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ABSTRACT

Artificial intelligence (AI) is reshaping scientific discovery, evolving from special-
ized computational tools into autonomous research partners. We position Agentic
Science as a pivotal stage within the broader AI for Science paradigm, where AI
systems progress from partial assistance to full scientific agency. Enabled by large
language models (LLMs), multimodal systems, and integrated research platforms,
agentic AI exhibits capabilities in hypothesis generation, experimental design,
execution, analysis, and iterative refinement-behaviors once regarded as uniquely
human. This survey offers a domain-oriented review of autonomous scientific
discovery across life sciences, chemistry, materials, and physics, synthesizing
research progress and advances within each discipline. We unify three previously
fragmented perspectives-process-oriented, autonomy-oriented, and mechanism-
oriented-through a comprehensive framework that connects foundational capabil-
ities, core processes, and domain-specific realizations. Building on this framework,
we (i) trace the evolution of AI for Science, (ii) identify five core capabilities
underpinning scientific agency, (iii) model discovery as a dynamic four-stage work-
flow, (iv) review applications across life sciences, chemistry, materials science,
and physics, and (v) synthesize key challenges and future opportunities. This
work establishes a domain-oriented synthesis of autonomous scientific discovery
and positions Agentic Science as a structured paradigm for advancing AI-driven
research.

Figure 1: The Evolution of AI for Science. From computational tools to creative collaborators: the
four-stage journey of AI in science. The progression of AI in scientific research is depicted across
four levels, from Level 1 (Computational Oracle) to a future prospect, Level 4 (Generative Architect).
Agentic Science encompasses Level 2 (Automated Research Assistant) and Level 3 (Autonomous
Scientific Partner), which represent partial and full agentic discovery, respectively.
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1 INTRODUCTION

Scientific discovery is undergoing a profound transformation, driven by the evolution of artificial
intelligence (AI) from specialized tools into collaborative research partners. This progression signals
a new era of AI for Science, marked by the emergence of Autonomous Scientific Discovery, which
we term Agentic Science. This paradigm describes AI systems that operate as autonomous agents,
capable of formulating hypotheses, designing and executing experiments, interpreting results, and
iteratively refining theories with minimal human oversight (Boiko et al., 2023; Schneider, 2025).
Such agents leverage integrated platforms that provide access to diverse AI models and datasets, and
are powered by multimodal foundational models that exhibit deep scientific reasoning capabilities.

This shift is fueled by recent breakthroughs in large language models (LLMs) (Guo et al., 2025; Team
et al., 2025a), which excel at natural language understanding, complex reasoning, and tool use (Sun
et al., 2025; Zeng et al., 2024). These capabilities have enabled the development of AI agents that are
no longer static computational pipelines but dynamic, goal-driven entities that navigate the entire
scientific method (Yax et al., 2024; Ma et al., 2024). From hypothesis generation (Yang et al., 2023)
to autonomous experimentation (Yuan et al., 2025), these agents are beginning to automate cognitive
tasks once considered exclusively human.

Despite this rapid progress, a unified framework for understanding these increasingly autonomous
systems is lacking. Previous surveys have examined the field from isolated perspectives: mapping AI
capabilities onto the research cycle (process-oriented), grading systems by their level of independence
(autonomy-oriented), or dissecting the underlying software architectures (mechanism-oriented) (Luo
et al., 2025; Zheng et al., 2025; Ren et al., 2025). While valuable, these analyses remain fragmented.

This review synthesizes and extends these perspectives into a comprehensive framework that connects
foundational capabilities, core processes, and domain realizations in autonomous discovery. We
chart the evolution of AI for Science, formally defining Agentic Science as a paradigm built on
five core agentic capabilities: reasoning, tool integration, memory, multi-agent collaboration, and
optimization. We then model the agent-driven scientific workflow as a dynamic, four-stage process
encompassing hypothesis, experimentation, analysis, and synthesis. Grounded in this framework, we
conduct a systematic, domain-oriented review of agentic systems across the life sciences, chemistry,
materials, and physics, highlighting key applications from drug discovery to materials design. Finally,
we identify the primary technical and ethical challenges-including reproducibility, validation, and
human-agent collaboration-and propose a research roadmap to guide the development of robust
and trustworthy scientific agents. By providing this unified lens, we aim to establish a conceptual
and methodological foundation for Agentic Science, accelerating a future where AI and human
researchers co-evolve to push the frontiers of knowledge.

2 THE EVOLUTION OF AI FOR SCIENCE: FROM TOOLS TO AUTONOMOUS
PARTNERS

The role of AI in science is shifting from computational augmentation to autonomous inquiry. This
progression can be framed as an evolution through distinct levels of autonomy, starting with AI as a
specialized tool and advancing towards AI as a collaborative scientific partner. This section delineates
these levels to formalize the paradigm of Agentic Science.

2.1 THE EVOLUTION OF AI FOR SCIENCE

The role of artificial intelligence in science is undergoing a profound evolution, transitioning from
specialized tools to autonomous partners. Initially, AI acted as a Computational Oracle: a collection
of expert, non-agentic models designed to solve well-defined problems within a human-directed
workflow. These systems, which excel at tasks like protein structure prediction (Jumper et al., 2021) or
genomic analysis (Dalla-Torre et al., 2025), essentially function as powerful pattern recognizers that
minimize a task-specific loss, M∗ = argminM

∑
i Ltask(M(xi), yi). This paradigm has accelerated

discovery but requires constant human guidance. The subsequent stage introduced the Automated
Research Assistant, where agents exhibit partial autonomy to execute predefined experimental
or analytical sequences. Given a high-level goal G, these agents follow a policy π to complete
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a sub-task, {a0, . . . , aT } ∼ π(·|G, Ttools), but the overarching scientific questions and hypotheses
remain human-conceived.

We are now entering the era of the Autonomous Scientific Partner, a paradigm shift that embodies
Agentic Science. Here, AI agents are capable of conducting the entire discovery cycle with minimal
human intervention. These systems can observe a domain, formulate novel hypotheses, design
and execute experiments, analyze the results, and iteratively refine their strategy in a continuous
loop. The agent’s objective moves beyond task completion to maximizing a measure of cumulative
scientific utility, such as the expected information gain I(·) about a set of evolving hypotheses H,
thus optimizing its policy π∗ = argmaxπ Eπ[

∑∞
t=0 γ

t I(Ht; st+1|st, at)]. This elevates the human
role from operator to high-level strategist and validator. Pioneering systems like Coscientist (Boiko
et al., 2023) and ChemCrow (Bran et al., 2023) provide the first glimpses of this future, demonstrating
autonomous experimentation and discovery in chemistry, heralding a new age of human-agent
co-discovery.

Looking forward, a prospective fourth level is the AI as a Generative Architect. Such a system
would transcend discovery within existing scientific frameworks to engage in autonomous invention.
Its capabilities would extend to designing novel instrumentation, creating new experimental method-
ologies, or even formulating entirely new conceptual frameworks and theories. This represents a leap
from finding what is to creating what could be. This architect would also be capable of performing
vast, interdisciplinary synthesis, uncovering latent connections between disparate scientific fields
to forge new domains of inquiry. The agent’s objective function would fundamentally shift from
optimizing discoveries within a fixed paradigm to generating new scientific paradigms that maximize
future discovery potential.

This evolutionary trajectory—from oracle to assistant, to partner, and ultimately to archi-
tect—redefines the scientific enterprise itself. Each stage grants the AI greater agency, fundamentally
reshaping the human-scientist’s role from a hands-on experimenter to a collaborator and visionary
guide for its AI counterpart. The ultimate benchmark for this new scientific paradigm could be a
"Nobel-Turing Test," where an AI system, unprompted, makes a discovery or invents a technology so
profound that it is deemed worthy of a Nobel Prize. The pursuit of this goal will not only accelerate
the pace of science but may also change our understanding of discovery itself.

2.2 AGENTIC SCIENCE: THE FOCUS OF THIS REVIEW

This review centers on the paradigm of Agentic Science, encompassing both Level 2 (task-level
autonomy) and Level 3 (goal-level autonomy). The common thread is agency-the ability to act

Figure 2: Research frameworks for Autonomous Scientific Discovery: Integrating Foundational
Capabilities, Core Processes, and Research Levels across science.
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purposefully to achieve a goal. Agentic Science redefines discovery as an autonomous, closed-loop
process managed by intelligent agents. To systematically understand and engineer these systems, we
propose a three-tiered framework (Figure 2 B) that illustrates how foundational agentic abilities give
rise to complex scientific workflows, which in turn drive tangible discoveries across diverse domains.

• Layer 1: Foundational Capabilities (Section 3.1). At the base are the five core cognitive
and operational abilities that form the building blocks of any scientific agent: Reasoning
and Planning, Tool Integration, Memory, Multi-Agent Collaboration, and Optimization and
Evolution. These capabilities are the engine of agentic intelligence.

• Layer 2: Core Processes of Discovery (Section 3.2). These foundational capabilities
enable agents to execute the four key stages of the scientific method in a dynamic loop: (1)
Observation and Hypothesis Generation, (2) Experimental Planning and Execution, (3) Data
and Result Analysis, and (4) Synthesis, Validation, and Evolution. This layer represents the
agent’s workflow.

• Layer 3: Autonomous Scientific Discovery (Section 3.3). The successful execution of
the discovery loop, powered by the core capabilities, results in practical scientific progress.
This top layer showcases the application of agentic systems in domains like life sciences,
chemistry, materials, and physics, culminating in end-to-end autonomous research pipelines.

This hierarchical framework provides a comprehensive lens through which to analyze the archi-
tecture, function, and impact of scientific agents, from their elemental skills to their highest-level
achievements.

3 THE AGENTIC SCIENCE RESEARCH FRAMEWORK

The Agentic Science Framework redefines scientific discovery as a dynamic, autonomous process
driven by intelligent agents. This framework is structured in three hierarchical tiers. At its base are
the Five Foundational Capabilities, which constitute the agent’s cognitive core. These capabilities
enable the Four Core Processes of an autonomous discovery loop, which in turn drive progress
in Autonomous Scientific Discovery across diverse domains, from life sciences and chemistry to
materials and physics. This integrated structure allows an agent to transition from a specialized tool
to an autonomous partner in the research lifecycle, managing long-term, iterative, and empirically
grounded workflows.

3.1 FIVE FOUNDATIONAL CAPABILITIES: THE COGNITIVE CORE

To navigate the complexities of the research lifecycle, a scientific agent must possess a suite of five
interconnected capabilities that form its cognitive and operational foundation.

Planning and Reasoning Engines The cognitive core of a scientific agent, the planning and
reasoning engine translates high-level goals into executable actions. Foundational approaches use
task decomposition via linear reasoning chains (e.g., Chain-of-Thought), enhanced with ensemble
methods for robustness (Wei et al., 2022; Wang et al., 2022). More sophisticated engines employ
non-linear, tree-based search (e.g., Tree-of-Thought, MCTS) to explore multiple solution paths
simultaneously, a crucial feature for navigating complex scientific problems (Hu et al., 2023; Guo
et al., 2024). These plans are not static; they are dynamically adapted through feedback from the
environment, human guidance, or self-reflection, often using frameworks like ReAct that interleave
reasoning with action and observation (Yao et al., 2023; Sun et al., 2023). The primary challenges in
scientific reasoning are the high-stakes and strict verifiability of outcomes, the need to navigate vast
and poorly understood search spaces, the interpretation of noisy, multimodal experimental feedback,
and the necessity for long-horizon planning to establish causal understanding while mitigating error
accumulation (Sauter et al., 2023).

Tool Use and Integration To overcome the intrinsic limitations of language models and interact
with the world, agents must harness external tools. These range from foundational utilities like
search engines and code interpreters (Jablonka et al., 2023; Gou et al., 2024a) to domain-specific
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computational tools that encapsulate expert knowledge, such as bioinformatics toolkits in CRISPR-
GPT (Huang et al., 2024) or reaction predictors in ChemCrow (Bran et al., 2024). The most advanced
tier involves experimental and simulation tools, allowing agents to test hypotheses in virtual laborato-
ries by interacting with physics engines or high-fidelity simulators (Todorov et al., 2012; Koldunov &
Jung, 2024). The challenges in scientific tool use are formidable: they demand exceptional precision
and deep domain understanding, as minor errors can invalidate results. Furthermore, scientific work
requires strict reproducibility and provenance tracking, often involving the creation of complex,
interoperable workflows from heterogeneous tools—a known difficulty (Shen et al., 2025). Finally,
agents must perform cost-benefit analyses to manage the significant computational and financial costs
of many scientific tools.

Memory Mechanisms Memory enables agents to retain information, learn from experience, and
maintain context. For scientific agents, memory serves two critical roles. First, as a mechanism
for iterative task execution, it maintains a coherent understanding of an ongoing task by storing
short-term context and building long-term experience repositories from successes and failures (e.g.,
Reflexion (Shinn et al., 2023)) or even codifying successful action sequences into reusable skill
libraries (Wang et al., 2023). Second, memory acts as a knowledge hub, integrating external
information sources via Retrieval-Augmented Generation (RAG) to ground reasoning in established
scientific literature or structured knowledge graphs (Lewis et al., 2020; Ghafarollahi & Buehler,
2024b). The distinct challenges for scientific memory include managing the accuracy and decay of
scientific knowledge, seamlessly storing and reasoning across heterogeneous and multi-modal data
(text, tables, images, genomic sequences), and maintaining high-fidelity, causally-linked histories
over long-term research projects to ensure reproducibility.

Collaboration between Agents To tackle problems beyond the scope of a single agent, multi-agent
systems leverage collaboration. Strategies include hierarchical task execution, where a manager agent
decomposes a goal and assigns subtasks to specialized worker agents, as seen in MetaGPT (Hong
et al., 2024) and Coscientist (Boiko et al., 2023). A second approach is deliberative, refinement-based
collaboration, where agents improve solutions through iterative peer interaction, such as structured
debate or a critique process, to enhance factuality and reasoning (Du et al., 2023; Shinn et al., 2023).
The most advanced systems use dynamic, adaptive topologies, where the interaction structure itself
is optimized for the task, with agents reconfiguring their communication pathways in response to
real-time feedback (Liu et al., 2024; Kim et al., 2024). Key challenges for scientific collaboration
include grounding consensus in empirical reality to avoid amplified hallucinations, fostering epistemic
diversity to prevent premature consensus, and integrating complex, multimodal information across
extended workflows using communication protocols more sophisticated than plain text exchange.

Optimization and Evolution For sustained discovery, agents must improve over time. This
is achieved through iterative self-refinement, where an agent enhances its outputs via a cycle of
generation, feedback, and correction, using either self-generated feedback or external validation
from tools (Madaan et al., 2023; Gou et al., 2024b). Agents can also evolve their underlying models
through self-learning and interaction, using techniques like self-supervised learning or reinforcement
learning with self-generated rewards to improve their intrinsic capabilities (Yuan et al., 2024; Zhu
et al., 2024). Finally, population-based co-evolution drives improvement through the interactions
within a group of agents, whether cooperative (e.g., role-playing frameworks) or competitive (e.g.,
multi-agent debate, red-teaming) (Li et al., 2023; Du et al., 2023). The challenges in scientific
optimization are unique: the evaluation of a scientific hypothesis is often slow and expensive, making
rapid feedback loops impractical; the reward landscape is sparse, with breakthroughs being rare;
and all outputs must be grounded in physical reality and adhere to strict safety protocols, adding
constraints far beyond typical benchmarks.

3.2 FOUR CORE PROCESSES: THE AUTONOMOUS DISCOVERY LOOP

Enabled by the foundational capabilities, the agentic science workflow operates as a closed-loop
cycle of discovery comprising four key stages. This loop is dynamic, and the execution order may be
adjusted based on agent objectives and ongoing results.
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Figure 3: Core abilities of scientific agents.

Observation and Hypothesis Generation The cycle begins with formulating novel, testable
hypotheses. This process relies fundamentally on the agent’s Memory as a knowledge connector,
using RAG to ingest and synthesize vast scientific corpora (Agarwal et al., 2024). This information is
structured into knowledge graphs to ground reasoning. The agent’s Planning and Reasoning engine
then explores this structured knowledge to identify promising research directions and formulate
hypotheses, represented as hnew = argmaxh∈Hcand P (h|M(K)) (Si et al., 2024). For example,
OriGene integrated multimodal data to hypothesize novel cancer targets (Zhang et al., 2025d),
while Robin autonomously hypothesized a new therapeutic use for an existing drug by analyzing
literature (Ghareeb et al., 2025). Key challenges include handling heterogeneous data, managing
outdated knowledge, and navigating the vast search space of possible hypotheses to aim for causal
understanding.

Experimental Planning and Execution This phase operationalizes hypotheses through end-
to-end experimental workflows. The Planning and Reasoning engine generates an opti-
mized, resource-efficient plan, modeled as a constrained optimization problem: π∗ =
argminπ∈Π C(π) s.t. V (π, h) ≥ θ. The plan is then carried out via the agent’s Tool Use and
Integration capability, which maps abstract steps to concrete tool invocations, whether generating
code or controlling robotic hardware. This is exemplified by Coscientist, which autonomously
designed and executed a palladium-catalyzed reaction using robotic hardware (Boiko et al., 2023),
and The Virtual Lab, which constructed a computational pipeline with AlphaFold to design novel
nanobodies. This stage faces challenges of high-stakes verifiability, requiring extreme precision in
tool use, meticulous provenance tracking for reproducibility, and sophisticated cost-benefit analysis
for expensive experimental resources.

Data and Result Analysis After execution, the agent extracts insights from raw outputs. This
phase integrates Tool Use to parse multimodal data (e.g., from scientific charts or tables), Reasoning
to perform structured interpretation, and Memory to contextualize the findings. The process can be
conceptualized as a Bayesian update to the agent’s belief in the hypothesis, P (h|R) ∝ P (R|h) ·P (h),
where the agent observes the result R and reasons about its implications, as in the ReAct frame-
work (Yao et al., 2023). For instance, after its proposed experiment, Robin autonomously analyzed
RNA-seq data to uncover a potential mechanism of action (Ghareeb et al., 2025), while PROTEUS
performs end-to-end analysis of raw mass spectrometry data to generate mechanistic hypotheses (Ding
et al., 2024). The central challenge is interpreting noisy, multimodal experimental feedback and
reasoning seamlessly across heterogeneous data types without succumbing to confirmation bias.

Synthesis, Validation, and Evolution In the final stage, the agent synthesizes outcomes and refines
future inquiry. This heavily leverages Collaboration between Agents to emulate peer review, where
agents critique and refine each other’s conclusions to ensure robustness (Du et al., 2023). The agent
then undergoes adaptive refinement, updating its internal policy ϕ based on a learning function
L applied to its Memory of past experiences: ϕt+1 ← L(ϕt,Mt). This evolution is central to
frameworks like Reflexion (Shinn et al., 2023). For instance, the Sparks framework used generation-
and-reflection agents to autonomously discover two novel protein design rules through iterative
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Table 1: Paradigms of Fully Autonomous Research Pipelines. Note that we only report the most
significant features of each paper.

Pipeline Paradigm Core Contribution & Mechanism Representative Systems & Works

Foundational End-to-End
Frameworks

Establishes the viability of a complete, closed-
loop research cycle. These systems integrate
hypothesis generation, coding, experimentation
(often virtual), and reporting into a single,
cohesive workflow.

The AI Scientist Lu et al. (2024), Novel-
Seek Team et al. (2025b), Dolphin Yuan et al.
(2025), X-Master Chai et al. (2025), Discovery-
World (evaluation environment) Jansen et al.
(2024)

Domain-Specific Automation Applies the end-to-end paradigm to special-
ized, high-impact scientific domains. This
often involves interfacing with real-world lab
robotics, complex simulators, or highly struc-
tured domain-specific data formats.

Coscientist Boiko et al. (2023), LLM-
RDF Ruan et al. (2024), MatPilot Ni et al.
(2024), Biomni Huang et al. (2025), SpatialA-
gent Wang et al. (2025), PROTEUS Ding
et al. (2024), OriGene Zhang et al. (2025d),
The Virtual Lab Swanson et al. (2024), AI
co-scientist Gottweis et al. (2025)

Multi-Agent Collaborative
Structures

Emulates the collaborative and adversarial na-
ture of scientific inquiry using teams of agents.
These systems explore different organizational
structures (e.g., Socratic dialogue, hierarchical
teams, peer review) to enhance creativity and
rigor.

VirSci Su et al. (2025), MAPS Zhang et al.
(2025b), DORA Naumov et al. (2025), MDA-
gents Kim et al. (2024), AgentRxiv (cross-
system collaboration) Schmidgall & Moor
(2025)

Self-Evolving & Adaptive Sys-
tems

Focuses on the pipeline’s ability to learn and
improve over time. These agents autonomously
refine their strategies, expand their toolkits,
or update their internal knowledge based on
cumulative experience and feedback.

STELLA Jin et al. (2025), Agent Hospi-
tal Li et al. (2024), ResearchAgent Baek et al.
(2024), OriGene Zhang et al. (2025d), AlphaE-
volve Novikov et al. (2025)

Human-in-the-Loop Integration Explicitly designs the pipeline to incorpo-
rate human expertise and oversight. These
frameworks treat the human researcher as a
collaborator, leveraging their feedback to guide
the autonomous process and ensure alignment
with scientific goals.

Agent Laboratory Schmidgall et al. (2025),
Conversational Health Agents Abbasian et al.
(2023), MatPilot Ni et al. (2024)

self-correction (Ghafarollahi & Buehler, 2025c). The most profound challenge lies in enabling long-
term causal reasoning, as current memory systems struggle to maintain the extended, high-fidelity
histories required for sustained, multi-loop research projects. Successfully managing this iterative
process of knowledge accumulation and self-correction is the key to transforming agents into true
partners in scientific discovery.

3.3 DOMAIN-ORIENTED REVIEW OF AUTONOMOUS SCIENTIFIC DISCOVERY

The convergence of agentic capabilities and structured workflows is driving significant advances
across the natural sciences, highlighting the transformative impact of autonomous systems and
Table 1). Comprehensive lists of referenced works are provided in Supplementary Tables S1–S4.

3.3.1 LIFE SCIENCES

Agentic AI is now automating full research cycles in the life sciences, from data wrangling to
therapeutic design. General-purpose agents such as Biomni learn diverse wet-lab and in silico tasks
by mining protocols from the literature (Huang et al., 2025), while specialist systems reach expert
performance in narrow domains, e.g., SpatialAgent for spatial biology and PROTEUS for proteomics
interpretation (Wang et al., 2025; Ding et al., 2024). These agents already yield experimentally
tested findings: the Virtual Lab designed new SARS-CoV-2 nanobodies, and an AI co-scientist
uncovered epigenetic targets for liver fibrosis (Gottweis et al., 2025). To keep improving, platforms
like STELLA and Agent Hospital embed self-evolution mechanisms that raise scores on biomedical
benchmarks and simulated care tasks (Jin et al., 2025; Li et al., 2024).

Beyond point tools, agentic frameworks now run end-to-end workflows and translate plain language
into multi-step analyses. CellAgent and SpatialAgent automate single-cell and spatial transcriptomics,
including dynamic parameter tuning that once required deep expertise (Xiao et al., 2024; Wang
et al., 2025). PROTEUS can start from raw proteomics files, produce a complete report, and propose
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testable mechanisms—covering the data-to-insight loop with little human guidance (Ding et al.,
2024). This marks a shift from AI as assistive software to a self-contained analytical engine.

Crucially, these agents also act as autonomous discovery platforms. In therapeutics, OriGene fused
clinical and genomic evidence to nominate two underexplored cancer targets, later validated in patient-
derived organoids (Zhang et al., 2025d). The Robin agent independently argued for repurposing an
approved drug for macular degeneration (Ghareeb et al., 2025). In basic science, Sparks closed the
loop from hypothesis to experiment and revealed new principles of protein mechanics (Ghafarollahi &
Buehler, 2025c). Emerging architectures make this possible: multi-agent teams coordinate planning,
execution, and analysis (e.g., PharmAgents, ProtAgents) (Gao et al., 2025; Ghafarollahi & Buehler,
2024a), while self-evolving tool ecosystems such as STELLA’s “Tool Ocean” let agents discover and
integrate new bioinformatics utilities over time (Jin et al., 2025).

3.3.2 CHEMISTRY

Agentic systems are transforming chemistry by closing the loop between hypothesis, experimentation,
and analysis. A key milestone is Coscientist (Boiko et al., 2023), which used a GPT-4-driven agent to
autonomously plan and carry out a palladium-catalyzed reaction via robotic execution. This fusion of
symbolic reasoning and physical automation is being extended by frameworks like ChemCrow (Bran
et al., 2023), which pair language models with domain-specific tools, and LLM-RDF (Ruan et al.,
2024), which orchestrates multi-agent teams to automate literature review, experiment design, and
result interpretation.

These systems go beyond automation by becoming creative contributors in chemical discovery.
Generative agents explore vast molecular spaces, proposing candidates for synthesis based on
property-driven objectives. For example, MOFGen (Inizan et al., 2025) designed over 300,000 novel
metal-organic frameworks, five of which were synthesized experimentally as entirely new materials.
Feedback loops with simulation tools, such as quantum-chemical models in ChemReasoner (Sprueill
et al., 2024), enable agents to iteratively refine molecule design with increasing efficiency and
accuracy.

Agentic chemistry is also driving accessibility and scale. Systems like Aitomia (Hu et al., 2025)
and El Agente Q (Zou et al., 2025) allow users to specify goals in natural language, which are
then translated into executable workflows. This lowers the barrier for non-experts to conduct
advanced simulations. At a global scale, agent planners have begun coordinating decentralized
discovery campaigns, exemplified by a project that united five labs to discover 21 new organic laser
materials (Strieth-Kalthoff et al., 2024). Such examples hint at a future where scientific collaboration
is orchestrated by AI across institutions and borders.

3.3.3 MATERIALS SCIENCE

Agentic AI systems are rapidly transforming the discovery of novel materials. Platforms such as
SciAgents exploit structured knowledge graphs to uncover structure-property relationships, leading
to new biocomposites with improved mechanical performance (Ghafarollahi & Buehler, 2025b). For
electronic materials, TopoMAS automates workflows from data retrieval to ab initio calculations,
identifying new topological phases (Zhang et al., 2025a). AtomAgents further extends this paradigm,
integrating multi-agent reasoning and physics-based constraints to design high-performance alloys
optimized across multiple objectives (Ghafarollahi & Buehler, 2025a).

More sophisticated systems are emerging to support autonomous, end-to-end material design.
Retrieval-augmented agents like LLaMP mitigate hallucinations by grounding decisions in curated
materials databases (Chiang et al., 2024; Zhang et al., 2024). Meanwhile, platforms such as MatPilot
and MAPPS enable iterative hypothesis generation, experimental planning, and robotic execution,
discovering novel crystals with minimal human intervention (Ni et al., 2024; Zhou et al., 2025).
These tools mark a shift from static automation to flexible, human-in-the-loop scientific partners.

Agentic AI also lowers the entry barrier to complex simulations and lab instrumentation. Natural
language agents like Foam-Agent and ChemGraph automate CFD and quantum chemistry tasks from
simple prompts (Yue et al., 2025; Pham et al., 2025). In physical labs, interfaces like AILA control
atomic force microscopes through conversation, democratizing access to expert-level experimen-
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tation (Mandal et al., 2024). Collectively, these developments accelerate materials research while
expanding participation.

3.3.4 PHYSICS AND ASTRONOMY

Agentic AI is transforming physics and astronomy by automating complex tasks across simulation
and experimentation. In computational physics, systems like OpenFOAMGPT (Feng et al., 2025)
act as natural language interfaces for running high-fidelity simulations. Experimental setups are
becoming autonomous, with frameworks such as k-agents (Cao et al., 2024) operating quantum
labs without human input. In astronomy, tools like StarWhisper (Wang et al., 2024) manage full
observatory pipelines, from scheduling observations to processing data in real time, enabling faster
detection of cosmic events.

These systems are not just tools but reasoning collaborators. Architectures such as MoRA (Jaiswal
et al., 2024) refine physics solutions through coordinated agent teams, while platforms like
mephisto (Sun et al., 2024) simulate scientific debate to interpret galaxy data from telescopes
like JWST. Integrated frameworks now automate entire research cycles—AI Cosmologist (Moss,
2025; Laverick et al., 2024) handles planning to publication, and SimAgents (Zhang et al., 2025c)
extract simulation setups directly from the literature. This shift promises to scale both the speed and
scope of discovery across physical sciences.

4 CHALLENGES AND FUTURE FRONTIERS IN AGENTIC SCIENCE

The rise of autonomous scientific agents introduces profound challenges to the integrity and gov-
ernance of research. Foundational principles like reproducibility are strained, as stochastic and
context-sensitive discovery trajectories replace static, verifiable code, with current models exhibit-
ing high failure rates in executing complex logical plans Xiang et al. (2025). This unreliability,
compounded by model instabilities like catastrophic forgetting and the inherent opacity of deep
learning, creates a critical validation dilemma: we struggle to distinguish genuine insight from sophis-
ticated hallucination or audit the inferential steps of a ’black-box’ discovery Yehudai et al. (2025); Xu
et al. (2025). These technical gaps raise urgent ethical questions of accountability. Who is responsible
if an agent produces erroneous findings or uncovers dual-use technologies like novel pathogens Bano
et al. (2023)? Navigating this landscape requires a new framework for AI in science, one that embeds
normative constraints directly into agent architectures and establishes robust governance to ensure
transparency and trust.

Despite these hurdles, the trajectory of agentic science promises a new paradigm of computational
epistemology. The next frontier will see agents evolve from tool-users to tool-creators, engaging in
autonomous invention by designing novel instruments or formulating new mathematical frameworks.
Beyond invention, agents trained on vast, multimodal data can serve as engines for interdisciplinary
synthesis, uncovering unifying principles by mapping latent connections between disparate scientific
fields. This vision could scale to a global cooperative ecosystem of specialized agents collaborating
to solve grand challenges currently beyond human coordination de Cerqueira et al. (2024). The
ultimate benchmark for this entire endeavor is the Nobel-Turing Test: can an autonomous system
generate a non-obvious, empirically verifiable, and paradigm-shifting discovery worthy of a Nobel
Prize Carta et al. (2023)? Pursuing this goal will drive the maturation of AI from a powerful instrument
into a true collaborator in the human quest for knowledge.

5 CONCLUSION

Agentic Science marks a transformative stage in the evolution of AI for Science, where AI systems
transition from computational assistants to autonomous research partners capable of reasoning,
experimentation, and iterative discovery. Through our unified framework connecting foundational
capabilities, core processes, and domain realizations, we provide a domain-oriented synthesis of
autonomous scientific discovery across life sciences, chemistry, materials science, and physics. By
situating agentic AI within this structured paradigm, we highlight both its broad applicability and
the technical, ethical, and philosophical challenges that must be addressed to ensure trustworthy and
impactful progress.
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