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The collaborative multi-agent and robot 
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knowledge-driven framework 

coordinating 19 LLM agents with 16 

domain-specific tools, is developed to 

accelerate materials research. By 

coordinating specialized agents with 

domain-specific tools, MARS 

autonomously executes full-cycle 

materials development, from design to 

synthesis and optimization. The system 

demonstrated a 60-fold acceleration in 

developing a water-stable perovskite 

nanocomposite through cross-domain 

knowledge integration. This paradigm 

shift enables researchers to focus on 

creative problem-solving while AI handles 

repetitive tasks, fundamentally changing 

materials innovation approaches.
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SUMMARY

Large language models (LLMs) provide new possibilities for accelerating materials research, yet their 
application in complex materials science remains limited. Here, we developed the collaborative multi-

agent and robot system (MARS), a knowledge-driven hierarchical architecture coordinating 19 LLM 
agents with 16 domain-specific tools for closed-loop autonomous materials discovery. MARS combines 
scientific knowledge with decision-making capabilities while mitigating hallucination through retrieval-

augmented generation with a customized knowledge base. In experimental validation, the system

PROGRESS AND POTENTIAL Large language models (LLMs) provide new possibilities for accelerating ma-

terials research, yet their application in complex materials science remains limited. Here, we developed the 

collaborative multi-agent and robot system (MARS), a knowledge-driven hierarchical architecture coordi-

nating 19 LLM agents with 16 domain-specific tools organized into functional modules, achieving closed-

loop autonomous materials discovery by integrating robotic experimentation. MARS offers accurate and pro-

fessional guidance for materials development and relieves the hallucination inherent to current LLMs through 

a hybrid retrieval-augmented generation approach. As experimental validation, the system demonstrates its 

capabilities in perovskite nanocrystal development, optimizing synthesis protocols within 10 experimental 

iterations and designing a biomimetic ‘‘core-shell-corona’’ structure for water-stable perovskite composites 

within 3.5 h compared to conventional methods requiring 4–6 months. Through an interactive natural lan-

guage interface, researchers can orchestrate experiments while tracking real-time agent coordination. 

Beyond efficiency gains, MARS represents a paradigm shift toward truly autonomous materials research 

where knowledge-driven AI can initiate scientific discovery. MARS can combine knowledge from different 

scientific fields to create solutions that human researchers might overlook, as demonstrated by its biomi-

metic design inspired by cell membranes. Looking forward, we envision MARS accelerating discoveries 

across critical areas including renewable energy materials, medical compounds, and sustainable technolo-

gies. This could help address urgent global challenges like climate change and healthcare needs by removing 

research bottlenecks. As the system evolves, it could democratize advanced materials research by reducing 

dependence on specialized infrastructure and expertise, allowing scientists worldwide to focus on creative 

problem-solving rather than repetitive tasks. MARS represents not just an improvement in research effi-

ciency but also a fundamental shift in how we approach materials innovation.

Matter 9, 102577, February 4, 2026 © 2025 Elsevier Inc. 1
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optimized perovskite nanocrystal synthesis within 10 iterations and designed a biomimetic ‘‘core-shell-

corona’’ structure for water-stable perovskite composites in 3.5 h versus conventional methods requiring 
4–6 months. This acceleration automates literature review and experimental planning, allowing re-

searchers to focus on creative thinking while interacting through a natural language interface. This 
work establishes an integrated AI-driven framework for accelerating materials innovation and presents 
a paradigm for AI-enabled scientific discovery.

INTRODUCTION

Materials are the foundation of human understanding and trans-

formation of the world, and innovations in this field are critical to 

societal progress and technological advancement. 1,2 The dis-

covery and application of new materials is typically a complex, 

lengthy, and costly process that requires the accumulation of 

multidisciplinary knowledge, extensive study of prior research, 

expertise in preparation techniques, time-intensive experimental 

iterations, and thorough validation in practical scenarios. 3–6 To 

enhance the efficiency of materials innovation, scientists have 

made sustained and long-term efforts, such as the launch of 

the Materials Genome Initiative in 2011, which aims to accelerate 

materials discovery using high-throughput computational and 

experimental platforms. 7–9 Despite these advances, the devel-

opment of new materials typically still requires years, highlighting 

the urgent need for new methodologies to accelerate the pace of 

materials research.

Since OpenAI released ChatGPT, large language models 

(LLMs) have attracted widespread research interest, leading to 

substantial breakthroughs across various fields. 10,11 LLMs can 

serve as invaluable research assistants and aid researchers in effi-

ciently mining literature, quickly accessing critical data, and 

providing potential optimization strategies. 12–15 Besides, LLMs 

have recently shown exceptional abilities in code generation, 

specialized tool integration, and strategic planning. 16–23 These ad-

vances have enabled several pioneering studies that successfully 

couple LLM-powered agents with robotic experimentation plat-

forms, achieving autonomous chemical synthesis, 24,25 acceler-

ated reaction optimization, 26 and intelligent synthesis route 

recommendation, 27 thereby demonstrating the transformative 

potential of AI-driven laboratory automation. These capabilities 

are particularly valuable for materials science, where the inher-

ently multidisciplinary nature demands precise knowledge extrac-

tion and integration from an ever-expanding scientific literature. 28 

This is particularly evident in nanomaterials research, a field char-

acterized by an explosion of scientific literature over the past two 

decades, yet struggles with challenges of research redundancy 

and reproducibility. 29,30 While promising, leveraging the full 

potential of LLMs for autonomous materials research requires ad-

dressing key challenges, including accurate comprehension of 

domain-specific knowledge, mitigation of hallucinations, robust 

control of automated synthesis, efficient management of complex 

tasks, and development of systematic workflows.

Herein, we develop a knowledge-driven multi-agent and robot 

system (MARS) for end-to-end autonomous materials discovery. 

MARS employs a collaborative network of 19 specialized LLM 

agents with access to 16 domain-specific tools to orchestrate 

complex material research tasks by integrating the robotic plat-

form. Critically, MARS leverages a comprehensive materials sci-

ence knowledge base that guides its reasoning and mitigates 

hallucinations, providing professional guidance and designing 

multi-step synthesis processes compatible with automated ro-

botic platforms. Subsequently, MARS can control multiple ro-

botic platforms to autonomously execute iterative experiments 

(synthesis, analysis, and optimization) to achieve research ob-

jectives, demonstrated by successfully tuning green-emitting 

perovskite nanocrystals to target blue emission within 10 exper-

imental iterations. These capabilities enable MARS to function as 

a human research team with superior domain-specific expertise 

compared to existing LLM-based systems. Furthermore, 

demonstrating its accelerated discovery potential, MARS auton-

omously designed and synthesized CsPbBr 3 @LP/PEG compos-

ite with enhanced water stability and biocompatibility within 3.5 

h, significantly accelerating materials development by 60-fold 

compared with the traditional method. By automating literature 

review, experimental planning, and protocol optimization, 

MARS allows human researchers to redirect their focus toward 

higher-level scientific insights, hypothesis generation, and crea-

tive problem-solving. Moreover, a user-friendly web interface fa-

cilitates intuitive interaction with MARS, enabling researchers to 

specify research objectives in natural language and monitor the 

automated workflow, creating a synergistic human-AI partner-

ship that maximizes scientific productivity and accelerates the 

pace of materials innovation.

RESULTS

The architecture of MARS

This automated materials research framework employs a multi-

agent system architecture that is analogous to a well-coordi-

nated research laboratory. The MARS framework coordinates 

a network of 19 specialized agents, enabling complex multi-

objective tasks in materials design, synthesis, and analysis 

through collaborative intelligence. These agents constitute a 

higher-level framework built on LLMs, leveraging their core 

reasoning and generative capabilities while incorporating task 

definition, dynamic utilization of 16 professional toolkits, and 

feedback loops to achieve complex objectives beyond the ca-

pacity of standalone LLMs. As shown in Figure 1A, the system 

is hierarchically structured into five synergistic functional groups 

with distinct responsibilities to emulate the real-world scientific 

research team, including the ORCHESTRATOR group (G1), 

SCIENTIST group (G2), ENGINEER group (G3), EXECUTOR 

group (G4), and ANALYST group (G5) (see Note S1).

The ORCHESTRATOR Group serves as the central coordi-

nator, plans sub-tasks based on user requests, and selects the 

appropriate agent group to complete the sub-task, while
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managing the message queue between agent groups. The 

SCIENTIST group, equipped with the hybrid retrieval-

augmented generation (RAG) strategy and several customized 

information retrieval tools, focuses on materials knowledge 

retrieval and solution design, satisfying materials synthesis, 

structure, property, and application requirements. The 

ENGINEER group translates scientific proposals into executable 

protocols, bridging the gap between theoretical design and 

practical implementation. As presented in Figure 1B, the 

EXECUTOR group interacts with automated experimental plat-

forms to carry out these protocols, controlling instrumentation, 

collecting data, and ensuring the reliable execution of designed 

experiments. Finally, the ANALYST Group analyzes experi-

mental results and generates refinement strategies, driving iter-

ative improvement and optimization based on experimental 

data. This modular design allows for specialized expertise and 

efficient task distribution among the agent groups. 31

An effective, hierarchical message-passing mechanism is 

crucial to MARS, enabling multimodal (text, code, data, and im-

age) communication between and within functional groups. 

Similar to information flow in research laboratories, the 

ORCHESTRATOR (G1) acts as a central hub, receiving user re-

quests, analyzing requirements, planning, and distributing sub-

tasks to administrator agents (function as team leaders) within

each group (G2–G5). These administrator agents further hand 

off sub-tasks to specialized agents within their respective 

groups. Leveraging domain expertise and dedicated tools 

(e.g., GraphRAG for SCIENTIST, Python REPL for ENGINEER, 

and Matplotlib for ANALYST), these agents execute their as-

signed tasks. Results are aggregated by the administrators 

and returned to the ORCHESTRATOR, which evaluates them 

and adjusts the whole sub-task list, assigning tasks or returning 

final results. This hierarchical structure, with clearly defined roles 

and communication pathways, ensures efficient collaboration, 

robust task management, and a streamlined, adaptable work-

flow for materials design.

As illustrated in Figure 1C, MARS integrates a human-in-the-

loop mechanism, enabling dynamic task adjustment and optimi-

zation through user interaction and feedback with the 

ORCHESTRATOR. This allows expert intervention and validation 

at critical decision points when agents request assistance from 

experts, effectively combining computational efficiency with hu-

man expertise to ensure practical validity while maintaining 

autonomous operation. Figure 1D presents the user-friendly 

interface that facilitates user interaction and real-time 

monitoring of the experimental workflow (see Note S2 and 

Figures S1 and S2). As shown in Figure 1E, the capabilities of 

MARS have been validated by designing and synthesizing

Figure 1. Architecture of MARS

(A) Overview of the MARS system. Circles represent 5 functional groups, and dashed boxes indicate callable toolkits.

(B) Physical setup of the multi-robot control platform.

(C) The mechanism of human-in-the-loop.

(D) Web-based user interface of MARS.

(E) Experimental validation and evaluation.
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diverse nanomaterials, demonstrating the effectiveness in prac-

tical research scenarios.

Knowledge-driven automated experimentation 

Retrieval-augmented generation (RAG) enhances language 

model outputs by incorporating relevant information from 

external knowledge sources before generating responses. This 

approach grounds model outputs in factual, domain-specific in-

formation, thereby reducing hallucinations that commonly occur 

when models rely exclusively on knowledge embedded during 

training. 32 MARS integrates materials knowledge retrieval with 

experimental execution, forming complementary cognitive and 

physical dimensions that enable the system to transition from 

conceptual understanding to real-world synthesis. Research 

on materials typically begins with comprehensive literature re-

view and information retrieval. The SCIENTIST group acceler-

ates this process through a hybrid RAG approach that trans-

forms unstructured scientific literature into structured 

experimental guidance. Our hybrid RAG framework combines 

traditional vector similarity search with graph-based retrieval 

methods (GraphRAG), enabling more comprehensive and con-

textually aware information retrieval for complex materials sci-

ence queries.

As illustrated in Figure 2A, four specialized LLM-based agents 

within the SCIENTIST group focus on distinct areas: structure, 

synthesis, properties, and applications, each contributing 

distinct expertise while leveraging specialized retrieval tools. 

The core retrieval system combines three primary approaches: 

KeywordSearch for word-level query matching, VectorSearch 

for semantic-level similarity-based matching, and GraphRAG 

for topic-level view through the knowledge graph. This hybrid 

approach ensures comprehensive query results by balancing 

sentence matching, paragraph matching, and topic view.

As shown in Figure 2B, MARS utilizes an extensive knowledge 

base carefully constructed from academic papers, books, and 

web resources to support this retrieval system (see Note S3). 

These diverse sources are converted to markdown format for 

natural segmentation and then enhanced with vector represen-

tations for similarity searches and structured into knowledge 

graphs for conceptual reasoning. 33–35 Online resources 

(WebSearch, LitSearch, and DatabaseSearch) supplement the 

offline knowledge base when required. Upon receiving a sub-

task from the ORCHESTRATOR, the admin agent of the 

SCIENTIST group routes it to the most appropriate specialized 

agent using tailored prompts. These specialized agents utilize 

hybrid retrieval tools to acquire relevant domain knowledge 

when needed, thus enhancing the accuracy of their responses. 

To demonstrate the capabilities of MARS, the synthesis of 

perovskite nanocubes is selected as a representative task. 

CsPbBr 3 perovskites are promising for optoelectronic applica-

tions, but their nanocrystal synthesis is complex, with multiple 

interdependent factors including precursor selection, ligand en-

gineering, reaction temperature control, and precise timing of 

various steps. For this demonstration, a specialized knowledge 

base was constructed from 1,348 high-impact perovskite publi-

cations, resulting in a vector database (7,818 segments) and a 

comprehensive knowledge graph (117,749 nodes and 232,490 

edges), which provides a rich foundation for material synthesis

reasoning (see Figures S3 and S4). As shown in Figure 2C, 

MARS demonstrates superior performance by accurately 

retrieving precise reagent specifications and procedural details 

(see Note S4), whereas conventional LLMs like GPT-4o, o3-

mini, and Llama 3.1-70B produce hallucinations. Regarding hal-

lucinations, we identified several issues: numerical fabrication 

(such as providing integer values rather than stoichiometric ra-

tios), incorrect synthesis conditions (inappropriate solvent or 

precursor selection), omission of critical experimental steps, 

and disregard for user constraints (see Note S5). MARS miti-

gates these issues through its multi-agent RAG architecture 

and addresses the knowledge deficit, which is identified as the 

fundamental cause of hallucinations. 36

As shown in Figure 2D, knowledge is transformed into action 

through the ENGINEER and EXECUTOR groups, which convert 

conceptual understanding into physical experimentation. 

Figure 2E illustrates the ENGINEER group, which serves as the 

crucial bridge, translating synthesis protocols into machine-

executable instructions through four specialized agents: the 

scheme plotter creates visual flowcharts for human verification, 

the structural engineer converts protocols to standardized JSON 

schemas, the software engineer generates specialized code 

when needed, 37,38 and the code reviewer ensures operational 

safety and feasibility (see Note S6). Subsequently, the 

EXECUTOR group implements these instructions through a 

self-developed experimental robotic platform 5 (see Figure S5) 

that integrates workstation controller, mobile-robot controller, 

and characterization controller agents communicating with uni-

fied control middleware (see Figure S6).

Figure 2F demonstrates this workflow through the automated 

room temperature synthesis of CsPbBr 3 nanocrystals. Upon 

receiving the synthesis scheme from the SCIENTIST group, the 

ENGINEER group transforms the protocol into machine-execut-

able instructions, which are subsequently passed to the 

EXECUTOR group. The workstation and mobile-robot controller 

agents transmit these instructions through the scheme transmis-

sion API tool to the unified control middleware on the computer 

workstation, thereby initiating the physical synthesis process. 

The middleware coordinates a sequence of automated opera-

tions: (1) mobile robots locate reagents and consumables from 

storage areas (no. 1–3); (2) the robots transport reagent bottles 

to the adding device (no. 4–5); (3) the materials are transferred 

to the liquid workstation (no. 6) for precise pipetting, stirring, 

and heating; and (4) the completed samples are transported to 

the fluorescence spectrometer (no. 7) for characterization. 

Throughout this process, spectroscopic data are transmitted 

to the middleware and accessed by the DataCollector agent 

for analysis.

Knowledge-driven automated experimentation

Parameter optimization is a critical component in materials sci-

ence research. Conventional machine learning methods generally 

require extensive experimental data to build optimization models, 

but data are lacking in actual experimental processes. Figure 3A 

illustrates how MARS implements a paradigm shift by employing 

knowledge-driven reasoning rather than relying on data-intensive 

modeling approaches. By leveraging the powerful reasoning ca-

pabilities of LLMs combined with comprehensive materials
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knowledge, the system can perform advanced parameter optimi-

zation and synthesis prediction with minimal experimental data. 15 

This paradigm shift enables efficient exploration of synthesis pa-

rameters without the high-throughput experimentation typically 

required by machine learning methods. The Experiment Optimizer 

agent demonstrates effective LLM specialization through struc-

tured system prompts. The prompt design includes several 

essential elements: clear role definition (‘‘You are a professional 

Experiment_Optimizer’’), integration with analytical tools (Scikit-

Learn, Optuna, and Matminer for modeling), and access to 

domain-specific literature through RAG retrieval and online 

search tools. This design implements a decision framework that 

directs the agent to select between code-based modeling for 

data-rich scenarios and knowledge-based parameter adjustment 

when data are limited, mimicking the actual workflow of materials 

scientists. Besides, the ANALYST_Admin agent enhances system 

robustness by providing critical coordination and quality control 

functions, including verification of chemical validity and

Figure 2. MARS for materials synthesis design and automated experimentation

(A) Overview of the SCIENTIST group.

(B) Schematic diagram of the hybrid RAG approach.

(C) Responses generated by GPT-4o and MARS to the same user query (uniform sampling parameters across systems: top_k = 0, top_p = 1, temperature = 0).

(D) Overview of the ENGINEER and EXECUTOR groups.

(E) Example of code and the controlled experimental robotic platform.

(F) Workflow of typical CsPbBr 3 nanocrystal synthesis process.
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identification of duplicate recipes, thereby establishing compre-

hensive optimization through internal error correction mecha-

nisms that single-model systems typically lack.

As shown in Figure 3B, the capabilities of MARS in feedback-

driven optimization were demonstrated through the challenging 

task of tuning perovskite nanocrystal emission from green 

(523 nm) to blue (460 nm). All-inorganic perovskite nanocrystals 

have attracted considerable research interest due to their facile 

colloidal synthesis, tunable emission wavelengths spanning the 

entire visible spectrum, high photoluminescence quantum 

yields, and narrow emission bands. Wavelength tuning through 

halide composition engineering represents a crucial research di-

rection with significant applications in light-emitting diodes 

(LEDs), lasers, and quantum light sources. Besides, this task 

demonstrates a classic materials optimization challenge that re-

quires precise control over quantum confinement effects and 

composition, typically achieved through halide exchange (Br to 

Cl substitution) or dimensional control. This optimization process 

demands professional reasoning about how precursor ratios and 

reaction conditions affect band-gap engineering in semicon-

ductor nanocrystals, guided by well-defined targets with quanti-

fiable outcomes. From an experimental demonstration perspec-

tive, this optimization task provides rapid visual feedback 

through color changes and enables real-time optical character-

ization, effectively highlighting the multi-parameter optimization 

capabilities of MARS.

Figure 3C presents the distribution of key reagents (including 

solvents, Cs sources, Pb sources, and ligands) reported in the 

literature for room temperature antisolvent precipitation of 

blue-emitting perovskites. These statistics were extracted from

Figure 3. Optimization capabilities of MARS

(A) Overview of the ANALYST Group.

(B) Visualization of the multi-round iterative process of the agent.

(C) Comparison of reagent choices across the knowledge base.

(D) Mathematical expression used to calculate advantage values.

(E) Comparison of optimization process performed based on MARS, GPT-4o, and Mistral Large2.

(F) PL curve in iteration process based on MARS.
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the MARS knowledge base to help researchers establish a 

chemically reasonable design space grounded in prior experi-

mental work. Notably, achieving the target 460 nm emission re-

mains a zero-shot optimization challenge that requires iterative 

reasoning through complex constraints without prior experi-

mental data for this specific target. Figure 3D shows the merit 

function, defined as the difference between the emission peak 

of the product and the target value, which is designed to assess 

optimization progress. For comparison, three parallel optimiza-

tion iterations using MARS, currently one of the most powerful 

closed-source LLMs (GPT-4o), and the leading open-source 

LLM (Mistral Large2) were performed. To ensure scientific rigor 

and fairness in our comparative evaluation, we designed a 

controlled experiment where all participating models (MARS, 

GPT-4o, and Mistral Large 2) received identical standardized 

input formats. Notably, in preliminary tests requiring indepen-

dent synthesis protocol generation for 523 nm CsPbBr 3 nano-

crystals (NCs) without any starting recipe, only MARS success-

fully provided a complete and executable ligand-assisted 

reprecipitation synthesis protocol. In contrast, GPT-4o and 

Mistral Large 2 could only provide vague guidance or even 

demonstrate fundamental chemical misconceptions, high-

lighting the professional knowledge gap between specialized 

and general-purpose models.

All models began optimization from the same initial recipe 

(523 nm emission) provided by MARS for the formal optimization 

comparison. Optimization concluded upon reaching a merit 

value >0.95 or after 15 iterations. To ensure fair comparison, 

the optimization suggestions from GPT-4o and Mistral Large 2 

were manually input into the automated experimental platform 

of MARS for execution, as MARS functions as an integrated 

design-experiment-optimization system capable of directly 

executing synthesis protocols and obtaining experimental feed-

back, whereas other models only provide textual responses. 

Each model received identical iterative feedback in a standard-

ized table format containing current emission peak, historical 

data, and optimization targets (see Note S7). As presented in 

Figure 3E, MARS requires an average of only 8.3 iterations to 

reach the stopping condition, while GPT-4o and Mistral Large2 

require 12.7 and 12.3 iterations, respectively. Mistral Large2 

even fails to reason correctly once under the given rules, remain-

ing far from the target even after more than 15 iterations. 

Figure 3F demonstrates how MARS achieves the target within 

ten iterative optimization cycles, highlighting its capability to 

autonomously use domain knowledge for guiding subsequent 

experimental decisions. This knowledge-driven approach 

significantly reduces the experimental burden by requiring fewer 

iterations to reach targets, allowing researchers to explore syn-

thesis parameters more efficiently than standalone LLMs. Supe-

rior optimization efficiency in the MARS system is achieved 

through four key design elements that address fundamental 

limitations of general-purpose LLMs in materials science appli-

cations. First, specialized prompt engineering has proven 

effective for enhancing domain-specific LLM performance. 39,40 

Second, the multi-agent architecture enables task decomposi-

tion and specialization, avoiding cognitive overload when single 

models handle heterogeneous tasks. 41,42 Third, structured deci-

sion flows with internal quality checks provide multiple error

correction points, ensuring reliable outputs. 43 Finally, the 

knowledge-enhanced mechanism through hybrid RAG provides 

professional depth far exceeding general models, enabling 

scientifically grounded optimization strategies rather than blind 

trial and error. 44,45

Knowledge-driven materials design

The design of novel functional materials typically requires re-

searchers to possess extensive cross-disciplinary knowledge 

and rich experiential accumulation, particularly for complex ma-

terial systems that necessitate balancing multiple performance 

dimensions. Figure 4 demonstrates in detail how the MARS sys-

tem overcomes limitations of traditional development paradigms 

to assist scientists in achieving materials design and synthesis 

validation of perovskite ternary nanocomposite structures (see 

Note S8). As shown in Figure 4A, traditional materials design cy-

cles typically require several months, encompassing literature 

review, experimental design, materials synthesis, result valida-

tion, and experimental optimization. This process heavily de-

pends on researchers’ efforts and experience while simulta-

neously constraining innovation possibilities due to insufficient 

systematic knowledge integration. In contrast, the MARS-assis-

ted design cycle accelerates this process significantly and en-

ables efficient material design through knowledge-driven and 

collaborative operations of multiple agents (G1–G5), compress-

ing the entire procedure to just a few hours.

While precise wavelength control demonstrates the optimiza-

tion capabilities, the fundamental challenge limiting perovskite 

nanocrystal applications is their poor stability. Lead halide pe-

rovskites like CsPbBr 3 possess ionic crystal structures that 

readily decompose upon water exposure, causing complete 

fluorescence quenching within hours. This weakness prevents 

practical deployment in photovoltaics, LEDs, and other optoe-

lectrical applications. According to Web of Science analysis 

(see Figure S7), research on perovskite water stability has grown 

exponentially, reflecting the urgent need for effective stabiliza-

tion strategies. Given this critical challenge, we tasked MARS 

with designing water-stable perovskite nanocrystals to show-

case its capability in addressing pressing materials science 

problems.

The multi-round interaction process illustrated in Figure 4B re-

veals how the MARS progresses from mechanistic understand-

ing to creative design through increasingly refined problem anal-

ysis and solution strategies. In round 1, when researchers 

inquired about core-shell stabilization mechanisms, MARS pro-

vided comprehensive explanations of how this approach pro-

tects perovskites through moisture barriers, defect passivation, 

thermal stability enhancement, and ion migration suppression. 

During this exploration of stability solutions, researchers noted 

an additional opportunity revealed by literature analysis: the 

growing interest in biomedical applications of perovskite mate-

rials (see Figure S8). These applications require both stability 

and biocompatibility as essential properties. This insight guided 

the subsequent interaction in round 2, where researchers intro-

duced biocompatibility as an additional requirement. MARS 

identified this dual challenge and proposed multiple candidate 

solutions, including oxides, polymers, and biomimetic shells, 

each with distinct advantages for different application scenarios.

Matter 9, 102577, February 4, 2026 7

Article
ll



From these options, phospholipid encapsulation was ultimately 

selected by researchers due to two key advantages: the amphi-

philic nature of phospholipids facilitates self-assembly on nano-

crystal surfaces under mild conditions that preserve crystal 

structure while providing protective encapsulation; and as major 

components of biological membranes, phospholipids inherently 

offer excellent biocompatibility. This strategic selection resulted 

in materials possessing the combined properties of excellent 

fluorescence, environmental stability, and biocompatibility 

required for advanced applications in biosensing, cell imaging, 

and tumor-targeted therapy.

When researchers specifically asked about phospholipid 

bilayer encapsulation in round 3, MARS provided detailed pre-

cursor recommendations including various phospholipids, 

such as 1,2-dipalmitoyl-sn-glycero-3-phosphocholine (DPPC), 

1,2-Dioleoyl-sn-glycero-3-phospho-(1’-rac-glycerol) (DOPG), 1-

palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC), 1,2-

dioleoyl-sn-glycero-3-phosphocholine (DOPC), and functional 

components (cholesterol and 1,2-Distearoyl-sn-glycero-3-phos-

phorylethanolamine [DSPE]). Following this prioritized recom-

mendation, researchers specified DPPC for further design in 

round 4. As shown in Figure 4C, MARS identified limited research 

reports on direct perovskite-DPPC composites through its 

retrieval results and then analyzed relevant advances in lipo-

somes, quantum dot encapsulation, and biomimetic membrane 

systems to establish foundations for innovative design. The sys-

tem proposed a ‘‘core-shell-corona’’ ternary structure concept, 

utilizing a lipid bilayer to provide hydrophobic barriers while intro-

ducing a polyethylene glycol (PEG) corona to enhance colloidal 

stability. Specifically, the resulting ternary structure includes (1) 

core: CsPbBr 3 or MAPbBr 3 perovskite nanocrystals, providing 

excellent optical properties; (2) shell: a liposomal structure 

composed of DPPC and cholesterol, with cholesterol incorpora-

tion helping to modulate membrane fluidity and mechanical sta-

bility, forming a dense barrier layer that blocks water and oxygen 

molecule penetration; and (3) corona: DSPE-PEG 2000 functional 

polymer brushes, providing colloidal stability through steric 

repulsion while conferring biocompatibility and potential for tar-

geted functionalization. Notably, MARS prioritized DPPC in 

its phospholipid recommendations over the commonly used

Figure 4. MARS-assisted design and synthesis of perovskite nanocomposite materials

(A) Efficiency comparison between the traditional materials design cycle and the MARS-assisted design process.

(B) Multi-round knowledge-driven interaction process for designing CsPbBr 3 @LP/PEG composite materials.

(C) Biomimetic membrane ternary ‘‘core-shell-corona’’ design.

(D) Synthesis route for CsPbBr 3 @LP/PEG.

(E) Structural illustration of CsPbBr 3 @LP/PEG.
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DOPC in the literature. 46–49 The scientific rationale for this recom-

mendation becomes clear when comparing their molecular 

structures: although both DPPC and DOPC possess neutral 

phosphocholine headgroups, the saturated palmitic chains 

(16:0) of DPPC form more densely packed membranes with 

significantly lower water permeability compared to the unsatu-

rated oleic chains (18:1) of DOPC. 50 The incorporation of choles-

terol further enhances membrane organization by promoting 

liquid-ordered phase formation with DPPC, resulting in an excep-

tionally robust water barrier. 51,52 This multi-level structural design 

achieves synergistic optimization of perovskite surface defect 

passivation, physical barriers against water/oxygen permeation, 

and colloidal stability at the molecular level, demonstrating the 

capability of MARS to integrate multidisciplinary knowledge for 

creative design.

Figure 4D illustrates the two-step synthesis route designed by 

MARS, reflecting its professional translation capability from theo-

retical design to experimental protocol (see Note S8). After the re-

searchers acknowledged this design proposal and issued syn-

thesis instructions, MARS generated JSON protocols and 

automatically performed the synthesis of this composite on our 

robotic platform. Within 3.5 h of the initial query, perovskite nano-

crystal aqueous solutions were successfully obtained (Figure 4E). 

To investigate the behavior of CsPbBr 3 @LP/PEG NCs in an 

aqueous environment, the evolution of their photoluminescence 

(PL) was tracked. As detailed in Figure S9A, the PL emission ex-

hibited an initial slow increase followed by a gradual decrease 

upon water immersion. This fluorescence evolution is not uncom-

mon and has been observed in other phospholipid-coated 

CsPbX 3 systems. 53 Previous studies have demonstrated that in-

teractions with water can lead to surface defect passivation and 

induce a phase transition from CsPbBr 3 to CsPb 2 Br 5 , forming 

heterostructures that initially enhance fluorescence. 54,55 Our 

X-ray crystallography (XRD) characterization confirmed the for-

mation of the CsPb 2 Br 5 phase during water immersion, consis-

tent with these literature reports (see Figure S9B). Cytotoxicity 

testing confirmed the effectiveness of phospholipid encapsula-

tion in enhancing perovskite biocompatibility. In the evaluation, 

CsPbBr 3 @LP/PEG maintained >95% cell viability at concentra-

tions up to 100 μg/mL, while pristine CsPbBr 3 showed significant 

cytotoxicity (see Figure S10). These results demonstrate that 

phospholipid encapsulation effectively prevents lead ion leaching 

while improving optical stability for further biological applications.

Performance evaluation of the MARS framework

The capabilities of MARS were rigorously assessed through pair-

wise win rate based on established LLM evaluation frameworks 

(see Note S11). 56 Specifically, a benchmark dataset comprising 

929 materials science text fragments with standardized test 

questions was constructed through an automated question-

answer pair generation protocol. Claude3.5-Sonnet was em-

ployed to conduct iterative pairwise comparisons between 

model responses, with randomized response ordering to miti-

gate positional bias. 57 This method significantly enhances the 

measurability of subtle differences between models, ensuring 

robust discriminative validity and statistical reliability.

As shown in Figure 5A, the fundamental architectural advan-

tage of MARS is demonstrated through systematic comparisons

using identical base models. When GPT-4o is employed as the 

foundation in both systems, MARS achieves a 60.02% win rate 

against the single-agent implementation. This significant 

performance reveals critical architectural differences: MARS 

overcomes the limitations of single-agent systems through 

hierarchical design, where performance typically degrades 

when processing extensive contexts and managing multiple 

simultaneous tasks. By implementing specialized agents with 

defined responsibilities and enabling multi-round, depth-focused 

information retrieval within isolated task groups, MARS effec-

tively reduces cognitive burden on individual models while 

enhancing overall system stability and knowledge integration ca-

pabilities. 36 Additionally, MARS also outperforms ChatGPT-4o 

(the web interface version), achieving a 61.89% win rate. This 

result demonstrates how domain-specific knowledge integration 

and hierarchical multi-agent architecture provide advantages 

over even highly optimized consumer AI systems.

Figure 5B demonstrates the adaptability of MARS across 

different foundation models, validating the broad applicability of 

the framework. Beyond the closed-source GPT-4o accessed via 

API, MARS was successfully implemented using DeepSeek-R1, 

a powerful open-source model with strong reasoning capabilities. 

The pairwise comparison results show that MARS (R1) consis-

tently outperforms both the single-agent (R1) and the standalone 

DeepSeek-R1 model, confirming that the multi-agent architecture 

provides performance advantages regardless of foundation 

models. The average win rate analysis in Figure 5C reveals that 

MARS systems achieve higher overall performance compared to 

their single-agent counterparts and base models. The overall 

win rates were calculated by averaging win rates from all unique, 

non-self pairwise comparisons (see Figure S11). The performance 

hierarchy clearly shows that MARS benefits from stronger founda-

tion models, with the R1-based implementation achieving higher 

average win rates than the GPT-4o version. This dependence on 

base model capabilities suggests that as LLMs continue to 

improve, the MARS framework will correspondingly enhance its 

performance in materials science applications. The multi-agent ar-

chitecture thus provides a scalable approach that can adapt to 

and benefit from ongoing advances in LLMs.

While automated benchmarking provides quantitative com-

parisons, validating the practical utility of MARS in domain-

specific scenarios requires expert assessment. Our evaluation 

panel comprised 10 researchers with extensive expertise in 

nanomaterial synthesis: 3 PhD candidates, 3 assistant re-

searchers, 2 associate researchers, and 2 professors. All evalu-

ations followed a double-blind protocol, with each test case 

independently scored by 5 experts. We employed a 10-point 

comprehensive scoring system evaluating three primary dimen-

sions: scientific accuracy (40%), task completion (30%), and 

reasoning quality (30%). The evaluation tasks spanned four 

key aspects of materials research: structure design, synthesis 

protocol development, property prediction, and application opti-

mization. Detailed results and task-specific performance ana-

lyses are provided in Note S9, where MARS consistently demon-

strated superior accuracy and experimental actionability 

compared to baseline models (Figure S12).

Having demonstrated the effectiveness of MARS in perov-

skite nanocrystal synthesis, optimization, and design in the
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main study, the evaluation was further extended to encompass 

a broader range of liquid-phase nanomaterial systems. As 

demonstrated in Figure 5D, MARS was successfully applied 

to materials across different dimensionalities, including Au 

nanorods, Ag nanowires, graphene, and black phosphorus 

nanosheets. For each material system, MARS autonomously 

designed natural language synthesis protocols, generated 

structured JSON protocols, and executed experimental pro-

cedures. This comprehensive validation across multiple 

evaluation methods and diverse material systems, combined 

with the proven adaptability of the framework to different foun-

dation models, establishes MARS as a broadly applicable plat-

form for accelerating materials research through intelligent 

automation.

DISCUSSION

This work introduces MARS, an LLM-driven platform for autono-

mous materials development. MARS integrates 19 specialized 

agents within a hierarchical framework, which are organized 

into functional groups to facilitate collaborative execution of 

complex tasks spanning design, synthesis, and optimization. 

By leveraging a curated knowledge base and a hybrid RAG 

approach, MARS achieves enhanced accuracy and mitigates 

LLM hallucinations, enabling professional-grade, autonomous 

experimentation. Significantly, MARS achieved rapid optimiza-

tion of material properties (e.g., tuning green-emitting perovskite 

nanocrystals to blue emission within 10 iterations) and discovery 

of novel materials within hours, significantly accelerating the

Figure 5. Evaluation and practical demonstration of MARS

(A) Pairwise win rate between MARS and single-agent (GPT-4o), ChatGPT-4o web interface, and GPT-4o (50% win rate for self-comparison, not tested).

(B) Pairwise win rate matrix demonstrating framework scalability (50% win rate for self-comparison, not tested).

(C) Average win rates across all pairwise comparisons.

(D) Validation of the automated synthesis capabilities of MARS across diverse nanomaterial systems.
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research process. Beyond efficiency gains, the MARS architec-

ture enables seamless information flow and knowledge accumu-

lation throughout the research pipeline, creating a responsive 

closed-loop system that adapts to experimental feedback in 

real time.

MARS represents a significant step toward autonomous mate-

rials research. This system reduces substantial repetitive work, 

allowing researchers to focus on creative thinking and scientific 

insights. The flexible, collaborative agent framework permits 

customization by researchers, enabling integration of local data-

bases and adaptation to diverse experimental platforms. Such 

features facilitate tailoring to specific research needs while ex-

panding applicability across various materials and synthesis 

techniques. Despite these advantages, current limitations must 

be acknowledged. MARS primarily relies on existing literature 

knowledge for combinatorial optimization, with its innovative ca-

pacity currently limited to incremental improvements rather than 

breakthrough discoveries. This reflects fundamental challenges 

in applying LLMs to scientific research: distinguishing rational 

inference from hallucinatory outputs and balancing knowledge 

dependence with exploratory innovation. The system functions 

as an intelligent research assistant that accelerates discovery 

cycles rather than replacing human creativity.

Beyond performance, reproducibility and runtime error 

handling represent critical factors for practical adoption in labo-

ratory settings. The MARS architecture addresses reproduc-

ibility through a comprehensive open-source implementation 

with standardized interfaces between agent modules and ro-

botic components. This design allows other laboratories to repli-

cate system functionality, though some adaptation to specific 

hardware configurations remains necessary. Regarding error 

management, MARS employs a multi-tiered approach to handle 

failures in both design and synthesis processes: human interven-

tion is strategically integrated at critical decision points, autono-

mous replanning occurs when agents detect suboptimal out-

comes, and rule-based verification protects robotic execution. 

This flexible error handling capability ensures experimental con-

tinuity despite the unpredictable challenges inherent in materials 

research, maintaining system reliability without constant expert 

supervision.

Future development will focus on standardized interfaces for 

laboratory equipment, enabling more complex experimental 

control. Beyond predefined functions, future LLMs could auton-

omously devise experimental strategies, optimize parameters, 

and adapt to unexpected situations, realizing embodied intelli-

gence in materials research. Besides, while the hybrid RAG 

approach mitigates hallucinations, further advancements in 

LLM architectures and domain-specific fine-tuning are crucial. 

Critical directions include integrating physics-based simulations 

and first-principles calculations to enhance scientific reasoning 

capabilities, developing more reliable metrics for assessing inno-

vation versus hallucination. We believe the evolution from knowl-

edge-driven to genuinely autonomous innovation represents the 

necessary trajectory for AI in scientific research, with the current 

work establishing an important foundation for this long-term 

goal. Future MARS iterations promise to accelerate materials 

discovery and development to meet evolving scientific and in-

dustrial demands.

METHODS

Architecture details

MARS design

The MARS system utilizes GPT-4o from OpenAI as its foundation 

model, with the temperature parameter set to 0.1 to ensure high 

stability and consistency during task execution. The AutoGen 

framework (https://github.com/microsoft/autogen) simplifies 

complex LLM workflow orchestration, automation, and optimi-

zation through multi-agent dialogue mechanisms. Its flexible ar-

chitecture enables developers to customize agent behaviors and 

interaction patterns according to specific task requirements. 

AutoGen provides two core agent types: AssistantAgent and 

UserProxyAgent. In this study, we utilize AssistantAgent pro-

vided by AutoGen, defining agent roles and functions through 

system_message and tools parameters. Simultaneously, we 

set up UserProxyAgent as a human control interface to imple-

ment human-in-the-loop in the multi-agent system, enabling hu-

man intervention at critical points during task execution. In terms 

of agent orchestration, MARS primarily employs two modes: 

Selector Group Chat and Swarm (https://github.com/openai/ 

swarm). Selector Group Chat is a multi-agent dialogue mode 

based on model selection mechanisms, where agents broadcast 

messages to other members in turns, and an Orchestrator agent 

selects the next speaking agent or team based on conversation 

context. The Swarm mode is a multi-agent collaboration mode 

based on task delegation mechanisms. Agents dynamically 

delegate tasks to more suitable agents based on task require-

ments and capabilities, ensuring efficient task allocation and 

execution within the team. The core mechanism of Swarm relies 

on agents generating HandoffMessages to specify task delega-

tion targets. The admin agents between teams coordinate 

through the Selector Group Chat mode, while task allocation 

within teams relies on the Swarm mode. Further details 

regarding the methods can be found in the supplemental 

information.

SCIENTIST group

The scientist team consists of four materials science agents, 

each initialized through AssistantAgent. We guide different sci-

entist agents to form different capability preferences through 

system prompts. Within the scientist team, we use AutoGen’s 

Swarm mode to orchestrate agents, with four scientist agents 

communicating directly with the Scientist Team Admin agent 

through task submission.

Knowledge base and retrieval tools

We established a knowledge base containing over 100,000 

nano-material-related literature papers and developed inter-

faces based on keyword retrieval and vector retrieval for efficient 

research material access. Specifically, we used the MinerU tool 

to convert literature PDFs to markdown format for an efficient 

knowledge base. For the SCIENTIST group, we customized 

the following retrieval tools. Vector database and search: to opti-

mize the RAG system’s retrieval, we segmented papers by sec-

tion and vectorized text segments using the gte-Qwen2-1.5B-

instruct model (https://huggingface.co/thenlper/gte-large). The 

vectors are stored in a Weaviate database of Dify, with API func-

tionalized as hybird_retrieval_from_knowledge_base providing 

KeywordSearch and VectorSearch interfaces based on
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keywords and vectors. Knowledge graph: based on the knowl-

edge base, we classified literature by research topics and uti-

lized GraphRAG to construct knowledge graphs for different 

research topics, with corresponding interfaces available through 

Autogen Extension. WebSearch and LitSearch: we integrated 

WebSearch tools based on the Bing search engine and 

LitSearch tools based on Arxiv and Semantic Scholar for real-

time online searches. Bing searches, arXiv, and Semantic 

Scholar are called directly through official APIs, which function-

alized as ‘‘paper_retrieval_from_arxiv_and_pubmed’’ and ‘‘onli-

ne_retrieval_with_bing_and_playwright.’’ DatabaseSearch: ma-

terial databases are crucial in nano-materials research. We 

developed database search tools based on OQMD and Mate-

rials Project (MP) databases, providing comprehensive and pre-

cise material data query capabilities. While the MP database of-

fers official retrieval interfaces, we simplified and encapsulated 

their parameters through FastAPI to prevent agent call failures. 

For the OQMD database, we obtain query results using 

PlayWright and similarly encapsulate them using FastAPI. 

ENGINEER group

The MARS engineer agent team consists of four agents defined 

based on AutoGen’s AssistantAgent class, coordinating through 

system prompts and tools. Within the team, we employ 

AutoGen’s Swarm mode to organize engineer agents and admin 

agents, efficiently completing subtasks distributed by the Orches-

trator through task submission. The following tools support 

the ENGINEER group. Code Sandbox Environment: AutoGen 

provides DockerCommandLineCodeExecutor, which relies on 

Docker container isolation environments for code execution that 

might cause conflicts or crashes in local Python environments. 

Python REPL: we directly use PythonCodeExecutionTool to 

execute Python code reviewed and confirmed safe by the code 

reviewer. Object-based storage: we introduced object storage 

tools using MinIO to build a local object storage service, encapsu-

lated through FastAPI, to maintain the integrity and stability of 

structured experimental schemes.

EXECUTOR group

To address potential process blocking during long wait times 

for characterization data collection, data collection tools are 

set with a 6-h execution time and a 30-s sleep mechanism 

when data are unavailable. We customized the following tools 

for the EXECUTOR group. Mass unit conversion implemented 

the mol2mg tool based on the periodictable Python package 

for converting molar mass to weight units. Scheme transmis-

sion API: implemented using FastAPI for transmitting struc-

tured synthesis scheme access links directly to robots or island 

stations. Results obtain API: implemented using FastAPI for 

direct access to characterization device data. Camera detector 

provides IP Camera video stream interface based on RTSP pro-

tocol for real-time monitoring of mobile robots and island 

stations.

Experimental details

Cell viability assessment

MCF-7 cells were seeded in 96-well plates (1×10 4 cells/well) and 

cultured for 24 h. Cells were then incubated with various concen-

trations (0–100 μg/mL) of pristine CsPbBr 3 or CsPbBr 3 @LP/PEG 

for 24 h. CCK-8 reagent was added, and absorbance was

measured at 450 nm. Live/dead staining was performed using 

the Calcein-AM/PI kit following the manufacturer’s protocol. 

Viable and dead cell staining

MCF-7 cells were incubated in 6-well plates under standard con-

ditions for 24 h. After removal of the digested medium, the cells 

were treated with fresh medium that contained pristine CsPbBr 3 
or CsPbBr 3 @LP/PEG for 4 h of co-culture. Then, cells were 

stained with calcein AM (10 μM) and PI (10 μM) according to 

the product description for 0.5 h. The coloring solution was 

removed and rinsed twice gently with cold PBS. Finally, the cells 

were imaged using a fluorescence inverted microscope 

(Olympus UHGLGPS, China).

RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and will 

be fulfilled by the lead contact, Xue-Feng Yu (xf.yu@siat.ac.cn).

Materials availability

Samples can be generated following the MARS workflow as described in the 

methods.

Data and code availability

The data supporting the findings of this study are available within the paper 

and in the supplemental information files. Source data and Python scripts 

for MARS developed in this study are available at GitHub: https://github. 

com/tangger2000/MARS.
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