
General CPT Text

ERTI Entries Models




MatterCha
{(57]
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ChatB3!

LLaMat-
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TransPoly
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Crystal
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Molecules

Molecules

Molecules

Polymers

Polymers

Polymers

Alloys

Alloys

Perovskite
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Battery

Materials

Pretrain +

SFT

CPT + SFT

CPT + SFT

Pretrain

SFT + RL

Pretrain +

SFT + RL

SFT

SFT

SFT
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1K
Samples
4.4M
Tokens
3.3B

Tokens

Text

Molecular

Text

Text + CIF

Text + CIF

Text
Molecular
Text
Molecular
Text
Molecular
Image
Text
Molecular
Text

Molecular
Molecular

Text

Molecular

Text + Tables

Text

Text

Text

Agentic
Tools
Core

Models

Agentic

Tools

Agentic

Tools

Agentic
Tools
Agentic

Tools

Agentic

Tools

Core
Models
Core
Models
Agentic
Tools
Agentic
Tools
Core
Models
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Tools
Core
Models
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CPT: Continued Pretraining; SFT: Supervised Fine-Tuning; RL: Reinforcement Learning.
Core Models: models that may participate in reasoning and decision-making within

agentic systems. Agentic Tools: models that may be invoked to execute specific tasks.

Agentic infrastructures for material science

Beyond domain-specific models, recent progress in agentic materials science and
engineering also depends on a broader infrastructure layer that supports information
access, state tracking, planning, execution, and evaluation. Most of these open-source
resources are not agentic by themselves. Instead, as shown in Table 2, they provide
callable components that LLM-based agents can invoke and coordinate to build scientific
workflows. Importantly, these infrastructures do more than support engineering
integration: they also instantiate the core mechanisms that make agentic scientific
workflows possible, including retrieval and grounding, memory persistence, task
decomposition, tool routing, execution control, and feedback-driven correction. In this
sense, they externalize recurring steps in materials research into reusable computational
modules and define much of what can be agentized with current infrastructure. Table 2
summarizes representative resources together with the scientific roles they support across

knowledge, planning, execution, and evaluation.

Table 2. Representative resources supporting core functional components of agentic

materials science and engineering

Resource Representative Tools or Scientific Role in Materials

Category Platforms Research

Materials  Project!®”), Materials '
Knowledge Retrieval & Structured

Cloud!®", NOMADI62,
Knowledge / Scientific Data Hub
AFLOW!®!
Memory
MatK G4, MGED-KG!®!  Materials knowledge graphs &

MeKG!%] Entity-relation storage




MongoDB!®"], PostgreSQL!®®]
EMMOL®], ONTORULE!",
SLACKS!!

FAISS[?L Milvus!”, Qdrant!”],

Weaviatel””!

Data storage
Domain ontologies

Semantic  Storage &  Vector

Similarity Search

Neo4j’®),  RDFLib!"",  Letta
Graph-based knowledge storage
(MemGPT)"8]
Llamalndex["), Haystack!®, Retrieval-augmented document
SerpAPIB! search
. LangChain®?, LangGraph®®!, Agentic - Orchestration & Logic
Decision  / )
' AutoGen®*, CrewAI®>] Workflow Construction
Planning
ReAct®/Reflexion!®”) Role-based multi-agent planning
Fireworks[®®!, AiiDAB
Simmate!®], Colmenal®!l Simulation workflow engines
pymatgen!®?

Execution /

VASPP3, Quantum Espressol®*!,
ABINITP®, GPAWDPSI

Simulation engines & Python

interfaces for DFT

et LAMMPSP7], GROMACS®® Molecular Dynamics & Interatomic
ction
OpenMMP?! Models
PyVISAI'®,  ‘RoboRXNII!, ‘ _
Automated experiment execution
PyLabRobot!!%
) Workflow scheduling and
Pydantic-AIH®! _
automation
MatSciBench!!%, MSQAII

Evaluation /

Feedback

MatTools! %],
MatBench
RxnBench!!%), SDE!!0] SFE(!!]
LangSmith!!!'2], OpenAl Evals!!!3],
Ragas!!!4l

ALDBench!'%7],

Discovey!%!,

Domain benchmarks

General Evaluation Frameworks

and Platforms

Knowledge and Memory. Materials science research depends heavily on the scientific

literature and diverse data resources including materials databases, simulation outputs,

and experimental records. Researchers often need to review extensive papers, database



entries, and experimental records to summarize existing findings and to identify material

s!'13] Agent-based systems require not only access to

systems and key parameter
information, but also mechanisms for grounding their decisions in structured scientific
evidence. In practice, this ability is enabled by a combination of retrieval-augmented
generation, semantic similarity search, graph-based relation storage, and memory
modules that preserve intermediate findings across workflow steps. For example, agents
may retrieve structures, properties, phase stability data, or prior computational results

from resources such as Materials Project!® and Materials Cloud!®"), and then store

relevant constraints or candidate information for later reasoning!®*®¥. More broadly,

[72-75 69-71

vector databases!’>”*), knowledge graphs!®*%®!, and ontology systems!**’!), and general-
purpose data storage solutions such as MongoDB!”! and PostgreSQL!®®] help connect
scientific entities, conditions, and relations across different sources. These mechanisms
are important because materials workflows often require agents to accumulate evidence
across multiple documents and data modalities rather than rely on a single query or static

76-81] are summarized in the Table 2.

context. Other commonly used tools!
Decision and Planning. In agent-driven materials research, a key challenge is to turn a
broad scientific goal into a clear sequence of steps, and to keep the workflow consistent
as new results appear. Agents must translate open-ended goals, such as identifying stable
candidate materials or proposing conditions, into tractable substeps; maintain workflow
state as new evidence appears; and revise plans when intermediate results are invalid,
incomplete, or scientifically uninformative. These capabilities are commonly supported
by mechanisms such as task decomposition, graph-structured workflow control, tool
routing, reflection, and role-based multi-agent coordination. Frameworks such as
LangChain!®* and LangGraph!®3! support this process by providing building blocks to
design multi-step agent workflows, connect external tools (such as databases, search, and
code execution), and manage the flow of information between steps. They also help
coordinate multiple roles or agents, so that tasks like literature search, data analysis, and
result checking can be organized into a single pipeline. Beyond orchestration frameworks,
the reasoning algorithms underlying these agents are equally important. ReAct®® allows
agents to interleave reasoning and tool use across workflow steps, so that they can
gradually refine hypotheses based on external evidence and execution feedback.
Reflexion®”! further adds a self-reflection step, in which agents use feedback from earlier

failures to improve later decisions. This is particularly useful in multi-step materials



workflows, where early errors in candidate selection, parameter setting, or intermediate

result interpretation may affect later stages. Table 2 provides additional tools®+83],

Execution and Actions. After planning, agents also need reliable mechanisms to execute
actions and obtain scientifically meaningful feedback from the environment. In materials
workflows, execution is not limited to calling generic APIs; it often requires
parameterizing simulations, launching structured workflows, managing intermediate
artifacts, and coupling language-level reasoning with numerical or experimental engines.
Workflow managers and execution interfaces allow agents to organize jobs, pass
structured inputs, monitor execution status, and collect outputs for downstream reasoning.

88-92

They can also call common simulation codes!®?], ab initio calculations!®>-*%], molecular

dynamics®’®?!, and material screening tools!!%%-103],

Evaluation and Benchmarking. Existing evaluation practices for scientific LLMs and

agents span a spectrum from static, capability-unit benchmarks (e.g., domain QA[!4-106]

1071 to workflow-level assessments that test multi-step planning and

materials synthesis!
tool use, and finally to realistic multimodal settings that require cross-document
reasoning. Recently, several new benchmarks have further expanded this landscape,
including scenario and project grounded evaluation for discovery workflows!!]
hierarchical multimodal evaluation from localized perception to full document
synthesis!?®!1% cognition-oriented multimodal evaluation that decomposes scientific
capability into perception, attribute understanding, and comparative reasoning across raw

111

scientific data and multiple disciplines!''!] and prospective, discovery oriented evaluation

for stability screening with task relevant decision metrics!!%®!

, offering transferable
principles for next generation benchmarking in agentic materials science and engineering.
General evaluation and observability frameworks are also increasingly used to assess

121 provides

LLM and agent systems beyond domain-specific benchmarks. LangSmith
tracing, observability, and experiment-level evaluation for LLM applications and Al
agents. OpenAl Evals!!'¥l offers a general framework for testing whether model outputs
satisfy task-specific criteria, and is widely used for systematic evaluation and model
comparison. Ragas!!'*l complements these platforms with metric-driven evaluation

workflows, particularly for RAG and agentic applications, including reusable metrics

and evaluation pipelines.



THE HIERARCHY OF AUTONOMY IN MATERIALS SCIENCE AGENTS

As discussed in previous sections, we focus on five key tasks in materials science and
engineering research: literature retrieval and hypothesis generation, property prediction
and design, simulation and multi-scale modeling, automated experimental synthesis, and
characterization and data analysis. These tasks are selected to span the full spectrum of
materials research, from abstract knowledge reasoning to concrete physical realization.
Collectively, they capture how information flows through the research and development
pipeline, where hypotheses are formed from literature, tested through simulations,

verified in experiments, and interpreted through characterization and data analysis.

Each task offers a distinct perspective for examining the advancement of agentic
materials science and engineering. Crucially, the progression of autonomy is not uniform
across these domains. Within the same task, systems can operate at different levels of
autonomy - from simple assistants that conceptually interact with humans (Level 1) to
agents capable of multi-step planning or feedback-guided execution (Level 3 - 4). For
example, in experimental synthesis, some systems still act as assistants that suggest
procedures or parameters!''®!, while others already integrate planning with tool use and
long-running execution, approaching higherautonomy through closed-loop operation!!!”],
Notably, as agents reach higher autonomy levels, the boundaries between tasks often
become less clear. More advanced systems may span multiple tasks at once and shift
from a single-task view to a more system-level view. We discuss this in detail in the

following sections.

This framework facilitates a dual analysis: horizontally across distinct tasks and
vertically across levels of autonomy, revealing both the disparities and synergies in
current progress. Tasks that are cognitively intensive yet computationally tractable - such
as text mining or property prediction - have achieved greater maturity, whereas
experiment-centric tasks continue to face bottlenecks regarding robotics integration and
safety control. By intersecting these dimensions, we establish a task-level view of
autonomy: for each domain, we define its role, the current state of agentic systems, and
the highest level of autonomy practically demonstrated to date. The following

subsections discuss these tasks in detail.



Information extraction and hypothesis generation

Materials science and engineering possess a vast corpus of scientific literature, yet
turning this unstructured text into structured datasets and actionable knowledge remains
a significant challenge. Information extraction (IE) tools are crucial for mining materials,
properties, synthesis conditions, and performance metrics to build the databases that
accelerate materials design and understanding!!'®!"”], Recent advances in NLP, from

domain-tuned language models”! to multi-agent systemsl'?%!12!]

, are pushing the
progress of information extraction beyond simple data gathering towards active
hypothesis generation for new materials and experiments®*). In this section, we examine
the evolution of these capabilities, classifying systems by their level of autonomy in
transforming raw text into novel scientific directions. We summarize representative
systems for this task in Table 3, including a brief comparison of their autonomy level,
multi-agent setting, closed-loop capability, equipment integration, and open-source

availability. Similar summary tables are provided for each task in the following sections,

and we do not repeat this note thereafter.

Level 1. Research at Level 1 focuses on automating specific, labor-intensive tasks within
the scientific workflow, particularly information extraction and the construction of
structured knowledge bases from unstructured literature. These systems act as intelligent
assistants, parsing vast amounts of text to provide structured data that humans or
downstream models can utilize. Early foundational efforts relied on rule-based systems
and statistical pipelines. Tools like ChemicalTagger!'?*! utilize grammar-based parsing to
identify chemical action phrases, while ChemDataExtractor!?*!>41 combines part-of-
speech tagging with rule-based logic to resolve interdependencies between text and
tables for precise entity extraction. Subsequent approaches integrated deep learning to
scale these capabilities. Mat2Vec!!?! demonstrates that unsupervised word embeddings
could capture latent chemical knowledge to predict future materials, a concept expanded
by Materials NER!'?%] to mine inorganic materials from millions of abstracts. To address
data scarcity in specialized domains like superalloys, semi-supervised frameworks!!!’!
such as Action_extractor''?’! are developed, with SFBC!'?% further refining accuracy by

combining dynamic and static embeddings.



These extraction efforts evolve into the construction of semantic Knowledge Graphs
(KGs) and the integration of LLMs. Systems like MatKG!**) and MGED-K G/ integrate
entities into semantically linked networks, while MOF-KG!'?°! adds an LLM-powered
interface for natural language querying. Concurrently, LLMs revolutionize extraction
flexibility: Dunn et al.l'*% utilize fine-tuned models for joint entity-relation extraction,
while MaTableGPT!'*! and Silva et al.['*?] leverage advanced serialization strategies to

extract complex synthesis protocols and tabular data with high precision.

Level 2. Level 2 agents distinguish themselves by augmenting textual analysis with
external tools and domain-specific knowledge, enabling robust, context-aware data
curation. Unlike Level 1 systems that rely solely on pattern recognition within text, these
agents can actively query databases, invoke APIs, or utilize specialized modules to
validate and refine extracted information, thereby transforming static extraction into a
dynamic, verified process. HoneyBee!!*¥], an LLM progressively instruction-tuned for
materials science and engineering, exemplifies this by generating trustworthy instruction
data via MatSci-Instruct to execute domain-specific tasks with higher fidelity than
general-purpose models. Building on this, HoneyComb!'¥ integrates a high-quality
knowledge base (MatSciKB) with a sophisticated tool hub (7oolHub). It employs an
inductive tool construction method to generate and refine API tools, allowing the agent
to adaptively select and utilize appropriate tools for complex queries, thereby bridging
the gap between static knowledge and dynamic tool execution. Furthermore, Eunomiat!?
represents an agent-based framework where LLMs autonomously create structured
datasets from literature and derive design guidelines. These systems showcase Level 2
autonomy by orchestrating the flow from raw text to actionable insight through tool use,

though they remain single-agent planners.

Level 3. Level 3 agents transcend the execution of predefined workflows, exhibiting
advanced capabilities in reasoning, planning, and the generation of novel scientific
hypotheses. Operating as collaborative planners, they often employ multi-agent
architectures to explore vast knowledge spaces. Liu et al.l'?! demonstrated that LLMs
coupled with prompt engineering can generate valid materials design hypotheses that
extend beyond the explicit knowledge of human designers. By integrating diverse
scientific principles, the model successfully proposed novel high-entropy alloys and

halide solid electrolytes, which were subsequently validated by recent literature.



Advancing the multi-agent paradigm, SciAgents!!?!! automates discovery through
intelligent graph reasoning. It employs a suite of specialized agents (e.g., Ontologist,
Scientist, Critic) that interact with an ontological knowledge graph to reveal hidden
interdisciplinary relationships, generating hypotheses with a precision that surpasses
traditional methods. Furthermore, SciMON!3# ensures the novelty of these hypotheses
by retrieving “inspirations” from past literature and iteratively comparing generated ideas
against prior work, addressing the common issue of low technical novelty in standard

LLM outputs.

Exploration of Level 4. Research at Level 4 bridges the gap between digital hypothesis
generation and physical execution, focusing on actionable experimental planning under
real-world constraints. These agents are characterized by their ability to perform
constraint-aware planning and integrate quantitative data to refine feasibility. Several
recent studies have begun to explore the transition toward Level 4 autonomy. AccelMat*"!
introduced a goal-driven and constraint-guided LLM agent framework designed to
generate viable hypotheses for materials discovery under specific real-world constraints.
Utilizing a curated novel dataset from recent publications that includes explicit design
goals and constraints (e.g., cost, equipment availability), it presents effectiveness in
planning synthesis routes and experimental procedures that are not only scientifically
plausible but also practically feasible. This moves beyond abstract hypothesis generation

(135] takes a further step by not only generating

to actionable experimental planning. PriM
principle-guided hypotheses through multi-agent collaboration but also validating them
within a surrogate-model-based virtual laboratory. Although the experimental loop
remains digital, this moves beyond static planning toward automated hypothesis-

validation workflows that approximate physical closed-loop execution.

Vision for Level 5. While Level 4 agents demonstrate advanced planning and partial
closed-loop capabilities, significant challenges remain in realizing fully autonomous
discovery, positioning Level 5 primarily as a visionary goal. The primary barrier is the
lack of continuous physical grounding. Current advanced agents operate predominantly
within a digital hypothesis space and lack direct interfaces to control physical
experiments or robotic platforms. Furthermore, while systems like those proposed by

AccelMati®” and PriM!'*] incorporate principle-guided reasoning and simulated



validation, they operate without an active learning loop that autonomously requests

experiments to resolve uncertainties. A true Level 5 “Al Scientist” operates as a peer to

human researchers, capable of identifying gaps in current theory, formulating original

hypotheses, and managing the entire lifecycle of validation without human intervention.

Future research should focus on integrating these reasoning engines with automated

laboratory hardware (e.g., self-driving labs®*”:13¢]) to create a truly closed-loop system

where hypotheses are continuously tested and refined against physical reality.

Table 3. Representative Systems for Information Extraction and Hypothesis

Generation Notes: v = present; X = absent; A= partial or simulated integration

Multi Close =Equipme Agent
Autono Open
Yea - d- nt ic
Methods my Sourc
r Agen Loop Integratio Syste
Level e?
t? ¢ n? m
ChemicalTagger!'? 201
N L1 X X X v X
1
ChemDataExtracto 201
o Ll X- X X A X
r 6
201
Mat2Vecl?! 0 L1 X X X v X
201
Materials NER[2°] L1 X X A v X
202
Dunn et al.l13% 5 L1 X X X X X
202
Yan et al.l'"’] p L1 X X X v X
Action_extractor!'? 202
) L1 X X X v X
3
202
SFBC!2¥ ; L1 X X X v X
202
MatK G4 L1 X X X v X




202

MGED-KG!%! A L1 X X X v X
202

MOF-KG!'#] . L1 X X X v X
202

Silva et al.!'3?] A L1 X X X X X
202

MaTableGPT!3! S L1 X X X v X
202

HoneyBee! ! 3 L2 X X X v X
202

HoneyComb!'“! A L2 X X X X v
202

Eunomial!?! A L2 X A X V4 V4
202

SciMONU34] A L3 v A X Vv A
202

Liu et al.[?% 5 L3 V4 v X X A
202

SciAgents!!2!] 5 L3 v v A v v
202

AccelMat*¥! 5 L4 v v X V4 V4
202

PriM!133] 5 L4 v Vv X v v

Property prediction and design

Advances in Al-driven property prediction and materials design are transforming how
researchers discover and optimize new materials. Accurately predicting a material's
properties or inversely designing materials with desired characteristics is crucial for
accelerating the development of technologies in energy, electronics, catalysis, and related
fields®7). Traditionally, property prediction relied on experimental measurements or
physics-based simulations, while inverse design was often a laborious trial-and-error

process. Today, LLM-based agents are emerging as powerful tools to address these



challenges. This section examines approaches for forward prediction and inverse design,
structured according to the ascending levels of agent autonomy they exhibit, as

summarized in Table 4.

Level 1. At the foundational Level 1, agents function as assistive tools for information
retrieval and analysis in property prediction and design. Early systems like
ChemDataExtractor!!?*! utilized rule-based methods to parse scientific texts. More recent
approaches, such as LLM-Prop!*), leverage natural language descriptions of crystals to
predict properties, while AlloyBERT®? predicts alloy properties from human-readable
text. Advanced systems like MatterChat®”! and LLM-Fusion!'*”] can integrate
multimodal inputs (text, structure, fingerprints) to engage in complex dialogue and
analysis. However, these systems remain passive, requiring users to direct all actions,
demonstrating Level 1 autonomy by assisting in property prediction and design tasks,
but lack capabilities for autonomous planning, tool invocation, or integration to

experimental equipment and closed-loop functionality.

Level 2. At Level 2, agents are expected to advance to acquire the ability to invoke
external computational or simulation tools, evolving from passive assistants to active

1381 which can

implementers. A representative example is'ChatGPT Material Explorer!
autonomously search materials databases and execute GNN-based property predictors in
response to natural language queries. This Level 2 paradigm relies on a robust toolbox

of specialized computational models for property prediction and design:

*  Forward Prediction Tools: These tools span composition-input predictors such as
CrabNet!'*] ElemNet!!*%, and Roost!'"*!); structure-input models such as MoMal!#?]
Crystalformer!'*}], and other crystal-graph architectures!!*+14] and emerging text-input
predictors capable of inferring properties directly from natural-language descriptions of
materials like PolyBERT!®Y. Together, these established models provide a unified
computational substrate for agents to rapidly evaluate candidates from structure or

composition to the property of interest.

* Generative Design Tools: These tools include early generative models like

Crystal GAN!"*"1 and MolGPT!!'*¥] that demonstrated the feasibility of generative



modeling for crystalline and molecular systems, respectively, and highly advanced, goal-
conditioned generators!'*”) such as PLalD++"% and MatterGENI'>Y, which uses

preference optimization to generate stable crystals meeting specific criteria.

* In-Silico Optimization Loops: The most advanced Level 2 workflows chain these
tools into autonomous computational loops. For example, the deep RL agent by Pan et
al.l'% autonomously explores chemical space in simulation to discover compounds.
Similarly, the “deep dreaming” approach for MOFs!!33] integrates a generator and
predictor into a self-contained in-silico closed loop to iteratively optimize structures.
Sequential optimization strategies such as Bayesian optimization!!>*, when integrated
with forward property predictors, offer an additional route to efficient in-silico search by

guiding exploration toward high-performing regions of vast design spaces.

These tool-augmented agents can execute complex, multi-step computational tasks.
While systems like the RL agent exhibit a form of in-silico closed-loop behavior, they
remain at Level 2 as they operate as single-agent systems without physical equipment

integration.

Level 3. Level 3 is characterized by autonomous orchestration, where multiple role-
specialized agents work together as a planning team for property prediction and design.
Rep-CodeGen!'>*! is a representative example: a team of LLM agents iteratively writes,
tests, and refines Python code to generate new material representations, and this closed-
loop collaboration can discover representation schemes that improve property prediction
accuracy. This marks a clear shift from a single tool-using agent (Level 2) to multi-agent
collaboration on a longer workflow. Beyond code-centered pipelines, SparksMatter!!>®)
further illustrates Level 3 behavior at the task level. When given a high-level goal such
as “design a soft semiconductor material”, its planner agent can identify that the request
implies multiple sub-tasks and organize the workflow accordingly. Moreover, during
prediction, the agent does not only output a numeric value; it can also use chain-of-
thought style reasoning to explain why a prediction is made and what factors drive the
result, improving interpretability for downstream design decisions. Overall, Level 3

systems can form closed loops within the computational domain, but they still remain



purely in silico without direct integration with laboratory hardware for physical

experimentation.

Exploration of Level 4 and Level 5. The latter stages, Level 4 and Level 5, require
linking autonomous computational planning with physical experimentation, and
eventually with scientific problem finding and validation. A key step from Level 3 to
Level 4 is to move beyond in silico optimization and achieve physical closed-loop control
by integrating agents with robotic lab platforms such as A-Lab!!8) or ChemOS 2.0/, In
the property prediction and design setting, recent systems such as MARSE! begin to
explore this direction by combining knowledge-grounded reasoning (e.g., hybrid RAG
over domain literature) with tool-based analysis and coordinated execution, so that
predictions and decisions can be updated using real experimental feedback rather than
remaining purely digital. Looking toward Level 5, agents should be able to select
appropriate design and prediction strategies on their-own and connect them with full
experiment-compute validation loops, so that inverse design goals can be solved end-to-
end with minimal human input. Achieving this level will require robust integration across
tools and instruments, reliable closed-loop lab control, and multi-step reasoning that

remains stable under real-world uncertainty.

Table 4. Representative Systems for Property Prediction and Design. Notes: v =

present; X = absent; A= partial or simulated integration
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ChatGPT
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L3 v v X v v
CodeGen!'> 5
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L3 v v A v v
56] 5
202
MARSE! ) L4 v v v v v

Simulation and multi-scale modeling

In materials science and engineering, simulation is a crucial tool for designing new
materials, validating conceptual hypothesis and understanding material behaviors.
Typical material simulation workflows can be classified into quantum mechanical
calculations, atomistic simulations, mesoscale simulations, and continuum simulations.
Traditionally (Level 0), these workflows required extensive manual effort: researchers
had to construct simulation models by hand, tune assumptions and boundary conditions,
select and calibrate parameters, and repeatedly debug numerical instabilities or
convergence failures. Furthermore, bridging multiple scales posed additional challenges,
as quantum, atomistic, and continuum simulations operate under different physical
assumptions, resolution limits, and computational costs, making their integration into a
coherent pipeline both time-consuming and prone to mistakes. In recent years, data-
driven machine learning models and autonomous agents have begun to augment this
paradigm, creating a new ecosystem of powerful computational tools and automated

workflows. Representative systems for material simulations are summarized in Table 5.

Level 1. At Level 1 autonomy, agents assist researchers by automating routine
preprocessing tasks upon human requests. One of the foundations of agentic material
simulations is the automated material calculation frameworks including ASE!57,
FireWorks!®, AiiDA®], These frameworks lay the groundwork for workflow definition
and automation in material computations from Density Functional Theory (DFT),
Molecular Dynamics (MD), to Finite Element Analysis (FEA). LLM-based agents then

assisted with basic steps such as generating input files!!*®], validating structural data,



selecting relevant simulation parameters, or retrieving prior results from databases - thus
reducing the cognitive load associated with manual model setup!'*”. By handling these
preparatory and post-processing steps, these Level 1 agents reduce the manual drudgery
and cognitive load associated with model setup, allowing researchers to focus on higher-

level scientific questions.

Another foundational direction in applying Al to materials simulations is the use of deep
learning models as surrogate solvers to replace computationally expensive physical
calculations. Across quantum, atomistic, mesoscale, and continuum regimes, these
models learn high-fidelity approximations to energies, forces, or field solutions, enabling
orders-of-magnitude acceleration compared with first-principles or numerical solvers. A
representative example is the development of Machine Learning Interatomic Potentials
(MLIPs), which bridge quantum and atomistic simulations by learning energy and force
mappings from electronic-structure data. The predictive performance of MLIPs has been
significantly improved by explicitly incorporating physical symmetries and

160-162] Moving toward more general-purpose large-scale atomistic modeling,

constraints!
universal potentials have been proposed to span broader chemical and physical
domains!!'%3-1%6] Another example is the application of physics-informed neural networks
(PINNs) or neural PDE models in solving governing equations in mesoscale and

continuum simulations!!¢7-1681,

While these works substantially improve computational efficiency and scalability, they
remain passive components within the simulation pipeline, leaving the choice of
simulation boundaries and the decision on simulation scale to human researchers.
Therefore, these works are primarily categorized as Level 1 automation that automates

or accelerates specific execution, which lay the foundation of subsequent agentic systems.

Level 2. At Level 2, agents transition from passive analysis to active engagement with
the scientific toolkit. While humans still define the overarching goals, these agents can
independently invoke external tools such as electronic structure codes, molecular
dynamics engines, materials databases, and analysis libraries to execute intermediate
tasks. LLLMs at this level act as a control layer that interprets high-level scientific intent
and dynamically decides which computational tools to call, in what sequence, and with

what inputs. This “Tool-Augmented” paradigm grounds the LLM's reasoning in rigorous



computational engines, overcoming the hallucination limitations of pure language

models.

For example, MDCrow!'®”! operates on Level 2 autonomy by letting an LLM
dynamically select and sequence MD tool calls like solvation, OpenMM execution, and
MDTraj analyses under high-level user objectives. These MD-related basic simulation
workflows were wrapped in an agentic toolset serving the objective in autonomously
executing MD simulations to explore biochemical design space. The LLM serves as a
chatting interface to coordinating, automating, and summarizing simulation steps.
Similarly, MDAgents!!”" employs a fine-tuned LLM to generate, validate, and execute
MD simulation scripts, with simple feedback loops that allow the agent to iteratively
correct syntax errors or adjust simulation settings based on runtime feedback. Despite
these advances, decision-making at Level 2 remains task oriented. This limitation
motivates the transition to Level 3 autonomy, where agents begin to plan and orchestrate

multi-step simulation campaigns with minimal human intervention.

Level 3. Level 3 marks the emergence of autonomous orchestration, where multi-agent
systems plan and execute complex ‘simulation workflows with minimal human
intervention. DREAMS!*! exemplifies this with a hierarchical multi-agent framework
that autonomously carries out sequences of DFT calculations. Similarly, El Agentel!”!]

(172] leverage cooperating LLM agents to translate high-level natural

and MooseAgent
language goals into concrete quantum chemistry or multiphysics simulation tasks,
handling execution and error monitoring. AtomAgents!’*) introduced a physics-aware,
multi-modal multi-agent architecture tailored for alloy design and discovery with
multiple specialized agents collaboratively orchestrating atomistic simulations, code
execution, and multimodal result analysis. By functioning as collaborative in silico
planners, these systems decompose complex computational goals and coordinate

specialized agents to achieve them, often operating in a closed-loop within the simulation

environment.

Conceptually, the tool usage can further span across different simulation scales instead
of just using single simulation tools under the autonomous orchestration. The

development of cross-scale simulation methods accelerated by Al, mentioned in Level 1,



can be invoked to form a practical simulation-based pipeline for material design and
engineering. In this context, MatSciAgent!!’# represents a distinctive realization of Level
3 autonomy by unifying cross-scale materials simulation tasks within a modular multi-
agent orchestration framework. Unlike systems that focus on coordinating a single class
of simulation tools, MatSciAgent adopts a master-worker architecture in which a central
agent interprets high-level natural-language requests, identifies the underlying task type,
and delegates execution to specialized task-specific agents.

As a result, agentic systems for simulation tasks at Level 3 will be capable of carrying
out typical multi-scale material simulation workflows given high-level requests by
coordinating tool usage and making decisive adjustments. However, despite their
advanced planning capabilities, these systems remain confined to the digital realm,

lacking a direct interface with the physical world.

Exploration of Level 4 and Level 5. Although Level 3 systems mainly operate inside
the digital simulation environment, several recent works have begun to explore Level 4
behaviors. As discussed above, systems such.as DREAMS!!¥! and AtomAgents!!”?! not
only plan multi-step simulation workflows but also begin to handle long-running
execution with monitoring and iterative adjustment of the workflow based on

intermediate results.

The key step toward Level 4 in simulation and multi-scale modeling is, therefore, not
only better planning, but also closing the loop with the physical world. This requires
coupling simulation agents with laboratory automation so that experimental
measurements can be used to update model assumptions, parameters, and even the choice
of simulation method, and the next round of simulations can be scheduled and executed
with minimal human intervention. In such a setting, the agent becomes a controller of an

(1591731 T evel 5 extends

experiment--simulation loop, rather than a simulator-only planner
this idea to full autonomous scientific discovery, where the agent can connect multi-scale
modeling with experimental evidence at the level of scientific reasoning!!’>!. When
persistent gaps appear between prediction and observation, a Level 5 agent should be
able to propose a plausible physical explanation, design an integrated simulation--
experiment campaign to test it, and revise its models and hypotheses based on the

outcomes. While this remains a long-term goal, it captures the ultimate fusion of

computation and experimentation for autonomous materials discovery.



Table 5. Representative Systems for Simulation and Multi-scale Modeling. Notes:

v = present; X = absent; A= partial or simulated integration

Multi Equipmen Agenti
Close Open
Yea Autono - t c
Methods d- Source
r my Level Agent Integratio Syste
Loop? ?
? n? m
202
NequlP!'¢!! ) L1 X X X X X
202
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202
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202
MDAgent!! 70! 5 L2 X A X v v
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L3 v A X v v
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72] 5
MatSciAgent!! 202
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Automated experimental synthesis



The experimental synthesis and characterization of new materials is the most critical step
in the material science and engineering research pipeline. It is also the most important
method to validate the previous property prediction and simulation results. The advent
of self-driving laboratories (SDLs) is redefining how materials are discovered and tested
experimentally, moving experimentation from traditional manual work (Level 0) to

(1761 By integrating with robotics, these platforms

autonomous, closed-loop operation
may have the potential to iteratively plan and execute experiments with minimal human
input, accelerating discovery and enhancing reproducibility. Recent developments in
intelligent Al systems integrated with automated fabrication platforms enable closed-
loop optimization of synthesis conditions and materials processing. Representative

systems and their capabilities in experimental synthesis are summarized in Table 6.

Level 1. Level 1 autonomy focuses on establishing a knowledge-grounded Al system to
assist physical synthesis that humans can interact with and acquire guidance on
experimental design and optimization. This stage involves LLM-assisted analysis, where
text-mining systems such as MatScIE!'”7"and MatNexus!'”® extract critical data from
scientific literature or manuals. These systems convert unstructured descriptive text into
structured, queryable databases of materials and synthesis protocols. Similarly, LLMs
are also integrated into electronic experimental notebooks!! 7 to facilitate the digitization

of everyday material experiments. Some preliminary work also utilizes the generative

[180 [59]

nature of LLMs to directly predict synthesis paths for inorganic!'®®! and organic
materials. These efforts reduce the burden on experimentalists by enabling rapid retrieval
of protocols, identification of relevant control variables, and generation of hypothesis-
driven suggestions for synthesis conditions, and aiming for the transformation from
experience-oriented experimental knowledge to machine-readable and reusable
representations to improve efficiency and reproducibility. However, Level 1 level
systems remain advisory and lack independent planning capabilities or the ability to

invoke external tools.

Level 2. Building upon the knowledge-grounded LLM systems, Level 2 agents function
as “digital chemists” by invoking external computational tools for experimental planning.
In this level of autonomy, the LLM-based agentic systems not just rely on their prior
knowledge in the pretraining step and prompts, but also invoke external information

source or capabilities to assist the experiment design for material fabrication and



synthesis optimization. For example, active learning based methods can function as an
external tool for the material fabrication parameter optimization''®! or combine Bayesian
optimization with LLM to enhance contextual optimization!!8?"!83] For the synthesis path
prediction, advanced LLMs demonstrate significant competence in predicting reaction

[186

outcomes and retrosynthetic routes!!®%, External knowledge systems can be applied to

(1871 This capability is further enhanced by

enhance the synthesis route prediction
specialized models, such as the Conditional Graph Logic Network (GLN) for
retrosynthesis!!'®! and graph-based networks for predicting solid-state synthesis

[188] " Additionally, data-driven models can emulate human decision-making to

routes
recommend precursors!!%’] while AI co-pilots like CRISPR-GPT!®*"! automate complex
experimental designs. Level 2 agents are thus capable of complex computational
planning and analysis, yet they remain single-agent systems without multi-step planning

or closed-loop hardware control.

Level 3. Level 3 advances to multi-agent coordination, where specialized agents manage
in silico workflows akin to a human research group. These works signify the
decomposition of a complex experimental design task into subtasks that might involve
previous tasks. SciAgents!!?! envision this as a “team of Als” in which networks of
agents collaborate to autonomously cycle through hypothesis generation and
computational validation. ChatGPTResearchGroup!'®!! organized multiple role-
specialized LLM agents to collaboratively conduct closed-loop in silico planning and
Bayesian optimization for materials synthesis. LABMATE!'*" applied this paradigm to
catalysis research by orchestrating literature review, simulation, data analysis, and
hypothesis generation agents within a human-in-the-loop computational copilot
framework. MOSAIC!"*!) trained 2,498 specialized chemistry experts and successfully
guided the synthesis of over 35 novel compounds across areas such as pharmaceuticals,
materials, and agrochemicals. Although these multi-agent planners can execute complex,
multi-step computational workflows, they remain disconnected from equipment

integration and require human-in-the-loop executions on experiments.

Level 4. The transition to Level 4 represents the current frontier of research,
characterized by exploratory efforts to bridge the gap between digital planning,

computation, and physical execution of experiments. In this phase, pioneering systems



act as autonomous planners that directly control robotic laboratories in a closed loop.
This emerging capability is exemplified by LLM-driven prototypes like Coscientist!!”]
and AutoMEX!!2], which demonstrate the feasibility of using Al to autonomously issue
commands to cloud lab robots and 3D printers. Other exploratory platforms leverage
algorithmic optimization to guide hardware, such as the microfluidic systems for
nanoparticle synthesis developed by Tao et al.''**) and Sadeghi et al.l'”. More advanced
implementations, like AlphaFlow!''”], utilize reinforcement learning to control modular
reactors, successfully discovering novel synthesis routes that outperform human-
designed processes. Perhaps the most comprehensive demonstration of hardware
flexibility is the mobile robotic chemist described by Burger et al.'®’!, which navigates
a standard lab to execute closed-loop optimization. Collectively, these platforms embody
the early iterations of Level 4 intelligence. While they are primarily proof-of-concept
systems often orchestrated by a central planner, they successfully validate the core

criteria of autonomous physical execution.

Vision for Level 5. Beyond these emerging implementations lies the aspirational goal of
Level 5, which envisions a fully autonomous agent capable of independently formulating
broad hypotheses, designing novel research directions, and executing any experiment
without constraints. However, such a system remains a distant prospect. In the
foreseeable future, human experts will remain indispensable. The consensus within the
field suggests that the evolution of SDLs will likely stabilize at a human-in-the-loop
hybrid model rather than total replacement, as argued by Hysmith et al."?®. Ideally, this
synergy, guided by human intuition and transparent, interpretable Al, will transform the
laboratory into an engine of innovation, allowing scientists to tackle challenges at a scale

previously unimaginable.

Table 6. Representative Systems for Automated Experimental Synthesis. Notes: v/

= present; X = absent; A= partial or simulated integration
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Characterization and data analysis

Modern materials science and engineering rely on advanced characterization techniques
that produce vast, complex datasets. These measurements probe material structures and
properties across multiple length and time scales from complementary perspectives,
posing significant challenges for consistent and knowledge-grounded interpretation. To
overcome this challenge, relevant agents are introduced, from data collection to
interpretation, shifting the field from traditional manual interpretation (Level 0) toward

autonomous workflows, as summarized in Table 7.

Level 1. Level 1 serves as a material characterization knowledge base and analytical
assistants. For example, MatQnA!'®7! established a large multi-modal benchmark for

material characterization techniques, including X-ray Photoelectron Spectroscopy (XPS),



X-ray Diffraction (XRD), Scanning Electron Microscopy (SEM), and Transmission
Electron Microscopy (TEM). S1-MMAIlign!®! collected large-scale multi-modal science
image interpretation datasets, including material science data. Some Al systems were
also developed for operation and interpretation of specific characterization techniques
like TEM!91, XRDI90-2011 SEMI292] and spectroscopy!?®! thereby reducing the expertise
barrier and subjectivity inherent in manual analysis, and laying the groundwork for
higher-level autonomy as agentic tools. Notably, MicroscopyGPT>*# is a vision-
language model (VLM) that solves the difficult problem of reconstructing full 3D atomic
structures from 2D STEM images by mapping images directly to structured text. These
systems fall into Level 1 as they facilitate Al-assisted information extraction from multi-
modal material characterization data but function as passive resources without

autonomous planning or execution capabilities.

Level 2. This data and knowledge fuel a new generation of Level 2 (Tool-Augmented)
agents, which function as automated analysts for specific tasks. Chen et al.?%"]
proposed an LLM-driven multimodal framework for detecting scale bars and extracting
related information from SEM images. The framework uses a You Only Look Once
(YOLO)-based detector to localize the scale bar and a hybrid OCR system to recognize
the numeric value and unit. For diffraction, Daral>°®! automates multiple-hypothesis
phase identification and refinement from powder XRD by searching candidate phase
combinations and programmatically calling peak matching and Rietveld refinement
(accelerated via parallel execution), while using domain-aware criteria to prune

candidates and decide when to stop. Drug Discovery Agent!2?7]

can follow high-level
prompts to detect and classify drug-cell phenotypes from microscopy images/videos by
coordinating vision modules, enabling scalable, near real-time screening. Also, general-
purpose agentic frameworks such as MatAgent?®] shows that an LLM-based multi-agent
system can run end-to-end experimental data analysis and exploratory statistics to

modeling, visualization, and report generation.

Level 3. At Level 3, agents can cope with the complexity and diversity of characterization
data by using multi-step planning and agent-based architectures to take an active role in
the research process. Systems such as SciLink?*) and AutoMat?!”) show how agents can

[209]

break down complex goals and support end-to-end automated analysis. SciLink'“™"' can

turn raw characterization data into scientific hypotheses, and then assess these claims by



published literature. AutoMat!*!°! uses a “plan then execute” design and integrates
multiple tools to transform STEM image inputs into reconstructed atomic crystal
structures. For spectroscopy, IR-Agent?!!l follows human experts' reasoning and forms
a team of agents for feature extraction, database retrieval, and final reasoning to infer
molecular structures. For multimodal data from different sources, Bazgir et al.['! propose
a multi-agent framework with a dynamic gating mechanism. It can analyze microscopy
images and simulation videos, and it also retrieves papers and web resources to provide
context and improve accuracy. Overall, Level 3 systems enable data-driven inverse
reasoning and greatly improve both the efficiency and reliability of extracting scientific

insights from raw characterization data.

Level 4. At Level 4, agents take on direct operational control of the physical laboratory:
they can operate equipment, sustain long-running experiments, and autonomously decide

(291 is an autonomous

how the procedure should proceed during execution. AdaptiveXRD
and adaptive XRD system. It enables agent-driven, real-time control of physical
hardware and can make its own decisions to adjust the scan step size and scan range
during measurement. For complex and precise instruments such as atomic force
microscopy (AFM), AILA?!? shows strong multi-agent collaboration and supports long-
duration autonomous operation. Moreover, ORGANAR"! is a highly integrated
automation platform that uses natural language interaction to automate complex
chemistry experiments end to end. It can translate high-level research goals into physical
operation commands, marking a shift at Level 4 from single-instrument automation

toward more system-level laboratory automation. While these platforms explore Level 4

autonomy, they remain early prototypes rather than widely adopted, reliable systems.

Vision for Level 5. Level 5 represents a long-term goal: a characterization agent that can
work with minimal human input. Beyond operating instruments, it would be able to pose
useful research questions, choose suitable characterization methods, and combine
evidence from multiple instruments to build a complete view of a new material. This
would shift the focus from simply collecting measurements to understanding what the
results imply. Reaching this level, however, will require major progress in linking
different instruments, standardizing data and metadata, and improving multi-step

reasoning. In the near term, Level 5 is best treated as a reference point, while most



practical work should focus on strengthening the human-Al collaboration patterns seen

in Levels 3 and 4.

Table 7. Representative Systems for Characterization and Data Analysis. Notes: v/

= present; X = absent; A= partial or simulated integration
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Cross-task materials science and engineering agents

The preceding sections examine Al agents within specific, isolated research tasks such
as synthesis planning, characterization, property prediction, and simulation. While these
task-specific systems have demonstrated significant capabilities, more advanced systems
are now emerging that transcend single-task boundaries, integrating diverse capabilities
into cohesive research pipelines®*>?'4. These cross-task agents represent a shift from
specialized tools to holistic research orchestrators, capable of managing the full cycle

from hypothesis generation to experimental validation.

Pioneering autonomous laboratories. Early Level 4 systems demonstrate that robotic
platforms could leverage closed-loop machine learning to accelerate discovery.
Pioneering examples like ARES?!®] (for carbon nanotubes) and Ada!'*®! (for thin films)
show that algorithms could design, execute, and analyze experiments faster than human
researchers. This paradigm is significantly advanced by the A-Lab!'®], which integrates
computation, literature mining, and robotics to autonomously discover 41 new inorganic
materials in 17 days. Similarly, full-process in silico frameworks, such as the Level 3
system for perovskite solar cells by Ye et al.?!® demonstrate how agents can digest
heterogeneous data spanning materials, fabrication, and performance to uncover complex
patterns, even without physical automation. These works highlight the power of

integrating diverse data streams and operational modules into a cohesive research engine.

Unifying computational planning and physical execution. Recent advances have
demonstrated the integration of multi-agent planning with physical experimentation.
LLM-RDF?!'7! a framework employing specialized agents to coordinate a complete
reaction development cycle from literature search and experiment design to hardware
control and spectral analysis, successfully guiding the development of a novel oxidation

[218]

reaction. In the computational domain, TopoMAS orchestrates literature search,

hypothesis generation, and DFT simulations in an in silico closed loop, identifying novel



topological quantum materials. AGAPI-Agents!?!”! also unifies open-source LLMs with
20+ materials APIs to autonomously run multi-step, tool-grounded workflows for

reproducible, accelerated materials design. Furthermore, ChemAgents!?*!

seamlessly
integrates robotic experimentation, quantum simulations, and ML-driven spectral
analysis to investigate azobenzene isomerization, uncovering new mechanistic insights
with minimal human intervention. This represents a blueprint for autonomous molecular
discovery, where agents manage the full “design-make-test-analyze” cycle across both
digital and physical realms. To support such cross-domain reasoning, multi-modal
frameworks like MatterChat®”! enable agents to process both textual knowledge and

structural data, bridging the gap between literature understanding and atomic-level

design.

FUTURE WORK

Current challenges and inherent limitations

Our analysis through the six-level framework reveals that the current research gaps in
agentic materials science and engineering fall into two distinct categories, defined by the

nature of the tasks involved.

Cognition-centric challenges. These challenges primarily emerge in tasks such as
information retrieval, property prediction, and simulation, which operate in the digital
domain and rely on the reasoning capabilities of LLMs. Despite rapid progress, current
systems are constrained by the intrinsic limitations of LLMs when applied to scientific
domains. Materials science and engineering data is often sparse, heterogeneous, and
highly structured, yet LLMs typically process it as ungrounded text. Consequently,
retrieval agents may miss critical context, property predictors may extrapolate beyond
physical validity, and simulation planners may generate workflows that are linguistically
coherent but numerically unstable. Fundamentally, these systems often lack robust
mechanisms for enforcing physical laws, estimating uncertainty, and recovering from

failure, hindering their progression to higher levels of autonomous reasoning.

Execution-centric challenges. This second category primarily appears in experimental
synthesis and materials characterization, where the dominant difficulty shifts to physical
interaction and real-world control rather than pure language-based reasoning. In

materials science research, the execution bottleneck is driven by the heterogeneous and



non-standardized nature of laboratory environments, including diverse software-
hardware interfaces, inconsistent data formats, and the intrinsic variability of material
samples. These factors introduce substantial noise and uncertainty into experimental
processes, making reliable execution significantly more challenging than in purely digital
settings. Such execution-centric settings also expose reliability problems in instruction
adherence. Recent AFM automation studies show that LLM agents can take extra actions
that are outside the given protocol, sometimes acting as if they rely on prior context or
memory rather than the current instruction---a behavior referred to as “sleepwalking”[?!2],
This can appear both as risky physical actions beyond authorized limits and as functional
code that exceeds the specified requirements, reflecting instruction drift during execution.

Such behavior raises clear concerns for safety and for the wvalidity of closed-loop

experiments.

Recent advances in collaborative robotics and automated laboratories have led to the
development of middleware frameworks, hardware standardization efforts, and
communication protocols (e.g., SILA[?!1 ChemOS[?>>?22], Robot Operating System[?%3]),
which provide important technical pathway for device coordination and standardization
in material science labs. However, integrating agentic systems into these infrastructures
remains non-trivial, as there still exists gap between the agent-level reasoning and device
level communications. Looking forward, an additional challenge lies in enabling
effective human-agent collaboration, as future laboratory environments are likely to
involve hybrid workflows where autonomous systems and human operators must co-

adapt, share context, and coordinate decisions under uncertainty.

Uncertainty is another fundamental challenge that permeates all aspects of agentic
MSE[?4_ At the single-agent level, uncertainty arises from the stochastic nature of LLM
outputs, irreducible noise in experimental measurements, and approximation errors in
computational simulations®>3). In multi-agent systems (MAS), these uncertainties do not
remain local. They can propagate across agents and even be amplified in a cascading
manner: an incorrect assumption introduced during information extraction may bias
downstream property prediction and ultimately lead to suboptimal or even incorrect

[226]

synthesis decisions To build trustworthy agentic MSE systems, uncertainty

quantification should therefore evolve from a passive monitoring signal into an active



control signal. In this context, the Agentic Uncertainty Quantification (AUQ)

2271 offers a promising direction. Inspired by dual-process theories of human

framework!
cognition, AUQ converts uncertainty into a closed-loop behavioral signal through
uncertainty-aware memory and uncertainty-aware reflection, aiming to mitigate
hallucination cascades in long-horizon agent trajectories. More broadly, uncertainty in
agentic MSE should not be treated only as a property of model outputs, but as a system-
level quantity that governs whether an agent should continue execution, request
additional evidence, trigger self-correction, or defer to human oversight. This issue will
become even more important as agentic MSE moves from laboratory prototypes toward

industrial deployment, where robustness, reliability, and governance under uncertainty

are essential.

Collectively, these challenges reveal that higher autonomy cannot be achieved by
optimizing individual components in isolation. Instead, it demands tightly integrated
systems that are knowledge-grounded for cognitive reasoning, perception-aware for
physical execution, and equipped with principled mechanisms to quantify, propagate, and

act on uncertainty at both the agent and system level.

Strategic directions for future research
To overcome these hurdles, future research must pivot from purely data-driven

approaches toward developing physically grounded and robustly embodied agents.

Physically grounded intelligence. A critical step in addressing cognitive limitations is

5281 By constraining the

the development of Hybrid Neuro-Symbolic Reasoning system
generative fluency of LLMs with thermodynamic verifiers and physics-informed logic,
agents can ensure their hypotheses are not only novel but also physically viable. This
entails training agents on “negative data” and physics-informed datasets to instill a form
of scientific “common sense,” effectively preventing the proposal of chemically

unreasonable candidates.

Closing the physical execution gap. To address execution-centric challenges, future
systems must move beyond simple API calls to incorporate Active Perception,
empowering agents to monitor experiments via computer vision and multimodal sensor

feedback. This sensorimotor integration is essential for agents to adaptively correct errors



in real-time - such as detecting precipitation failures or blocked needles - rather than
proceeding blindly. This capability is the foundation for creating truly adaptive and

resilient autonomous laboratories.

Dynamic evaluation and benchmarking. Establishing robust metrics is essential for
quantifying progress across the proposed six-level autonomy hierarchy. Existing

1041 and MSQA!'%] mainly evaluate static reasoning

benchmarks, such as MatSciBench!
or isolated property prediction, and therefore provide limited coverage of agentic
behavior in long-horizon scientific workflows. However, evaluating an autonomous
agent is fundamentally different from evaluating a static LLM: beyond final-answer
correctness, it also requires measuring the quality of the reasoning trajectory, including
multi-step planning, tool selection, feedback utilization, error recovery, and avoidance
of unproductive loops. Recent benchmark efforts begin to move in this direction. For

(2291 explicitly evaluate long-horizon scientific tool-use and

example, SciAgentGym
analyze process-level behaviors such as adaptation to execution errors, parameter tuning,
strategic switching, loop escape, and recovery dynamics across interaction
steps. Likewise, SGI-Bench!**”) frames evaluation around scientist-aligned workflows,
covering deep research, idea generation, dry/wet experiment, and experimental reasoning,

and further introduces an agent-based evaluation framework to support multi-

dimensional assessment.

Future benchmarking efforts should therefore move beyond outcome-only scoring and
incorporate trajectory-level critetia that capture whether an agent can sustain coherent
multi-step reasoning, recover from failures, and interact reliably with tools, data, and
experimental systems. Such dynamic evaluation testbeds, ideally coupled with realistic
noise, hardware constraints, and failure modes, will be essential for assessing agentic
resilience in materials science and engineering and for charting progress toward fully

autonomous Al materials scientists.

Safety and governance. Finally, as agents move from advisory roles at lower levels to
synthesis planning and direct physical execution at higher levels, their dual-use risks also
become more serious, making safety and governance increasingly critical. Deploying

autonomous systems requires robust and deterministic safety guardrails, together with



specialized safety assessment tools and governance frameworks throughout the agent
development lifecycle. To address dual-use risks, a range of advanced red-teaming
methods for scientific agents has recently emerged(?*!). In addition, building standardized
safety benchmarks for toxicity screening is a necessary step toward measuring
progress?*?, Relevant protocols should verify every chemical instruction against strict
safety databases to ensure that the pursuit of autonomous discovery never compromises

(1731 In the long term, trustworthy deployment will also require

laboratory safety
uncertainty-aware governance, in which quantified uncertainty is used not only for post

hoc diagnosis, but also for real-time control, escalation, and safety intervention.

Ecosystem integration and real-world deployment. Future agentic MSE systems will
need to operate within a broader ecosystem that extends beyond the scientific workflow
itself. Materials research is closely tied to supply chains for precursors, consumables,
instruments, and software, as well as to funding mechanisms, certification procedures,
and downstream industrial deployment. These external factors may strongly constrain
what an agent can realistically propose or execute. A scientifically valid plan may still
fail in practice because of unavailable materials, incompatible equipment, restricted
software access, limited project budgets, or unmet regulatory requirements. At the same
time, this broader integration opens an important opportunity: agentic MSE could evolve
from optimizing isolated scientific tasks to coordinating science with operations. This
includes resource-aware planning, procurement-aware experiment scheduling, traceable
documentation for certification, and decision support for technology transfer into
industrial settings. Accordingly, a major future direction is to develop ecosystem-aware
agents that can reason not only over materials knowledge and laboratory feedback, but
also over the logistical, economic, and regulatory context in which materials innovation
actually unfolds. In this sense, higher autonomy can also be defined by the ability to

remain actionable under real-world supply, budgetary, and regulatory constraints.

CONCLUSIONS

This survey reviewed the fast-growing landscape of agentic materials science and
engineering (MSE) from a systems view, where agents connect data resources,
computational tools, and (in some cases) experimental hardware into unified workflows.
To describe this transition in a consistent way, we proposed a six-level autonomy

framework and mapped it to five core task families in MSE. This task-level map helps



move beyond “model lists” and instead shows what an agent can actually do, what it

must integrate, and where key gaps remain.

A central finding is that progress is uneven across tasks because each task family faces
different limits in reasoning, tool integration, and safety constraints. This unevenness
also reflects a broader workflow shift: traditional MSE work was often linear and handled
as separate steps, with humans manually linking high-level reasoning to low-level
execution; agentic workflows aim to close this gap through unified reasoning and
planning. Importantly, as autonomy grows, task boundaries become less clear: higher-

level agents tend to combine multiple tasks into one connected process.

A brief cross-task comparison at Level 3 shows why a task-level lens is necessary. Multi-
agent coordination emerges across tasks, but the bottlenecks differ: simulation focuses
on stable orchestration of long tool chains, information tasks focus on evidence
grounding and scientific validity, and synthesis/characterization are limited mainly by

hardware interfaces, sensing, and experimental variability.

Looking ahead, the long-term goal is Level 5 autonomy, but the path forward is not only
“more capable models”. It requires several system advances, including physically
grounded intelligence, stronger active perception and embodied interaction, better
evaluation for long-horizon autonomy, and clearer safety and governance rules
(including equity of access). In this sense, the six-level framework and the task-level map
serves as practical guides: they make progress measurable, clarify what ‘“higher
autonomy” demands in each task family, and support a disciplined move from isolated

tools to reliable human-Al collaboration in real MSE workflows.
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