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ABSTRACT

The advancement of LLM-based agents is redefining AI for Science (AI4S) by
enabling autonomous scientific research. Prominent LLMs exhibited expertise
across multiple domains, catalysing constructions of domain-specialised scien-
tific agents. Nevertheless, the profound epistemic and methodological gaps be-
tween AI and the natural sciences still impede the systematic design, training,
and validation of these agents. This survey bridges the existing gap by present-
ing an exhaustive blueprint for scientific agents, spanning systematic construction
methodologies, targeted capability enhancement, and rigorous evaluations. An-
chored in the canonical scientific workflow, this paper (i) pinpoints the overview
of scientific agents, starting with the development from general-purpose agents
to scientific agents driven by articulated goal-orientation, then subsequently ad-
vancing a comprehensive taxonomy that organises existing agents by construction
strategy and capability scope, and (ii) introduces a two-tier progressive frame-
work, from scientific agents contrustion from scratch to targeted capability en-
hancement, for realizing autonomous scientific research. It is our aspiration that
this survey will serve as guidance for researchers across various domains, facili-
tating the systematic design of domain-specific scientific agents and stimulating
further innovation in AI-driven scientific research. To support long-term progress,
we curate a live repository (AWESOME_SCIENTIFIC_AGENT) that continuously
aggregates emerging methods, benchmarks, and best practices.

1 INTRODUCTION

The scientific research paradigm is progressively transitioning from a computational paradigm to the
fifth paradigm, known as scientific intelligence Bishop (2022), with the swift advancement of artifi-
cial intelligence technology, particularly in the domain of Large Language Models (LLMs) OpenAI
(2022); Anthropic (2024); Gemini Team, Google DeepMind (2023); DeepSeek-AI et al. (2024); Bai
et al. (2023).

Despite the continuous transformation of paradigms in scientific research, the basic lifecycle of
research process remains largely unchanged, typically comprising six stages as shown in Fig. 1: lit-
erature mining, research hypothesis, experiment design, experiment verification, analysis and result,
and finally, evaluation and review. Former scientific research paradigms are frequently predicated
on varying research subjects. The primary impetus for innovation in experimental design and the
verification process continues to arise from the knowledge framework of scientific researchers. With
the advent of LLMs that exhibit capabilities in natural language understanding and deductive rea-
soning, artificial intelligence (AI) can engage in the scientific research process at the granularity of
human knowledge, rather than serving merely as a tool for a particular procedural element Xu et al.
(2021); Boiko et al. (2023a). Concurrently, due to advancements in existing AI agents concerning
tool integration and task collaboration, AI can execute specific task flows from start to finish, thus
enabling LLM-based scientific agents to support or potentially play a role in any process within the
scientific research lifecycle.

Scientific agents, propelled by leading enterprises, have already attained initial success in probing
the boundaries of science, as exemplified by Alphaevolve Novikov et al. (2025) in algorithm innova-
tion and Robin Ghareeb et al. (2025) in drug discovery, suggesting considerable potential. While it is
posited that extant LLM-based scientific agents have scientific research possesse adequate capacity
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Figure 1: The whole scientific research lifecycle with scientific agents. We use the example of
super-asymmetry in The Big Bang Theory to explain the process.

to unearth novel scientific findings, LLMs frequently require specialization and tuning for sub-fields
within specific disciplines. This necessity partially restricts their seamless integration with particu-
lar scientific challenges. The interdisciplinary character of AI for Science further exacerbates this
divide across fields. AI researchers Wang et al. (2023b) often lack a nuanced understanding of spe-
cialized domain data, while domain experts may not be well-versed in the latest advancements in
AI technology. This discrepancy has somewhat impeded the progression of scientific intelligence.
Despite the burgeoning emergence of research agents in diverse incarnations, there is an absence of
systematic guidance and a unified direction.

Table 1: Comparison of recent surveys of LLM-based scientific research.

Study Key Focus Field Analysis

Agent
Development

Agent
Taxonomy

Research
Process Construction Capability

Statement Evaluations

Gridach et al.Gridach et al. (2025) Agentic AI development in Science. 3 7 7 7 7 3
Ren et al. Ren et al. (2025a) Research agent structure decomposition. 3 3 7 7 7 3
Zheng et al. Zheng et al. (2025) Hierarchy of LLM-based scientific research methodologies. 7 3 7 7 7 3
Chen et al. Chen et al. (2025b) Application of AI in different research processes 3 3 3 7 7 3
Ours Construction of scientific agents with various capabilities. 3 3 3 3 3 3

As shown in Table 1, several surveys examine LLMs in scientific research. Gridach et al. Gridach
et al. (2025) explored the impact of Agentic AI, while Ren et al. Ren et al. (2025a) detailed research
agent framework components. Zheng et al. Zheng et al. (2025) categorized methodologies by their
research application efficacy, and Chen et al. Chen et al. (2025b) reviewed the AI-driven research
process. However, these surveys do not cover the methodology for constructing scientific agents and
the discussion of their capabilities. This review aims to fill these gaps.
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Figure 2: Scientific agents from different levels vary on construction strategy and capability scope.
From left to right, respectively, show the focus of the corresponding level of agents (Assistant,
Partner, Avatar).

he principal contributions of this survey are as follows:

• While encompassing a broad spectrum of scientific agents, we specifically concentrate on
a thorough and rigorous deconstruction of scientific agents within the natural sciences.

• We provide comprehensive and fine-grained practical guidance on the foundational pro-
cesses involved in constructing scientific agents from scratch, alongside advanced strategies
for enhancing the capabilities of existing agents.

• By integrating the scientific research life cycle with a cohesive construction strategy, we
propose a novel connection between the design and application of scientific agents, which
has yet to be explored in prior literature.

This survey aspires to serve as the hitchhiker’s guide to autonomous research with guidance on the
design and implementation of existing research agents, thereby facilitating the convergence of AI
research and natural scientific research.

2 OVERVIEW OF SCIENTIFIC AGENTS

2.1 FROM GENERAL-PURPOSE AGENT TO SCIENTIFIC AGENT

With the ongoing advancements in artificial intelligence, the definition of agent has progressed into
that of a closed-loop system which perceives its environment, executes actions, and enhances itself
through feedback mechanisms Luo et al. (2025). The rapid expansion of LLMs has enlarged the
applications of agents, ranging from personal assistants and game AI to agentic AI Sapkota et al.
(2025) and scientific research.

As Shohams seminal delineation of an agent’s goal-directedness Shoham (1993), the intrinsic nature
of objectives profoundly influences its architectural design and operational methodologies. General-
purpose agents pursue a utility-oriented logic: they prioritize adaptability across multiple scenarios
and an improved user experience, addressing diverse requirements through real-time interaction
and algorithmic optimization. Conversely, scientific agents are motivated by an inherent truth-
seeking logic, oriented towards scientific inquiry, theory formulation, and hypothesis assessment.
These goals necessitate more stringent criteria on knowledge organization, conceptual reasoning,
and protocol integration, seamlessly with experiments.

3



162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

Under review as a conference paper at ICAIS 2025

Scientist Agent Construction From Scratch

Knowledge 
Organization

Knowledge 
Injection

Tool 
Integration

§ 3.1.1
Unstructured
Sequences

§ 3.1.3
Instructions

§ 3.2.1
Explicit
Injection

§ 3.2.2
Implicit 
Injection

§ 3.3.1
Tool 

Selection

§ 3.3.2
Integration 

Implementation

§ 3.1.2
Structured

Data

§ 3.1.4
Knowledge
Graph

(a) Agent construction methodology.
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Figure 3: Overview of (a) agent construction methodology and (b) Agent enhancement methodol-
ogy.

2.2 TAXONOMY FOR SCIENTIFIC AGENT

The intersection of LLMs with domain-specific scientific challenges has generated an expanding
scope of research. By analyzing the prominent inductive features of representative studies, we intro-
duce a three-tier taxonomy that encapsulates the progressive construction strategies and capability
scope in Fig. 2. Due to space limitations, we have selected representative methods and listed them
in Table 2. Additional construction strategies and delineations of capability scopes for each level of
research agent are presented in Appendix A.

3 SCIENTIFIC AGENT CONSTRUCTION FROM SCRATCH

For a specific domain, how to construct a scientific agent from scratch must be solved before au-
tonomous research, as shown in Fig. 3(a). This section mainly clarifies the intelligent agent construc-
tion pathway from three aspects: knowledge organization, knowledge injection, and tool integration.

3.1 KNOWLEDGE ORGANIZATION

Structured Data

Label

Annotation Structural Storage Chart

Knowledge Graph

include

Fever

Flu
Virus

Medi
cine

Oselti
amivir

allevia
te

kill

cause

Relation：
Entity：

Instructions
<system> You are a helpful scientific assistant.

<user> Answer  in these choices: ......

<assistant> <think> ...<\think> The Answer is A

Unstructed Data Extraction 
and Graphing

Structrual
Analysis

Task-Based
Organization

Figure 4: Knowledge organization in scientific
agents.

Knowledge organization fundamentally condi-
tions an agents capacity to comprehend exist-
ing information and drive scientific discovery:
scientific knowledge comprises discrete units
whose arrangement governs reasoning and gen-
eralization, and varying sparsitydensity regimes
reflect distinct information-processing and cog-
nitive models. We survey four paradigms
(Fig. 4) unstructured sequence, structured data,
instruct input, and knowledge grapheach speci-
fying how knowledge is represented, accessed,
and exploited; together they underpin percep-
tion, inference, and decision-making in scien-
tific agents.

3.1.1 UNSTRUCTURED SEQUENCE

Unstructured sequences-such as books, research papers, and lab reports-constitute the primary for-
mat in which scientific knowledge is represented in the real world. These rich professional corpora
provide strong priors that empower scientific agents to effectively support automated scientific re-
search. As humans do, scientific agents also rely on publicly available articles and preprints across
disciplines to acquire domain-specific knowledge from complex unstructured corpora Schmidgall
et al. (2025); Cappello et al. (2025); Li et al. (2025c); Lu et al. (2024); Huang et al. (2024c); Agar-
wal et al. (2024). Specifically, in the biomedical domain, open-access literature databases such
as PubMed, PubMed Central (PMC), and PubChem serve as valuable resources for direct knowl-
edge retrieval. Besides, for programming and code-related research, open-source repositories and
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Table 2: Taxonomy for scientific agents. Components: T indicates Tool Integration, R indicates
Reasoning Enhancement, M indicates Memory Enhancement, and C indicates Collaboration en-
hancement. Application Stages is the research process stage in which the method is involved: L in-
dicates Literature Mining, H indicates Research Hypothesis, D indicates Experiment Design,
V indicates Experiment Verification, A indicates Analyst and Result, E indicates Evaluation
and Review.

Level Methods Domains Base Model Components Application Stages Tasks Descriptions
T R M C

Agent As
Assistant

AstroLLaMA-Chat Nguyen et al. (2024) Astronomy LLaMA 7 7 7 7 D A Astronamy knowledge Q&A
BioGPT Luo et al. (2023) Biology GPT-2 7 7 7 7 L A E Domain knowledge Q&A and relation extraction
DARWIN 1.5 Xie et al. (2024) Biology& Chemistry LLaMA-7B 7 7 7 7 L D A Domain knowledge Q&A
ChemBERTa Chithra et al. (2020) Chemistry RoBERTa 7 7 7 7 L A E Entity & Relation extraction and text classifaction
ChemAU Liu et al. (2025d) Chemistry Qwen-Series & LLaMA3-8B 7 3 7 3 L A Domain Knowledge Q&A
ChemDFM Zhao et al. (2024b) Chemistry LLaMa-13B 7 7 7 7 L A Molecules recognition & property prediction & design
LlaSMol Yu et al. (2024) Chemistry LLaMA-2 & Mistral 7 3 7 7 D A E Molecules description & property prediction and reaction design
InstructMol Cao et al. (2023) Chemistry Vicuna-7B 7 7 7 7 D A E Molecule description and reaction analysis
Ether0 Narayanan et al. (2025a) Chemistry Mistral-24B 7 3 7 7 D V Complex molecule design with reasoning
PredictiveChem Jablonka et al. (2024) Chemistry GPT-3 7 7 7 7 L D A Chemical property classification & regression and inverse design
MoleculeSTM Liu et al. (2023b) Chemistry BERT & GraphMVP 7 7 7 7 A E Text retrieval and molecule editing
ClimateGPT Thulke et al. (2024) Climate LLaMA-2 3 7 7 7 L A E Domain knowledge Q&A
HypoGen O’Neill et al. (2025) Computer Science LLaMA-3.1-8B 3 3 7 7 L H E Hypothesis generation
DeepSeek-Prover-V2 Ren et al. (2025b) Mathematics DeepSeek-Prover-V2-7B 7 3 7 7 V E Formal proof generation
BiMediX Pieri et al. (2024) Medical Mixtral-8x7B 7 7 7 7 D A E Doctor-patient consultation simulation
ChatDoctor Li et al. (2023) Medical LLaMA-7B 3 7 7 7 D A E Doctor-patient consultation simulation
AgentMD Jin et al. (2024a) Medical GPT-Series 3 7 7 3 D A E LLM-enhanced clinical analysis
MedAlpaca Han et al. (2023) Medical LLaMA 7 7 7 7 D A E Medical scene Q&A
DrugGen Sheikholeslami et al. (2025) Medical GPT-2 7 7 7 7 D V Molecule design & generation
LLM-SR Shojaee et al. (2025a) Physics GPT-3.5 & Mixtral-8x7B 7 3 3 7 D A E Equation Discovery
LitLLM Agarwal et al. (2024) General GPT-Series 3 7 7 7 L Scientific literature review generation
SciBERT Beltagy et al. (2019) General BERT-Base 7 7 7 7 V A E Entity & Relation extraction and text classifaction
SciMON Wang et al. (2023c) General GPT/ T5 3 3 7 7 L H E Science Hypothesis Generation
SciTune Horawalavithana et al. (2023) General LLaVa 7 7 7 7 L A Science chart Q&A
NatureLM Xia et al. (2025) Hybrid Mixtral-8x7B 7 3 7 7 D A Multimodal-sequence perception and design

Agent As
Partner

StarWhisper Wang et al. (2025a) Astronomy Qwen-2.5 3 3 3 3 D V A E Telescope control workflow based on LLM agent
BioResearcher Luo et al. (2024) Biomedical GPT-Series 3 3 7 7 L D V A E Biological experiment design and implementation
Crispr-GPT Huang et al. (2024a) Biology GPT-Series 3 3 3 7 D V A E LLM-based Agent assists Crispr experiment
DrBioRight 2.0 Liu et al. (2025c) Biology LlaMA-3 & ChatGPT 3 3 7 7 D V A E LLM-assisted bioinformatics platform
ProtAgents Liu et al. (2024b) Biology GPT-4 3 3 7 3 D V A E Protein design & Analysis
MOOSE-Chem Yang et al. (2024b) Chemistry GPT-4o 3 7 3 7 L H E Chemistry Hypothesis Generation
Coscientist Boiko et al. (2023b) Chemistry GPT-4 3 3 7 7 D V A Chemical experiment design implementation
ChemCrow Bran et al. (2023) Chemistry GPT-4 3 3 7 7 D V A E Chemical experiment design implementation
Organa Darvish et al. (2025) Chemistry GPT-3.5 3 7 7 7 V A Chemical experiment implementation with robot
xChemAgents Polat et al. (2025) Chemistry LLaMA-3 3 3 7 3 D V A E Molecular properties prediction & interpretation
ChemAgent Tang et al. (2025b) Chemistry GPT-Series& Qwen-2.5-72b 3 3 3 7 L D A Complex chemistry reasoning question
Chemma Zhang et al. (2025d) Chemistry LLaMA-2-7B 3 3 7 7 D A property prediction and synthetic experiment design
MyCrunchGPT Kumar et al. (2023) Physics GPT-3 3 7 7 7 D V A LLMs assist SciML workflow design
Meta-OpenFoam Chen et al. (2024a) Physics GPT 3 3 7 3 D V A E CFD Simulation Completed
FoamAgent Yue et al. (2025) Physics Claude-3.5-Sonnet 3 3 7 3 D V A E CFD Simulation Completed
AI-Researcher Tang et al. (2025a) Computer Science Claude & GPT 3 3 7 3 L H D V A E Autonomous scientific exploration in computer science
Jupybara Wang et al. (2025b) Computer Science GPT-4 3 3 7 3 D V A E Complex data mining interactions
FlowAgent Shi et al. (2025) Computer Science General LLM 3 3 7 7 D V A E Workflow Extensions
AI Scientist Lu et al. (2024) Computer Science GPT & Claude 3 7 7 7 L H D V A E Autonomous scientific exploration in computer science
GeoGPT Zhang et al. (2023a) Geopgrahy GPT-3.5 3 7 3 7 D V A LLMs use GIS to complete geospatial tasks
PaperQA Lála et al. (2023) General GPT-Series 3 3 3 7 L A E Answering questions from scientific documents
ChatCite Li et al. (2024f) General GPT-3.5 & GPT-4 3 3 3 7 L A Literature digest & assesment
PiFlow Pu et al. (2025) General GPT-Series 3 3 7 3 H D V A Experiment design & verification by scientific principles
Aviary Narayanan et al. (2025b) Hybrid LLaMA-3.1-8B-Instruct 3 3 7 7 L D V A E Challenging scientific tasks on small LLMs
A-Lab Szymanski et al. (2023) Materials N/A 3 7 3 7 D V A E Materials synthesis recipe & experiment excution
KG-FM Bai et al. (2025) Materials Qwen2-72B 3 3 7 7 L H A KG-based materials knowledge Q&A
Multicrossmodal Bazgir et al. (2025) Materials Gemini-2.0 & DeepSeek-R1 3 7 7 3 L A E Multimodal materials knowledge Q&A
LLMatDesign Jia et al. (2024) Material GPT-4o 3 7 7 7 D A E Material design for specific target properties
HoneyComb Zhang et al. (2025b) Material GPT&LLaMA 3 3 7 3 D V A E Material experiment design & impletation
DrugAgent Liu et al. (2025b) Medical Claude & GPT 3 3 7 3 V D V A E Pharmacokinetic properties prediction and HTS assistant
TAIS Liu et al. (2024a) Medical N/A 3 3 7 3 D V A Gene expression analysis
MedAgents Tang et al. (2024) Medical GPT-4 3 3 7 3 L A E Medical Reasoning
otto-SR Cao et al. (2025a) Medical GPT-4 3 3 7 7 L A E In-depth Systematic reviews
MRAgent Xu et al. (2025b) Medical GPT 3 3 7 7 L V A E Use Mendelian Randomization enhance medical inference
GeneGPT Jin et al. (2024b) Medical CodeX 3 3 7 7 V A E Biomedical Reasoning Q&A

Agent As
Avatar

CycleResearcher Weng et al. (2024) Computer Science Mistral & Qwen-2.5 3 3 7 3 L H D V A E Autonomous scientific exploration in computer science
AI Scientist-v2 Yamada et al. (2025) Computer Science GPT & Claude 3 3 7 7 L H D V A E Autonomous scientific exploration in computer science
Agentrxiv Schmidgall & Moor (2025) Computer Science GPT-Series 3 3 3 3 L H D V A E Autonomous scientific exploration in computer science
Agent Laboratory Schmidgall et al. (2025) Computer Science GPT-Series 3 3 3 3 L H D V A E Autonomous scientific exploration in computer science
Robin Ghareeb et al. (2025) Biology GPT & Claude & Gemini 3 3 3 3 L H D V A E Autonomous scientific exploration
AlphaEvolve Novikov et al. (2025) General Gemini-Series 3 3 3 7 L H D V A E Autonomous scientific exploration
Biomni Huang et al. (2025a) Biology GPT-Series 3 3 3 3 L H D V A E Autonomous scientific exploration with wide range of experiments
OriGene Zhang et al. (2025e) Medical Gemini-Series 3 3 3 3 L H D V A E Scientific plan formulation and results analysis
CellVoyager Alber et al. (2025) Biology GPT-4o 3 3 7 7 L H D V A E ScRNA-seq autonomous exploration
Sparks Ghafarollahi & Buehler (2025c) Biology GPT-4 3 3 3 3 L H D V A E Autonomous scientific exploration
AI co-scientist Gottweis et al. (2025) Biology Gemini-2.0 3 3 3 3 L H D V A E The entire scientific research process

datasets on platforms like GitHub and Hugging Face complement academic papers by providing
practical implementation knowledge. In summary, the large-scale, diverse, and information-rich na-
ture of unstructured sequences makes them indispensable for enabling scientific agents to conduct
literature understanding, hypothesis generation, and domain-specific reasoning.

3.1.2 STRUCTURED DATA

Compared to unstructured corpora, structured data offers denser and more fine-grained knowledge,
enabling agents to tackle more complex scientific tasks. Such structured information can be ex-
tracted and organized from unstructured sequences or other non-textual domain knowledge forms,
such as material crystal structures, chemical formulas of drugs, and so on. In numerous studies, cer-
tain methods directly utilize existing structured data from their respective domains to facilitate sci-
entific discovery. For example, TAIS Liu et al. (2024a) leverages structured gene expression datasets
to train models capable of identifying predictive genes associated with specific diseases. StarWhis-
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per Wang et al. (2025a) integrates telescope observations, weather data, and historical records to
enable automated and adaptive astronomical observation.

3.1.3 INSTRUCTIONS

As the most comprehensive form of knowledge organization, instructions are categorized into
instruction context and instruction pairs according to their subsequent modes of knowledge in-
jection. Instruction context facilitates prompt engineering for effective knowledge incorporation
by partitioning prompts into <system> and <user> inputs that specify requirements and an
<assistant> output, with user-provided exemplars functioning as few-shot context to improve
intuitiveness, followability, and response standardization (Fig. 4); state-of-the-art agents such as
Agentrxiv Schmidgall & Moor (2025), Robin Ghareeb et al. (2025), and Biomni Huang et al. (2025a)
employ this paradigm to steer complex tasks. Complementarily, instruction pairs formalize data as
ordered questionanswer tuples that both inject scientific knowledge and strengthen instruction fol-
lowing: Xu et al. Xu et al. (2025a) draw on MMLU-pro Wang et al. (2024c) across Math, Health,
Business, and Law to study collaborative expertise specialization; SciTune Horawalavithana et al.
(2023) leverages SciCap Hsu et al. (2021) and ScienceQA Lu et al. (2022) in a two-stage pipeline
(scientific concept alignment scientific instruction fine-tuning); and ClimateGPT Thulke et al.
(2024) curates expert-grounded, domain-specific instruction datasets via interviews and demonstra-
tions.

3.1.4 KNOWLEDGE GRAPH

Knowledge graphs (KGs) encode scientific knowledge as triples, enabling semantic reasoning, ex-
plainability, efficient retrieval, and tight integration with RAG for discovery. SciMON integrates
three KG signalssemantic-similarity graphs for nearest-neighbor retrieval of prior work, global KG
neighbors for related concepts, and citation networks for literature neighborsto ground hypothe-
sis generation Wang et al. (2023c). Similarly, the Auto Research framework injects KG-structured
knowledge across the workflow, using graph-based mapping/categorization of literature to surface
research gaps and promising directions Liu et al. (2025a).

3.2 KNOWLEDGE INJECTION

Knowledge injection can be categorized into two types: explicit and implicit. The former requires no
modification of model parameters, while the latter typically integrates external knowledge by further
fine-tuning LLMs or incorporating lightweight modules. Table 3 lists representative frameworks
related to knowledge injection, which significantly lowers the technical barrier to entry for domain
knowledge injection and simplifies the entire process.

Table 3: Mainstream frameworks for knowledge injection.

Method Applications Features Preprations Input Target Output

PromptAgent Wang et al. (2024a) Prompt Optimization MCTS optimization process Raw prompt & Domain Task Input Optimized prompts
Promptfoo community (2025) Prompt Optimization Testdriven evaluation loop Raw Prompt & Test Cases Optimized Evaluation Matrix
AutoPrompt Shin et al. (2020) Prompt Optimization Gradientguided token search Raw Prompt & Template Optimized Prompt
APE Zhou et al. (2022) Prompt Optimization Twostage search loop Task Description & Input-Output Example Optimized Prompt
Context-Engineering Kim (2025) Context Optimization Heuristic & rulebased context orchestration Raw Prompt & Context Components Optimized Context (Prompt)
LlamaIndex Liu (2022) Injection with RAG Modular stack Query & Knowledge Corpus Context-augmented Output
LangChain RAG Chase (2022) Injection with RAG Chain graph wraps retriever Query & Knowledge Corpus Context-augmented Output
GraphRAG Larson et al. (2024) Injection with RAG LLMextracted entityrelation graph Query & Knowledge Corpus Context-augmented Output & Corpus KG
LightRAG Guo et al. (2024) Injection with RAG Stable incremental updates graph Query & Knowledge Corpus Context-augmented Output & Corpus KG
LlamaFactory Zheng et al. (2024) Injection with PEFT One-stop PEFT Pretained LLMs & Instructions Fine-tuned Model
Verl Team & Community (2024) Injection with RL One-stop PEFT Pretrained LLMs & Instructions & RM Fined-tuned Model
OpenRLHF Hu et al. (2024a) Injection with RL One-stop PEFT Pretrained LLMs & Instructions Fined-tuned Model
VLM-RL Huang et al. (2024d) Injection with RL One-stop RL Pretrained VLMs & Instructions Fine-tuned VLMs

3.2.1 EXPLICIT INJECTION

Given the centrality of prompts, explicit injection divides into two routes: knowledge-in-prompt
and prompt optimization. Knowledge-in-prompt directly inserts domain contenttypically via RAG
over unstructured sources (textbooks, papers, lab reports)to condition the model, with demonstrated
systems in biomedicine (DALK Li et al. (2024a); BiomedRAG Li et al. (2024d)), finance (SNFin-
LLM Zhao et al. (2024a)), and chemistry (ChemCrow Bran et al. (2023); ChemAgent Tang et al.
(2025b)). Prompt optimization, by contrast, enhances reasoning without adding new external con-
tent: Chain-of-Thought Wei et al. (2022) elicits intermediate steps, while automatic prompt-word
optimization methodsPromptAgent Wang et al. (2024a) and Context-Engineering Kim (2025)tune
prompts for specific downstream tasks.
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3.2.2 IMPLICIT INJECTION

To ensure the model’s comprehension of domain-specific knowledge, implicit knowledge injection
frequently leverages parameter updates, ensuring a more nuanced integration of domain expertise
into the models functionality. Model adaptation for scientific agents spans supervised fine-tuning
(SFT), reinforcement learning (RL), and modular knowledge adapters: SFT trains on inputoutput in-
struction pairs to yield well-defined outputs (e.g., scientific summaries, factual Q&A) while absorb-
ing domain knowledge at scale; because it provides strong supervision, response quality is pivotal,
and LLamaFactory supports efficient execution Xia et al. (2025); Li et al. (2025a); Horawalavithana
et al. (2023); Zheng et al. (2024). For complex reasoning and preference alignment, RL employs
RLVR with verifiable, outcome-based rewards tied to ground truth, RLHF with task-specific learned
reward models, or DPO with implicit rewards from preferred vs. dispreferred pairs, with scalable
implementations in Verl and OpenRLHF Narayanan et al. (2025a); Li et al. (2025a); Ren et al.
(2025c); Team & Community (2024); Hu et al. (2024a). Complementarily, modular adapters inject
domain knowledge while preserving base capabilitiesBioReason and ChatNT translate sequence at-
tributes to support biological reasoning, and BLADE embeds specialized knowledge into smaller
models that interface with large black-box models to boost downstream performance Fallahpour
et al. (2025); de Almeida et al. (2025); Li et al. (2024b).

Table 4: Domain-specific tools examples of scientific agents.

Functionality Tools Calling Form Domain Target Descriptions Typical Method

Expertise
Acquisition

KEGG REST API Biology Genome database GeneGPT Jin et al. (2024b),
UniProt/ PDB REST API Biology Protein Sequence and Function Annotation Access Biomni Huang et al. (2025a)
NCBI Python SDK Biology& Medical National Center for Biotechnology Information GeneGPT Jin et al. (2024b), Crispr-GPT Huang et al. (2024a), BioResearcher Zhang et al. (2024b), et al.
Semantic Scholar REST API / Python SDK General Academic literature access PaperQA Lála et al. (2023), KARMA Lu & Wang (2025), et al.
Arxiv REST API General Scientific literature access PaperQA Lála et al. (2023), Agent Laboratory Schmidgall et al. (2025), et al.
Europe PMC REST API Medical Scientific Literature & Metadata Access LitChat Huang et al. (2025b)

Excution and
Simulation

BLAST Camacho et al. (2009) CLI / Python script Biology Highperformance Heuristicsbased Sequence Search Crispr-GPT Huang et al. (2024a), GeneGPT Jin et al. (2024b)
COPASI Hoops et al. (2006) CLI / Python SDK Biology Biomedical Modeling LLM-MC-Sim Zhao et al. (2023)
AlphaFold Jumper et al. (2021) Python script Biology Protein Structure Prediction Virtual Lab Pak et al. (2024), AI co-scientist Gottweis et al. (2025)
Vina / GNINA McNutt et al. (2021) CLI / Python SDK Chemistry Molecular Docking ChemCrow Bran et al. (2023), ChemAgent Tang et al. (2025b)
Opentrons OT-2 Web GUI / Protocol API Chemistry Benchtop Liquid-handling Robot Coscientist Boiko et al. (2023b)
LabVIEW National Instruments (2024) VI Graphical General Graphical Programming Environment AILA Mandal et al. (2024)
OpenFoam Weller et al. (2024) CLI / C++ script Physics Fluid Dynamics & Heat Transfer Simulation MetaOpenFoaM Chen et al. (2024a), Foam-Agent Yue et al. (2025)
ROS Python script Robotics Robotics Framework & Developer Toolkit AILA Mandal et al. (2024)

Analysis and
Visualization

Scanpy Wolf et al. (2018) Python script Biology Large-scale Single-cell Gene Expression Data Analysis CellAgent Xiao et al. (2024)
DESeq2 R script Biology RNA-seq Data Analysis IAN Nagarajan et al. (2025)
PyMOL Sun et al. (2025a) CLI / python script Biology Biomolecular Structure Visualization & Analysis PyMOLfold Sun et al. (2025a)
Seurat Hao et al. (2023) R script Biology Single-cell Data Alignment CellTypeAgent Chen et al. (2025a)
Nextflow Tommaso et al. (2017) DSL2 / CLI Biology Dataflow-based Workflow Engine FlowAgent Shi et al. (2025)
ChimeraX Meng et al. (2023) CLI / Python script Biology Atomic Model Construction & Analysis Virtual Lab Pak et al. (2024)
RXN4Chem Schwaller et al. (2019) Python script Chemistry Chemical Reaction Outcome Prediction ChemCrow Bran et al. (2023)
RDKit Python script Chemistry Compound Analysis Using Machine Learning Chemcrow Bran et al. (2023), Coscientist Boiko et al. (2023b)
Ggplot2 Wickham (2016) R script General Data Visualization DrBioRight 2.0 Liu et al. (2025c)

Interaction

Streamlit Web Socket / Python script General Web Application Construction DrBioRight 2 Liu et al. (2025c)
JupyterHub REST API General Jupyter Environment Access Jupybara Wang et al. (2025b)
GitHub REST API / Git Protocol General Collaborative Software Development Agent Laboratory Schmidgall et al. (2025)
Zenodo REST API General Research Metadata Repository AgentRxiv Schmidgall & Moor (2025), Agent Laboratory Schmidgall et al. (2025)

3.3 TOOL INTEGRATION

Tool integration is fundamental to extending agents abilities along two axestool selection and in-
tegration implementation. For selection, Table 4 groups tools into four categories: (i) expertise
acquisition, where domain knowledge bases integrate into RAG via LangChain and AutoGen Chase
(2022); Wu et al. (2023); (ii) execution and simulation, encompassing SDKs/scripts and special-
ized models/automation Camacho et al. (2009); Macenski et al. (2022); Jumper et al. (2021); Boiko
et al. (2023b); Opentrons Labworks Inc. (2024); (iii) analysis and visualization, spanning molecular
graphics, plotting, and workflow orchestration Meng et al. (2023); Wickham (2016); Tommaso et al.
(2017); and (iv) interaction, via collaborative interfaces and repositories Group (2025); Team (2025).
For implementation, agent frameworks decompose tasks, plan tool use, and invoke tools in end-to-
end pipelines that manifest as linear chains or tree-structured flows; most systems employ in-cycle
planners such as CoT and ReAct Wei et al. (2022); Yao et al. (2023b), while complex problems favor
branching plans with RL/MCTS-style search for backtracking and search-space optimizatione.g.,
AI Scientist-v2 and Robinwithin formalized tool-learning frameworks Qin et al. (2024); Qu et al.
(2025); Lu et al. (2024); Ghareeb et al. (2025).

4 SCIENTIFIC AGENT CAPABILITIES ENHANCEMENT

Following Section 3, to elevate the scientific agents to the level of avatar, targeted capability en-
hancement across multiple dimensions is essential. As illustrated in Fig. 3(b), we categorize these
capabilities enhancement into three key dimensions: memory, reasoning, and collaboration.

4.1 MEMORY ENHANCEMENT

Memory is pivotal for human-level scientific agentssustaining context and continuity, enabling
multi-step reasoning and planning, and supporting experiential learningyet most designs remain

7



378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

Under review as a conference paper at ICAIS 2025

context-bound; a few, e.g., ChemAgent Tang et al. (2025b), extend memory across planning, ex-
ecution, and knowledge; accordingly, we outline enhancement strategies along two axesmemory
structure and memory systemsummarized in Table 5.

4.1.1 MEMORY STURUCTURE

Different memory structures reflect different levels of memory knowledge. Currently, as discussed
in Zeng et al. (2024a), the memory structure organization in LLM-based agents can be roughly
divided into four categories: blocks, knowledge triples, atomic facts, and summaries.

Chunks represent contextual segments often cached or retrieved to simulate long-term memory,
adopted by methods such as RAG Gao et al. (2024b), MemGPT Packer et al. (2024) and ThinkIn-
Memory Liu et al. (2023a). This is the most widely used and original memory structure. Knowledge
triples, inspired by Davidsonian semantic theory, model conceptual relations within sentences us-
ing a <event, subject, object> structure. This form of memory is adopted by systems like RET-
LLM Modarressi et al. (2024) and AriGraph Anokhin et al. (2025), which encode event-based
knowledge in a structured and interpretable format. Atomic facts encapsulate factual knowledge
into minimal discrete memory units. This fine-grained decomposition facilitates fine-grained re-
trieval, as utilized in Graphreader Li et al. (2024e). Summaries condense large-scale context
into human-like gist memory, as seen in Lee et al. (2024a). In addition, recent efforts have ex-
plored routine-based memory, where procedural patterns discovered during interaction are stored
and reused. AFlow Zhang et al. (2024a), PGPO Cao et al. (2025b), and Agent Workflow Mem-
ory Wang et al. (2024d) capture and organize experience in the form of reusable action routines,
allowing memory to generalize and transfer to other tasks.

Table 5: Scientific agents’ memory enhancement methods.

Category Method Memory Structure Implement Task Settings

Context-Centirc

TRIME Zhong et al. (2022) Chunks Parameters update Machine Translation and Language Modeling
MemoryBank Zhong et al. (2023) Summary Memory repo Long-term conversation
IRCoT Trivedi et al. (2023) Chunk Memory repo Multi-hop Q&A
MemoChat Lu et al. (2023) Atomic Facts Parameters update & memorandum STEM exams & literary writing
MemGPT Packer et al. (2024) Summary Dynamic Memory Queue Multi-session chat and document analysis
AFlow Zhang et al. (2024a) Routine Operator & MCTS General Tasks

Adaption-Centric

VOYAGER Wang et al. (2023a) Skill Library Curriculum design Minecraft exploring
FINMEM Yu et al. (2023) Summary Working Memory+Layered Long-Term Memory Stock Trading
HIAGENT Hu et al. (2024b) Summary Observation Summarization+Trajectory Retrieval Long-term tasks in AgentBoard
RET-LLM Modarressi et al. (2024) Triples Tool-use Long-term conversation
AriGraph Anokhin et al. (2025) Triples Memory Graph Roguelike & Interactive games
A-Mem Xu et al. (2025c) Summary(Structured) Note Construction+Link Generation+Memory Evolution Long conversation Q&A and Multi-party Conversation
G-Memory Zhang et al. (2025a) Summary Graph Knowledge reasoning, embodied action, games

4.1.2 MEMORY SYSTEMS

Memory in scientific agents spans two archetypescontext-centric and action-centricwhere the for-
mer distills reliable facts from interaction histories to curb hallucinations and preserve context,
while the latter treats memory as a dynamic process that abstracts skills from experience to im-
prove planning and generalization to changing tasks. Context-centric systems include TRIME,
which injects memory at training time to boost performance Zhong et al. (2022); MemoryBank,
which organizes storage, retrieval, and updating via an Ebbinghaus-inspired schedule Zhong et al.
(2023); ChatDB, a symbolic, relational store that strengthens multi-hop reasoning Hu et al. (2023);
MemoChat, which maintains coherence through a MemoryRetrievalResponse loop Lu et al. (2023);
and MemGPT, which adopts hierarchical, OS-like memory for long-range reasoning Packer et al.
(2024). Operation-centric designs emphasize exploration and adaptation: VOYAGER continually
learns reusable skills in an open world Wang et al. (2023a); FINMEM models human-like decisions
with working/long-term financial memories Yu et al. (2023); HIAGENT uses subgoals as memory
units with trajectory retrieval for long tasks Hu et al. (2024b); RET-LLM provides scalable, aggre-
gatable, updateable, and interpretable memory units Modarressi et al. (2024); an LLM Agent Swarm
for Drug Discovery shares memory across agents to avoid redundancy Song et al. (2025a); AriGraph
fuses semantic and episodic memories in a hybrid graph Anokhin et al. (2025); A-Mem builds a
Zettelkasten-inspired network for dynamic indexing/linking Xu et al. (2025c); and G-Memory con-
structs hierarchical, graph-based stores to manage complex histories in multi-agent systems Zhang
et al. (2025a).
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Table 6: Scientific agent collaboration challenge and mitigations.

Catagrization Example Agents Challenges Mitigations

Rolespecialised agents ChemAgents Polat et al. (2025), SciAgents Ghafarollahi & Buehler (2025a), Role Overlap Explicit role spe
AtomAgents Ghafarollahi & Buehler (2024), et al. Information flow Hierarchical control

Discussion drift Structured protocolsDialog & debate Virtual Lab Pak et al. (2024), AI Coscientist Gottweis et al. (2025), et al. Conflict deadlocks Voting agent to declare consensus

Knowledge sharing SciAgents Ghafarollahi & Buehler (2025a), et al. Stale or inconsistent shared facts Versioned knowledge graph
data modalities Unification layer for heterogeneous data

ChemAgents Polat et al. (2025),Sparks Ghafarollahi & Buehler (2025c), Balancing oversight AI plan with human editsGoal setting & feedback ChatGPT Research Group Zheng et al. (2023), et al. Ambiguous or delayed feedback loops Inline annotation or comment system

Naturallanguage interface ChemAgents Polat et al. (2025), MatPilot Ni et al. (2024), et al. Linguistic ambiguity with implicit constraints Postprocessing & reformat responses
Context drift in multiturn dialogue Structured conversation memory

4.2 REASONING ENHANCEMENT

Grounded, verifiable, and traceable reasoning underpins scientific-agent responses Li et al. (2025d),
yet LLM hallucinations, inconsistencies, and contradictions erode reliability on complex tasks,
motivating a progressive treatment of reasoning enhancementfrom general scientific reasoning to
domain-specific optimization.

4.2.1 GENERAL REASONING IN SCIENTIFIC SCENARIO

Reasoning capabilities transfer effectively to scientific research because reasoning operationalizes
dense knowledge, enabling accurate decisions under overload and uncertainty; mainstream mech-
anisms center on structured reasoning chains and self-consistency verification (Fig. 5). Structured
approaches span single-round Chain-of-Thought (CoT; Lets think step by step) to enhance reasoning
via prompt engineering Wei et al. (2022), few-shot prompting to supply task-relevant exemplars Xu
et al. (2023); Zhang et al. (2023b); Yasunaga et al. (2024), and multi-round decomposition that itera-
tively solves sub-problems Yao et al. (2023a); Zhou et al. (2023); Besta et al. (2024), with Buffer-of-
Thoughts introducing reusable thought templates to balance generality and cost Yang et al. (2024a).
Complementarily, self-consistency generates paraphrased prompts, samples diverse reasoning paths,
and aggregates by majority vote to curb stochastic errors Wang et al. (2023d), further strengthened
by multi-model critique and reconciliation Du et al. (2024b) and Reflexions structured linguistic
feedback without full RL Shinn et al. (2023); together, these strategies reduce ambiguity and error
propagation, improving robustness for scientific decision-making.

4.2.2 DOMAIN-SPECIFIC REASONING OPTIMIZATION

Mix 100 mL of 0.10 M HCl with 50 mL of 0.10 M NaOH. After the reaction 
reaches completion, will the resulting solution be acidic, basic, or neutral?       
GROUND TRUTH: Acidic

Let me think step by step:
<think>
1.Compute initial moles: ....
2.Eutralisation stoichiometry: .....
3. Get the result: 0.005mol HCL left. 
<\think>
The Final Asnwer is Acidic

Structured Reasoning Chain Self-Consistency

CoT 1: <think>....<\think>  Acidic
CoT 4: <think>....<\think>  Basic
CoT 3: <think>....<\think>  Acidic
CoT 4: <think>....<\think>  Neutral
CoT 5: <think>....<\think>  Acidic
Self-Consistency: 3/5
Final Answer: Acidic

According to Rule 1, I will count moles
According to Rule 2, I find excess reagent is HCl
According to Rule 3, the solution is Acidic

Predicates
1. Moles(HCl,0.010), Moles(NaOH,0.005)
2. React1to1(HCl,NaOH)
3. Excess(X)
4. StrongAcid(X) / StrongBase(X)

Rules
1. React1to1(A,B) ∧ Moles(A,a) ∧ Moles(B,b) ∧ (a > b) → Excess(A)
2. Excess(X) ∧ StrongAcid(X) → SolutionAcidic
3. Excess(X) ∧ StrongBase(X) → SolutionBasic
4. ¬Excess(_) → SolutionNeutre

Rule 1 + React1to1(HCl, NaOH) → Excess(HCl)
Rule 2 + Excess(HCl) → SolutionAcidic

Domain Preference Guidance

Rule 1: Strong acids/bases fully dissociate; Neutralisation is 1 : 1 in moles.
Rule 2: If one remains in excess, its nature dictates final pH.
Rule 3: pH < 7 if H+ > OH-.

Preference
≺≺ 

learning

Final Answer: 
Acidic

Normal
CoT

Symbolic Deduction

Symbolic Definition

Deduction Final Answer: 
Acidic

Figure 5: Illustration of scientific agent rea-
soning enhancement.

As agents progress to scientific inquiry, reasoning
must bridge knowledge gaps and enforce strict scien-
tific laws; a scientific augmentation layer addresses
these via domain preference guidance and symbolic
deduction to ensure reliable deduction. Domain
preference guidance injects domain logic so mod-
els reason with discipline-specific priorsfor example,
Ether0 cold-starts with annotated thinking chains be-
fore large-scale RL for compound-specification de-
sign Narayanan et al. (2025a); ChemCrow and Chat-
MOF integrate specialized external models to em-
bed task knowledge into agent pipelines Bran et al.
(2023); Kang & Kim (2024); and preference align-
ment/model editing further strengthens domain-
aware reasoning Zhang et al. (2024c); Shahriar
et al. (2024). Complementarily, symbolic deduc-
tion couples probabilistic LLMs with deterministic
formalisms to create a closed-loop validator: code
serves as an executable witness (e.g., CODEI/O con-
verts reasoning to code Li et al. (2025b); PAL del-
egates solution steps to a program interpreter Gao

et al. (2023a)); formal proof systems translate problems for verification (DeepSeek-Prover, Gödel-
Prover, DeepSeek-Prover-v2 Xin et al. (2024); Lin et al. (2025); Ren et al. (2025c)); and domain
formalisms extend beyond math (formalized adjuvant logic Yi et al. (2025) and inductive reflection
for neural-symbolic reasoning in ABL-Refl Hu et al. (2025)).
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4.3 COLLABORATION ENHANCEMENT

Scientific research is evolving with advanced frameworks integrating multi-agent systems and hu-
man collaboration Song et al. (2025b); Zheng et al. (2023); Ghafarollahi & Buehler (2025b);
Schmidgall & Moor (2025). This marks a shift from old monolithic tools to dynamic "agent lab-
oratories", where AI agents and humans collaborate. Orchestrated by LLMs, these systems have
modular architectures for interaction and knowledge exchange, succeeding in domains like chem-
istry Song et al. (2025b); Zheng et al. (2023), materials science Yin et al. (2025); Ni et al. (2024),
and biology Gao et al. (2024a). The sophisticated design of collaborative paradigms has enhanced
the capabilities of intelligent agents in complex tasks and promoted their implementation. Table 6
further refines these categories for the corresponding collaborative enhancement paradigms and lists
the challenges faced and corresponding mitigation strategies.

4.3.1 MULTI-AGENTS COLLABORATION

In multi-agent scientific systems, collaboration advantages cluster into three dimensionsrole spe-
cialization, dialogue/debate, and knowledge sharing. Explicit, hierarchical role design reduces
per-agent complexity and boosts throughput (e.g., ChemAgents for collaborative experiment plan-
ning/execution; seven-assistant lab roles in the ChatGPT Research Group; domain roles in SciA-
gents and AtomAgents) while LLMs help interpret tasks and adapt roles to shifting needs, though
pitfalls remain around clear boundaries and smooth information flow Song et al. (2025b); Zheng
et al. (2023); Ghafarollahi & Buehler (2025a; 2024). Effective communication relies on structured
meetings, agenda setting, and critique cycles to keep debates coherent and convergent, as in Vir-
tual Labs PI-guided teams and the AI co-scientists generatedebateevolve loop for hypothesis re-
finement Kudiabor (2024); Gottweis et al. (2025). Finally, shared knowledgevia centralized graphs
and common workspacesunderpins mutual understanding, consistent updates, and distributed rea-
soning; SciAgents illustrates how shared repositories can unlock discoveries beyond a single agents
capacity Ghafarollahi & Buehler (2025a).

4.3.2 HUMAN-AI COLLABORATION

Human expertise remains indispensable in mixed-initiative scientific systems, where humans and
AI agents collaborate synergistically by combining strategic guidance with scalable automation.
Effective designs translate high-level human goals into tractable agent tasks and incorporate impre-
cise feedback without drifting into micromanagement; concrete implementations include ChemA-
gents Task Manager for human objective setting and progress review, the ChatGPT Research
Groups dialogue-driven goal setting, and Agent Laboratorys feedback-rich, alignment-aware work-
flows Song et al. (2025b); Zheng et al. (2023); Schmidgall et al. (2025). Equally critical are natural-
language interfaces powered by LLMs/LMMs that reduce access barriers while handling ambiguity,
intent parsing, and clear response generatione.g., ChemAgents on-premises LLM integration and
MatPilots conversational hypothesis/experiment designthereby tightening the humanAI loop and
broadening participation across the scientific community Song et al. (2025b); Ni et al. (2024).

5 CONCLUSION

This article presents the Hitchhikers Guide to Autonomous Research – a comprehensive survey of
scientific agents. Initially, we provide an overview of these agents, contrasting them with general
agents, and taxonomizing them into three advancing levels: agent as assistant, agent as partner,
and agent as avatar. Subsequently, we offer a details guide to the construction process of scien-
tific agents, elucidating how to construct agents from foundational principles through knowledge
organization, knowledge injection, and tool integration. The discussion extends to enhancing agents
concerning memory, reasoning, and collaboration. Additionally, the paper reviews existing bench-
marks and mainstream evaluation indicators pertinent to scientific agents. Ultimately, it anticipates
future research trajectories within the domain of scientific agents. This review aspires to stimu-
late scientists across various fields to develop scientific agents, thereby fostering the enduring ad-
vancement of AI-driven autonomous research. Finally, we maintain a real-time repository AWE-
SOME_SCIENTIFIC_AGENT to monitor the latest advancements in scientific agents.
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A DETAIL ILLUSTRATION OF TAXONOMY FOR SCIENTIFIC AGENTS

A.1 ELABORATION BETWEEN SCIENTIFIC AGENTS AND GENERAL-PURPOSE AGENTS

The workflow of all agents can be abstracted into three highly integrated stages: task, process, and
result. The performance of different types of agents varies in these stages, specifically in aspects such
as perception, cognition, decision-making, and action. For general-purpose agents, the workflow
is more short-term, focusing on daily tasks that address a wide range of user demands. On the
contrary, scientific agents are designed to follow the fixed processes of scientific research, with their
workflow structured around six main stages: literature analysis, hypothesis generation, experiment
design, experiment verification, result summarization, and feedback evaluation.

As illustrated in Table 7, differences in goal orientation result in significant disparities between
general-purpose agents and scientific agents across multiple dimensions, from construction, design
to evaluation.

Table 7: Multi-dimensional comparison between general-purpose agent and scientific agent.

Dimensions General-purpose Agent Scientific Agent
Knowledge Broad, flexible organizations Domain-specific and
Organization high knowledge density
Knowledge Modality-specific injection &
Injection Mostly relay on Pretraining complex context learning

Tool Integration Diversities and utilies, Specialized tools,
easy to integrate hard to integrate
Task-specific and In-depth memory forMemory short-context retention long-term knowledge retention

Reasoning General reasoning capabilities Advanced reasoning for
scientific discovery

Collaboration Low collaboration requirements Specialized role agents

Evaluation User satisfaction Reproducibility, domain novelty
and tasks diversity and factuality.

A.2 AGENT AS ASSISTANT

Initially, pre-trained models exhibited extensive capabilities in comprehending natural language
broadly, though they were deficient in depth Lee et al. (2024b). Scientific agents at this juncture
predominantly concentrated on an assistant-level role. Technically, they are designed to perform
functions specific to distinct domain areas. primarily focusing on tasks such as answering questions,
integrating knowledge, and providing partial assistance within specific domains.

Construction strategy. Assistant-level agents frequently utilize open-source models Bai et al.
(2023); Touvron et al. (2023); Jiang et al. (2023) as the basemodel. These agents generally conduct
knowledge organization and injection via fine-tuning through meticulous incorporation of domain-
specific knowledge. Basic methods facilitate the effective domain knowledge injection via simple
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Q&A tasks as BioGPT Luo et al. (2023), BioMedGPT Yang et al. (2023) ChemAU Li et al. (2025a),
AstroLLaMA Nguyen et al. (2024) et al. Given the multimodal information of scientific data, Na-
tureLM Xia et al. (2025) combines sequence information such as DNA, proteins into text to generate
a training corpus. MolecularSTM Liu et al. (2022) employs contrastive learning techniques to ef-
fectively align CIF graph and sequence modalities. More recently, DeepSeek-Prover-V2 Ren et al.
(2025b) and Ether0 Narayanan et al. (2025a) use Reinforcement Learning (RL) to train agents to
answer domain complex questions through reasoning, like formal generation and chemical formula.

Capability scope. Assistant-level agents are generally constrained to executing specific tasks
within particular research domains, lacking the capacity for seamless integration across the compre-
hensive research process. As illustrated in Fig. 2, the operational contexts for assistant agents pri-
marily involve domain queries. They are frequently trained to conduct domain knowledge question
answering, exemplified by instances such as DAARWIN 1.5 Xie et al. (2024), NatureLM Xia et al.
(2025), MedAlpaca Han et al. (2023), or to perform domain-specific tasks like DeepSeekProver Ren
et al. (2025c) or Ether0 Narayanan et al. (2025a) and HypoGen O’Neill et al. (2025). A minor-
ity of agents Thulke et al. (2024); O’Neill et al. (2025) may incorporate search tools or reasoning
strategies to augment their response capabilities. However, they remain deficient in governing the
entire scientific research trajectory. Notwithstanding, the pronounced specialization and compact-
ness of assistant-level agents. Examples of such efficacy are observed with ChemBERTa Chithra
et al. (2020) in chemical field applications and SciBERT Beltagy et al. (2019) in the extraction of
scientific literature.

A.3 AGENT AS PARTNER

Partner-level agents acquire Agent-like attributes via systematic tool integration such as real-time
data acquisition, advanced simulations, intuitive display, and traceable interactions. This progression
is supported by improved reasoning, knowledge of pre-trained models, and tool integration.

Construction strategy. The primary emphasis of partner-level agents has transitioned from the
development of models to the design of architectures. Closed-source, large-scale models exhibit
capabilities that not only significantly exceed general performance metrics but also surpass human
expert levels in benchmarks including ScienceQA Lu et al. (2022) and GPQA Rein et al. (2023).
In conjunction with the reduction in costs, this shift has incentivized scientific agents to employ a
"closed-source model + sufficient context" approach, thereby optimizing their potential for scientific
discovery. By deconstructing the primary tasks, partner-level agents are equipped with relevant
contextual descriptions for distinct subtasks, and employ either established or customized agent
frameworks to develop workflows. Automated laboratory settings, like A-Lab Szymanski et al.
(2023), Coscientist Boiko et al. (2023b), enable language models to execute directed experimental
tasks through the organization of hardware interfaces or simulations. Conversely, more agents like
ChemCrow Bran et al. (2023), Crispr-GPT Huang et al. (2024a), Organa Darvish et al. (2025). are
dedicated to the integration of retrieval, analysis, and other tools to fulfill potential design objectives.

Capability scope. Most partner-level agents perform competently within specific domain top-
ics, independently consulting literatureLála et al. (2023); Li et al. (2024f) and generating hypothe-
ses Yang et al. (2024b) or experimental designsHuang et al. (2024a); Bran et al. (2023); Han et al.
(2023). Some automated laboratories can also complete basic experiments. These agents often re-
quire highly constrained, customized scientific research environments, and many agents are limited
to knowledge acquisition tools and do not integrate appropriate resources in experimental settings.
Consequently, despite demonstrating robust design and analysis capabilities on fixed tasks, they of-
ten lack verifiability and data-driven characteristics Bran et al. (2023). Enhancements in reasoning,
collaboration, and memory have, to some extent, improved the reliability of task outcomes; however,
they are still unable to deal with domain subjects independently.

A.4 AGENT AS AVATAR

Avatar-level intelligent agents can engage in the entire scientific research lifecycle through enhance-
ments of targeted capability. They hold significant potential to promote scientific exploration, facil-
itate knowledge discovery, and expand the frontiers of science.
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Benchmarks and Metrics

Benchmark Categories Evaluation Metrics

§ 5.1.1
Knowledge-intensive 

Tasks

§ 5.1.2
Experiment-driven 

Tasks

§ 5.2.1
Objective Metrics

§ 5.2.2
Subjective Metrics

Figure 6: An overview of scientific agent benchmarks and evaluations metrics.

Construction strategy. Avatar agents are characterized by robust reasoning, deep memory,
and strong collaboration. Alphaevolve Novikov et al. (2025) utilizes the original Gemini-2.5-pro
to enhance endogenous reasoning, while Biomni Huang et al. (2025a) leverages reasoning for the
orchestration of diverse toolchains. Robin Ghareeb et al. (2025) introduces a highly personalized
approach to multi-agent collaboration. In this approach, Crow conducts a concise literature review to
identify disease mechanisms and experimental strategies; Falcon performs a comprehensive evalua-
tion of candidate therapeutic drugs; Finch autonomously analyzes experimental data from bioassays
to facilitate new drug discovery. Additionally, AgentRxiv Schmidgall & Moor (2025) and Agent
Laboratory Schmidgall et al. (2025) are built upon multi-agent collaboration. Furthermore, Alphae-
volve Novikov et al. (2025), Biomni Huang et al. (2025a), Robin Ghareeb et al. (2025), and others
are capable of enhancing memory through fusion based on prior interactions.

Capability scope. Studies have demonstrated that the capabilities of current agents are signifi-
cantly limited by their orchestration frameworks Toledo et al. (2025). While Avatar-level agents are
gradually broadening their capability scope in the scientific domain, their potential remains largely
untapped. For instance, Biomni Huang et al. (2025a) excels in biological analysis and assists in
multiple domains. Robin Ghareeb et al. (2025) can verify new drug discoveries within six months,
and Alphaevolve Novikov et al. (2025)s exploration of computer algorithms underscores the con-
siderable potential of avatars in scientific research. These agents can enhance the efficiency of
scientific exploration at various research stages. However, due to the vast range of different fields,
the breakthroughs achieved by current scientific agents have primarily been achieved in computer
science and biochemistry. Expanding their applications into more specialized domains remains a
challenging issue that warrants further investigation.

B BENCHMARKS AND METRICS

A robust benchmark serves as a crucial tool for assessing the current state of a field and directing
future advancements. As shown in Fig. 6, this section systematically reviews the benchmarks of
scientific agents from two dimensions: benchmark categories and evaluation metrics.

B.1 BENCHMARK CATEGORIES

Table 8 summarizes existing benchmarks for scientific agents, categorizing into two categories:
knowledge-intensive tasks and experiment-driven tasks, encompassing the entire lifecycle of scien-
tific research.

B.1.1 KNOWLEDGE-INTENSIVE TASKS

Contrary to agents for general tasks, which require a substantial amount of common sense with
an extensive knowledge domain, scientific agents are frequently confronted with complex, domain-
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Table 8: Statistics of benchmarks for scientific agent evaluation. Application Stages is the research
process stage in which the method is involved: L indicates Literature Mining, H indicates
Research Hypothesis, D indicates Experiment Design, V indicates Experiment Verification,
A indicates Analyst and Result, E indicates Evaluation and Review.

Category Benchmark Domain Application Stages Descriptions Question Type Links

K
no

w
le

dg
e-

in
te

ns
iv

e
Ta

sk
s

BioMaze Zhao et al. (2025) Biology H D A Complex Biological Systems Reasoning True/False & Open-ended Link
Biokgbench Lin et al. (2024) Biology & Medical L A E Hard Science QA Short GT Link
Tomato-Chem Yang et al. (2024b) Chemistry L H E Chemistry Hypothesis Discovery Sequences GT Link
SurveyBench Yan et al. (2025) Computer Science L A Survey Report Generation Open-ended Link
MMLU-Pro Wang et al. (2024b) General L A General Reasoning QA Choices Link
HLE Hendrycks et al. (2025) General L A Challenge Science QA Short GT Link
ScienceQA Lu et al. (2022) General L A Gereral Science QA Choices Link
GPQA Rein et al. (2023) General L A Hard Science QA Hybrid GT Link
SuperGPQA Du et al. (2025b) General L A Hard Science QA Choices Link
SciMON Wang et al. (2023c) General L H Scientific Hypothesis Generation Open-ended Link
CiteBench Funkquist et al. (2022) General L A Scientific Citation-Text Generation Open-ended Link
SciGen Moosavi et al. (2021) General L A Scientific Table Description Generation Open-ended Link
ALCE Gao et al. (2023b) General L A Scientific Citation-Text Generation Open-ended Link
ReviewCritique Du et al. (2024a) General L E Paper Review Generation Hybrid GT Link
Reviewer2 Gao et al. (2024c) General L E Paper Review Generation Open-ended Link
DeepResearch Bench Du et al. (2025a) General L A DeepResearch Reort Generation Open-ended Link
Scientists’ First Exam Zhou et al. (2025) General L A General Science QA Choices & Numeric Link
ArXivQA Li et al. (2024c) Hybrid L A Multimodal Science QA Choices Link
MR-Ben Zeng et al. (2024b) Hybrid L A Science Reasoning QA Choices Link
MMSci Li et al. (2024g) Hybrid L A Multimodal Science QA Choices Link
FigureQA Kahou et al. (2017) Hybrid L Science Chart QA Choices Link
DiscoveryBench Majumder et al. (2024) Hybrid H Hypothesis Generation Open-ended Link
SciEval Sun et al. (2024) Hybrid L H E Scientific Research QA Choices Link
MedXpertQA Zuo et al. (2025) Medical L A Hard Medical Exam Choices Link
MedQA Jin et al. (2021) Medical L A Medical Exam Choices Link
PharmaBench Niu et al. (2024) Medical L A V E ADMET Property Prediction Discrimination Link
LLM-SRBench Shojaee et al. (2025b) Physics A Scientific Equation Discovery Sequences GT Link
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sk
s

LAB-Bench Laurent et al. (2024) Biology L D V A Comprehensive Biology Tasks Sequences GT Link
GenoTEX Liu & Wang (2024) Biology L D V A Genomic Data Analysis Generation Open-ended Link
MLE-Bench Chan et al. (2025) Computer Science D V A Machine Learning Experiment Implementation Sequences GT Link
MLAgentBench Huang et al. (2024b) Computer Science D V A Machine Learning Experiment Implementation Sequences GT Link
MASSW Zhang et al. (2025c) Computer Science L D A E Scientific Publications Summarization Open-ended Link
PaperBench Starace et al. (2025) Computer Science L D V A Scientific Publications Replication Open-ended Link
Exp-Bench Kon et al. (2025) Computer Science L H D A E Scientific Publications Replication Open-ended Link
DS-Bench Ouyang et al. (2025) Data Science D V A Data Analysis Choices & Sequences GT Link
SciClaimHunt Kumar et al. (2025) General D V E Claim Verification Hybrid GT Link
DiscoveryWorld Jansen et al. (2024) Hybrid H D V A Scientific Experiment Implementation Performance Scoring Link
ScienceAgentBench Chen et al. (2024b) Hybrid L D V A End-to-end Scientific Tasks Impletation Sequences GT Link
SciCode Roberts et al. (2024) Hybrid D V A Code Generation Sequences GT Link
ScienceBoard Sun et al. (2025b) Hybrid D V A Scientific Workflow Implementations Experiment Result Link
AgentClinic Schmidgall et al. (2024) Hybrid L D A Clinical Decision Evaluation Sequences GT Link
CORE-Bench Siegel et al. (2024) Hybrid L D V A Scientific Publications Replication Open-ended Link
SDRBench Zhao et al. (2021) Hybrid D V A Scientific Data Reduction Sequences GT Link
Auto-Bench Chen et al. (2025c) Physics D V A Simulation-based Hardware Verification Verilog Scripts Link

specific tasks. Knowledge-intensive undertakings emphasize the agent’s cognitive proficiency in
domain-specific knowledge rather than general capabilities. This is evident in the production of re-
ports on Literature mining, research hypothesis, experiment design, analysis and results, as well
as evaluation and review stages, encompassing tasks associated with knowledge dissemination
throughout the scientific research process.

Literature mining Organizing extensive literature or domain-specific corpora enables the gener-
ation of domain-related questions and answers, assessing the agent’s deep-diving capabilities. This
often requires logical reasoning. ScienceQA Lu et al. (2022), GPQA Rein et al. (2023), and Su-
perGPQA Du et al. (2025b) evaluate competencies across broad domains with a focus on reasoning
abilities. HLE Hendrycks et al. (2025) addresses complex deep knowledge, while MedQA Jin et al.
(2021), MedXpertQA Zuo et al. (2025), and related projects analyze specific domains.

Research hypothesis Valuable hypotheses are crucial for scientific progress and indicate an in-
telligent agent’s understanding of a domain. Current hypothesis generation tasks are mainly divided
into literature-based and experiment-based approaches. The literature-based method, used by Sci-
MON Wang et al. (2023c) and Tomato-Chem Yang et al. (2024b), creates new hypotheses from
historical documents, while the experiment-based method, as shown by DiscoveryBench Majumder
et al. (2024), uses experimental results to find new patterns.

Analysis and result. The analysis is key to interpreting research results, requiring scientific
knowledge for a credible explanation. Benchmarks in this process are crucial for scientific inquiry Li
et al. (2024c); Zeng et al. (2024b); Wang et al. (2024b); Jin et al. (2021); Zuo et al. (2025); Rein et al.
(2023); Du et al. (2025b); Hendrycks et al. (2025); Shojaee et al. (2025b). After analysis, a struc-
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tured report using systematic methods is essential. Structured knowledge greatly refines insights.
CiteBench Funkquist et al. (2022) and ALCE Gao et al. (2023b) focus on factual citations, while
DeepResearch Bench Du et al. (2025a), SurveyBench Yan et al. (2025) assess research reports.

Evaluation and review. Scientific agents have revolutionized the traditional evaluation and
review process. Existing benchmarks, Reviewer2 Gao et al. (2024c), ReviewCritique Du et al.
(2024a), focus on measuring agents’ alignment with human reviewers.

B.1.2 EXPERIMENT-DRIVEN TASKS

Experiment-driven tasks thoroughly incorporate the assessment of the scientific agent’s ability to
utilize tools. They particularly emphasize evaluating the agent’s proficiency in employing tools for
the execution of experiment design and validation, or for undertaking multi-process explorations
rooted in scientific inquiries.

Experiment design and verification. Experiment-driven tasks aim to assess an agent’s capabil-
ity to accomplish objectives autonomously, without reliance on expert intervention. Various bench-
marks across distinct domains, such as DS-Bench Ouyang et al. (2025), MLAgentBench Huang
et al. (2024b), ScienceBoard Sun et al. (2025b), and SDRbench Zhao et al. (2021), among others,
evaluate the extent to which experiments devised by the agent are completed.

Multi-process exploration. Some agents are set to automatically explore based on certain spe-
cific topics. DiscoveryWorld Jansen et al. (2024) explores scientific research from a fixed scenario,
and ScienceAgentBenh Chen et al. (2024b), Paperbench Starace et al. (2025), CORE-Bench Siegel
et al. (2024) measure the research capabilities of scientific agents based on literature reproduction.

B.2 EVALUATION METRICS

Various evaluation metrics have been devised to quantify the behavioural quality and performance
limits of scientific agents throughout the whole stages of the research process. Depending on the
nature of the underlying measurement, these core metrics are typically classified into two categories:
objective evaluation metrics and subjective evaluations.

B.2.1 OBJECTIVE METRICS

Based on verified result. Most benchmarks incorporate question-answering tasks into multiple-
choice questions framed with objective responses or sequential answers. In the context of standard
multiple-choice questions, basic accuracy serves as the metric for evaluation. For complex rea-
soning questions with sequential answers or verified results, metrics such as pass@k and cons@k
are frequently employed. The pass@k metric denotes the likelihood that the agent will attempt the
problem k times, where c indicates the number of correct samples in total samples n and Ec refers
to the expectation of c,

pass@k ∶= Ec

⎡⎢⎢⎢⎣
1 −
(n−c

k
)

(n
k
)

⎤⎥⎥⎥⎦
, (1)

cons@kmeasures the probability of achieving consistency over k attempts by the agent via majority
vote,

cons@K ∶= 1

n

n

∑
i=1

1[âi = yi],

where âi = argmax
a

K

∑
j=1

1[y{i,j} = a],
(2)

For a specific domain, such as the effectiveness of synthetic molecules, differences in predicted
properties, etc., can all be used as verifiable objective evaluation criteria.

Based on trajectory. In addition to the success rate of individual tasks, agent process indicators
are often incorporated to provide a more comprehensive evaluation. For tasks with distinct steps, the
completion of sub-goals is assessed after breaking down the process Xu et al. (2024). To evaluate
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the trajectory effectively, precision and recall can be calculated for each step Liu et al. (2023c). The
efficiency of the agent’s process can be measured by the average completed steps Liu et al. (2023c).

Based on output similarity. Similarity-based metrics provide a foundation for evaluating open-
ended question-answering systems. The primary methodologies employed include BLEU Papineni
et al. (2002), BertScore Zhang et al. (2020), and Semantic Textual Similarity (STS) Majumder et al.
(2016). BLEU evaluates the overall consistency between the generated text and the reference text
by examining n-gram word segment overlap, necessitating that the reference text possess a high
degree of semantic structure standardization. BertScore assesses the maximum cosine similarity
of contextual embeddings by leveraging the Bert model across various domains. STS evaluates
similarity with the reference answer at the sentence level.

Based on factuality. Robust factuality assessment underpins the reliability of scientific-agent
outputs. Metrics like ANAH-v2 Gu et al. (2024), FactScore Min et al. (2023), LongFact Wei et al.
(2024)all use LLM-as-judge to establish a rigorous workflow to evaluate the factuality of each propo-
sition on sentence-level atom answer. Although this pipeline yields fine-grained, documentable
judgments, LLM-as-judge prompts reduce manual and computational overheadtrading methodolog-
ical transparency for efficiency.

B.2.2 SUBJECTIVE METRICS

Research activities like hypothesis formulation, experimental design, data analysis, and synthesis in
research report creation, along with evaluation and review, are often subjective tasks. The prevail-
ing evaluation methodologies frequently incorporate an approach that combines granular evaluation
decomposition with the deployment of LLM-as-judge Gu et al. (2025). The assessment criteria
can be accurately evaluated by disaggregating and quantifying the measurement components of the
produced object. For instance, Deepresearch Bench evaluates the generated report across four di-
mensions: comprehensiveness, insight, adherence to instructions, and readability. Shin et al. (2025)
utilizes clarity, validity, novelty, and impact as the dimensions for decomposing the report for scor-
ing purposes. Concurrently, to enhance the reliability of LLM-as-judge, manual evaluation is fre-
quently incorporated as a reference, or reference samples are utilized as prompts. Simultaneously,
the DeepResearch Bench Du et al. (2025a) evaluates and normalizes both the reference samples and
generated samples, further quantifying the scores in terms of relative degrees.

C CHALLENGE AND PROSPECT

Existing research is still far from the expected scientific agent prospect, and still faces challenges
in many dimensions. This section will discuss the challenges and promising research directions of
scientific research, aiming to further promote the development of the field.

Factualism and rationality. Evaluating the rationality and factual accuracy of scientific exper-
imental designs still remain challenge for existing scientific agents. While a controlled degree of
creative hallucinations can potentially foster innovation in scientific discovery Abdel-Rehim et al.
(2025), LLMs possess a pronounced tendency to generate fabricated scientific arguments. Further-
more, In addition, wet experiments in natural sciences often require a lot of resources, which makes
it more complicated to align scientific agents with verifiable facts. In the future, this can be alle-
viated through further tool integration, knowledge verification mechanisms, and iterative feedback
reasoning, so as to guide data-driven methods with scientific soft literacy.

Framework adapted complex scientific tasks. Scientific agents remain relatively lagging
compared to other types of agents. Many existing systems redundantly reinventing wheels across
various domains and lacking cohesive, well-structured architectures. Scientific agents such as
Biomni Huang et al. (2025a)) support complex workflows by integrating various biological tools,
but they do not adopt existing agent frameworks because most agent frameworks Chase (2022);
LangChain Inc. (2024); Wu et al. (2023); Lu et al. (2025); Moura & Contributors (2024) have high
code complexity and are difficult to integrate. Designing flexible agent frameworks tailored to the
specificities of scientific research tasks, such as Octotools’ tool card design Lu et al. (2025), to meet
the research needs of diverse fields, may be a promising direction for future exploration.
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Self-improvement iteration. With rapid technological advancement, self-iterative progress is
essential for the long-term development of scientific agents. During self-iteration, memory is con-
tinuously accumulated as a communication unit, with episodic memory gradually internalized Pink
et al. (2025). More autonomous approaches employ self-reflection iterations to develop a refined
experiential insight library. The benefits of continual learning in mitigating catastrophic forgetting
offer valuable guidance for integrating parameter memory into LLMs Guo et al. (2025). Future
research should determine how to optimally balance episodic and parameter memory in agents to
support continuous evolution.

Interaction optimization for scientific exploration. Optimizing the interactions among sci-
entific agents during autonomous exploration, particularly in human-machine and multi-agent col-
laboration, is crucial for advancing research. Current multi-agent systems are often built on fixed,
general models, which limits their diversity and hinders their development. Expanding to a wider
range of models or introducing human collaboration can alleviate this problem to some extent. The
Robin system ( Ghareeb et al. (2025)) provides a powerful framework with a clear division of la-
bor, demonstrating the superiority of interaction design. Future paradigms that combine general
and specialized models, and foster the interaction of artificial intelligence and human expertise, hold
great potential for enhancing the capabilities of scientific agents and provide fertile ground for future
research.

Multi-disciplinary agent. Disciplines are not entirely isolated entities. While different fields ex-
hibit distinct cognitive styles and reasoning preferences, they simultaneously share certain common
elements. This facilitates the implicit transfer of knowledge across various disciplines. In a similar
manner to NatureLM Xia et al. (2025) and Biomni Huang et al. (2025a), which integrates sequential
information such as proteins, DNA, and molecules for training purposes, resulting in performance
enhancements across multiple domains, scientific agents might augment their professional expertise
by strengthening their capacities across related disciplines.

Scientific evaluation and verification The extant benchmarks are driven by tasks, rendering
segments of the research process into problems that can be empirically verified Sun et al. (2025b);
Siegel et al. (2024); Chen et al. (2024b); Roberts et al. (2024); Jansen et al. (2024). Nonetheless,
a disparity exists between scientific research tasks in open-ended scenarios and the corresponding
evaluations. Such evaluation of scientific research tasks can be considered an undecidable problem.
Identifying appropriate relaxation conditions to conceptualize it within the NP class, or employing
approximate reductions such as probabilistic or randomization, remains an area worthy of further
investigation. AI-driven research still must adhere to the falsifiability and reproducibility inherent
in scientific methodologies.
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