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Abstract

The Science of Science (SciSci) examines how
scientific knowledge is generated, evaluated,
and transformed by utilizing large-scale schol-
arly and bibliometric data. As these data grow
in scale and complexity, analysis has increas-
ingly relied on statistical, network-based, ma-
chine learning methods, and is now seeing
growing involvement of AI agents. This emerg-
ing class of such agents, ranging from multi-
agent simulations of scientific behavior to tool-
augmented systems for empirical analysis, is
beginning to reshape how SciSci research is
conducted. In this survey, we propose a task-
centered taxonomy, distinguishing agents as
simulations, which model citation, collabora-
tion, and community dynamics, from agents
as tools, which assist empirical analysis and
scientific workflows. We review agent archi-
tectures, learning mechanisms, evaluation, and
SciSci benchmarks, and examine open chal-
lenges related to reliability, data quality, and
bias. Our survey aims to clarify the landscape
of AI agents in SciSci and to support the de-
velopment of reliable and scientifically useful
AI systems for studying science and scientific
communities.

1 Introduction

The Science of Science (SciSci) is an interdisci-
plinary research area that seeks to understand how
scientific knowledge is produced, evaluated, and
transformed over time, with particular attention
across scientists, institutions, and scientific commu-
nities (Fortunato et al., 2018). By analyzing large-
scale data on publications, citations, collaborations,
and careers, SciSci seeks to uncover regularities
and mechanisms underlying scientific progress, in-
novation, and inequality across individuals, teams,
institutions, and fields (Fortunato et al., 2018; Wang
et al., 2013; Uzzi et al., 2013; Liu et al., 2023; Wang
and Barabási, 2021).

Addressing these questions has required an

evolving methodological toolkit built around large-
scale bibliometric data (Fortunato et al., 2018; Liu
et al., 2023), with statistical and econometric mod-
els, causal inference, and network analysis used to
study productivity, impact, innovation (Uzzi et al.,
2013), and career dynamics (Wang et al., 2013;
Petersen et al., 2014; Azoulay et al., 2011; Fortu-
nato et al., 2018; Wu et al., 2019). More recently,
machine learning and representation learning meth-
ods have enabled predictive modeling and pattern
discovery by integrating scientific text, network
structure, and temporal dynamics (Yan et al., 2011;
Perozzi et al., 2014; Grover and Leskovec, 2016;
Beltagy et al., 2019; Cohan et al., 2020). Beyond
retrospective analysis, SciSci increasingly informs
high-stakes contexts such as research evaluation
and science policy, creating reflexive feedback be-
tween analysis and scientific behavior and placing
heightened demands on robustness, interpretability,
and multi-step reasoning (Hicks et al., 2015; Shao
et al., 2025).

In parallel, recent advances have given rise to
agent-based AI systems that embed language mod-
els within explicit control loops for planning (Yao
et al., 2023b; Wang et al., 2023), tool use (Yao
et al., 2023b), memory (Shinn et al., 2023; Hu et al.,
2025), and iterative interaction with the external en-
vironment (Park et al., 2023), enabling multi-step,
goal-directed behavior beyond single-shot genera-
tion. These capabilities position AI agents, partic-
ularly large language model (LLM) based agentic
systems, as a well-suited computational framework
for orchestrating complex, multi-step, and data-
intensive scientific workflows (Masterman et al.,
2024; Luo et al., 2025; Xi et al., 2025).

Important questions naturally arise: how can AI
agents effectively support SciSci research, through
which architectures and execution paradigms, and
under what evaluation criteria? In this survey, we
synthesize existing work on AI agents for SciSci
while identifying key limitations, open challenges,
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Figure 1: Comparison of three computational paradigms: (a) ABM with multiple agents following fixed behavior
rules interacting within an environment, (b) LLM operating as a simple prompt-in, answer-out system with iterative
generation, and (c) AI Agents combining an LLM core with reasoning, memory, and tools/APIs to take actions and
receive feedback from the environment.

and opportunities for future research. We first an-
alyze the core capabilities enabling AI agents in
SciSci research in § 2. In § 3, we present a task-
centered taxonomy, followed by a review of repre-
sentative agent architectures and system paradigms
(§ 4) and a summary of the underlying learning
paradigms (§ 5). Finally, we examine evaluation
metrics and benchmarks in § 6, and outline open
challenges and implementation gaps for AI agents
in SciSci research in § 7.

2 Agent Capabilities for SciSci Research

Among the diverse computational approaches to
SciSci, a notable trajectory runs from simulation-
based to language-based to agentic paradigms (Ta-
ble 1, Figure 1). Early on, agent-based modeling
(ABM) played a foundational role in SciSci by for-
malizing fixed micro-level behavioral rules about
individual scientists and examining how their inter-
actions give rise to macro-level patterns, like col-
laboration networks or citation dynamics (Gilbert,
1997; Watts and Gilbert, 2011; Chacko et al., 2025),
directly supporting SciSci’s goal of linking individ-
ual behavior to collective scientific outcomes.

Recent advances in AI agents mark a qualitative
shift beyond traditional ABMs by enabling adap-
tive, data-driven decision-making and the orches-
tration of multi-step analytical workflows through
rule-based planners, reinforcement learning agents,
and LLM-based agentic systems (Wang et al.,
2024a; Huang et al., 2024; Yao et al., 2023b; Shinn
et al., 2023; Zhang et al., 2025). Consequently,
AI agents can model micro-level human-like de-
cision processes at scale, enabling more flexible

analyses of macro-level scientific structures (Xie
et al., 2024). These capabilities are especially
well-suited to SciSci’s distinctive demands: cross-
disciplinary breadth spanning all of science, vali-
dation against established bibliometric regularities
rather than domain-specific ground truth, and the
reflexive challenge that agents studying science in-
evitably become part of the system they analyze
(Fortunato et al., 2018). AI agents offer several key
advantages over classical ABMs in SciSci includ-
ing:

Reasoning and planning. Unlike static models
responding to isolated queries, AI agents decom-
pose complex tasks into manageable subtasks, ex-
ecute them adaptively, and refine their approach
based on intermediate results (Wang et al., 2024a).
This autonomous orchestration capability, as in Fig-
ure 1 is particularly valuable for SciSci, where typ-
ical analyses rely on millions of papers (Lin et al.,
2023; Fortunato et al., 2018) require chaining lit-
erature retrieval, data processing, and statistical
modeling into coherent workflows. Agents achieve
this through planning mechanisms such as Chain-
of-Thought prompting (Wei et al., 2023), Tree-
of-Thoughts exploration (Yao et al., 2023a), and
ReAct reasoning-action loops (Yao et al., 2023b).
These techniques enable handling SciSci questions
that inherently span multiple temporal scales, dis-
ciplinary boundaries, and various analytical levels.

Tool use and knowledge integration. AI agents
address fundamental LLM limitations: knowledge
cutoffs, numerical imprecision, lack of live data
via external sources and tool integration (Schick
et al., 2023; Qu et al., 2025). Tool-augmented
agents like SciSciGPT enable unified bibliomet-
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Dimension ABM LLM AI Agent

Mechanism Rule-based, bottom-up emer-
gence

Neural text generation LLM + planning + tools + mem-
ory

Behavior Modeling Predefined rules (e.g., prefer-
ential attachment)

Implicit patterns from training data Adaptive, persona based, emer-
gent dynamics

Data Integration Manual parameter calibration Training corpus; knowledge cutoff Real-time tool access; RAG

Scalability Computationally intensive Efficient at scale Orchestrates complex work-
flows

Autonomy Predefined Reactive Proactive

SciSci Uses Network formation, diffusion
dynamics

Semantic analysis, classification Simulation + workflow + hy-
pothesis

Limitations Rigid rules; calibration burden Limited autonomy; hallucinations Cost; reliability; complexity

Table 1: Comparison of related computational paradigms for SciSci research. ABMs established simulation-based
SciSci with fixed behavioral rules (Epstein and Axtell, 1996; Bonabeau, 2002; Gilbert, 1997). LLMs enabled
scalable text analysis but lack autonomy (Brown et al., 2020; Beltagy et al., 2019; Ji et al., 2023). AI Agents
integrate LLM capabilities with planning, tool use, and adaptive behavior, bridging simulation and analysis (Wang
et al., 2024a; Yao et al., 2023b; Park et al., 2023; Gao et al., 2024).

ric, algorithmic, and full-text analysis workflows
over 134M papers (Shao et al., 2025), while Pa-
perQA2 grounds claim verification in live litera-
ture through iterative retrieval and citation-aware
reranking (Skarlinski et al., 2024). VirSci (Su et al.,
2025) further demonstrates that, for ideation, inte-
grating diverse tools: retrieval, network analysis,
and semantic modeling, outperforms single capa-
bility pipelines.

Scalable semantic analysis. While traditional
SciSci faces a tradeoff between qualitative depth
(close reading of few texts) and quantitative
breadth (bibliometrics over millions), LLM-based
agents bridge this divide (Wei et al., 2025; Chen
et al., 2025a). Agents comprehend scientific argu-
ments, identify methodological choices, character-
ize rhetorical strategies, and synthesize thematic
patterns across large corpora (Baek et al., 2025; Li
et al., 2025). This enables content-aware SciSci
research at scale: analyzing not just citation net-
works, but how ideas are framed, contested, and
evolved across scientific discourse.

Human behavior simulation. Unlike tradi-
tional ABMs that rely on predefined rules, LLM-
based agents can simulate nuanced scientist behav-
ior. Trained on scientific literature, peer reviews,
and academic discourse (Brown et al., 2020; Sol-
daini et al., 2024), LLMs internalize patterns of
scientific reasoning and social interaction, enabling
realistic simulation of scientist personas with as-
sociated biases, expertise, and dynamics (Park
et al., 2023). Key enabling mechanisms include
persona conditioning, memory-based behavioral

consistency, multi-agent interaction protocols, and
emergent system-level dynamics. Domain-specific
systems such as AgentReview (Jin et al., 2024) and
CiteAgent (Ji et al., 2025) have demonstrated these
capabilities for simulating peer review and citation
behavior in SciSci research.

Hypothesis generation and iterative refine-
ment. AI agents can generate novel research hy-
potheses through multi-agent debate, self-critique,
and iterative improvement (Lu et al., 2024; Gha-
farollahi and Buehler, 2024). Frameworks like
AI Co-Scientist (Gottweis et al., 2025) refine
hypotheses through multi-agent tournament-style
selection—a process that mirrors how scientific
communities filter ideas through competitive eval-
uation (Fortunato et al., 2018). For SciSci, this
capability serves dual purposes: agents can gener-
ate hypotheses about scientific phenomena, while
the ideation process itself becomes an object of
SciSci inquiry, revealing how AI systems internal-
ize and reproduce patterns from scientific training
data (Si et al., 2024).

3 Taxonomy

As above, many core SciSci challenges are in-
herently process-centric and interactive, making
them well suited to AI agents. We propose a
task-based taxonomy with two roles: agents as
simulations, which model scientific processes to
test mechanistic hypotheses; and agents as tools,
which operationalize SciSci constructs—such as
knowledge recombination, review bias, and consen-
sus formation—to assist empirical SciSci analysis
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as in Table 2.

3.1 Agents as Simulations
Modeling citation networks. Citation networks
exhibit stable regularities such as power-law degree
distributions and preferential attachment (Wang
and Barabási, 2021; Fortunato et al., 2018). Ji et al.
(2025) introduces CiteAgent, an LLM-based multi-
agent framework that models authors as interacting
agents and reproduces these empirical patterns, en-
abling controlled interventions on citation behavior.
And reveals that different language models induce
systematically different attachment dynamics. This
demonstrates how agentic simulations can be used
in SciSci to move beyond descriptive analysis to-
ward mechanistic testing of citation formation.

Simulating collaboration dynamics. Scien-
tific collaboration is the dominant mode of modern
knowledge production (Wuchty et al., 2007), yet
its underlying mechanisms are difficult to study ob-
servationally. Recent work leverages multi-agent
simulations to model research communities and
collaboration processes. Yu et al. (2025) pro-
pose ResearchTown, which represents the scien-
tific ecosystem as an agent–data graph linking re-
searcher agents and paper artifacts, enabling simu-
lation of idea propagation and counterfactual col-
laboration scenarios. Complementary approaches
model collaboration at the team level: VirSci (Su
et al., 2025) demonstrates that structured multi-
agent collaboration yields higher-novelty ideas than
single-agent baselines, while Agent Laboratory and
AgentRxiv (Schmidgall et al., 2025; Schmidgall
and Moor, 2025) explicitly simulate hierarchical
roles and cumulative knowledge building. Together,
these agentic simulations provide a computational
framework for testing SciSci theories of collabora-
tion, team structure, and knowledge accumulation
beyond static network analysis.

Simulating peer review dynamics. Peer review
is both a quality control mechanism and a sub-
ject of SciSci inquiry (Fortunato et al., 2018; Liu
et al., 2023). Jin et al. (2024) present AgentReview,
an LLM-based framework simulating peer review
with Reviewer, Author, and Area Chair agents, en-
abling controlled experiments on reviewer biases
impossible with real data.

3.2 Agents as Tools
Each agent in this section is included on a spe-
cific criterion: it must operationalize an established
SciSci theoretical construct: knowledge recombina-

tion, peer review norms, or evidence accumulation
— such that its design is informed by SciSci theory
and its outputs can be evaluated against known sci-
entific regularities (Fortunato et al., 2018). This dis-
tinguishes the systems here from general research
automation: rather than merely accelerating scien-
tific tasks, they make scientific processes computa-
tionally observable and measurable, serving simul-
taneously as instruments for SciSci research and
objects of SciSci inquiry. This grounding places
them at the intersection of SciSci theory and scien-
tific practice (Chen et al., 2025b).

Automated review generation. Complement-
ing simulation-based studies, other agents focus
on generating useful feedback as a practical tool.
Peer review constitutes the primary gatekeeping
mechanism through which scientific knowledge is
validated, yet the implicit norms governing review
quality have remained difficult to formalize (For-
tunato et al., 2018). MARG (D’Arcy et al., 2024)
deploys a leader–worker–expert hierarchy to pro-
duce actionable comments, reducing generic feed-
back from 60% to 29%. REMOR (Taechoyotin and
Acuna, 2025) uses reinforcement learning from hu-
man preferences to align generated reviews with
expert judgment. By encoding reviewer behavior
as learnable objectives, these systems make the im-
plicit norms of scientific gatekeeping explicit and
measurable — revealing that review quality is both
decomposable and improvable.

Research idea generation. Understanding how
novel scientific ideas emerge is a longstanding
SciSci challenge (Wang and Barabási, 2021; Uzzi
et al., 2013). A key insight from SciSci is that
high-impact discoveries often arise from atypical
combinations of otherwise conventional knowl-
edge (Uzzi et al., 2013); recent systems operational-
ize this knowledge recombination theory by min-
ing implicit connections across corpora to generate
novel research ideas, enabling the study of ideation
as a computational process (Zheng et al., 2025).
One line of work focuses on automated genera-
tion pipelines. Systems like SciMON (Wang et al.,
2024b) retrieve related papers and iteratively refine
hypotheses using novelty boosting. ResearchA-
gent (Baek et al., 2025) extends this with multi-
agent feedback from specialized ReviewingAgents,
while SciAgents (Ghafarollahi and Buehler, 2024)
incorporates ontological reasoning over knowledge
graphs for cross-domain hypothesis discovery.

A complementary line emphasizes human-AI
co-ideation and empirical evaluation. Scideator
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Tasks Core SciSci Question Representative Systems

Agents as Simulations: modeling scientific process

Citation network modeling How do citations emerge? Pat-
terns?

CiteAgent (Ji et al., 2025)

Collaboration dynamics How do scientists collaborate
and research communities
form?

ResearchTown (Yu et al., 2025), VirSci (Su et al., 2025),
Agent Laboratory (Schmidgall et al., 2025), AgentRxiv
(Schmidgall and Moor, 2025)

Peer review dynamics How does peer review function? AgentReview (Jin et al., 2024)

Agents as Tools: assisting SciSci analysis

Automated review generation How to generate useful reviewer
feedback?

MARG (D’Arcy et al., 2024), REMOR (Taechoyotin
and Acuna, 2025)

Research idea generation How does knowledge recombi-
nation drive novelty in science?

SciMON (Wang et al., 2024b), ResearchAgent (Baek
et al., 2025), SciAgents (Ghafarollahi and Buehler,
2024), Scideator (Radensky et al., 2025), CoQuest (Liu
et al., 2024)

Scientific claim verification How does evidence accumulate
and scientific consensus form?

SciFact (Wadden et al., 2020), PaperQA2 (Skarlinski
et al., 2024)

SciSci workflow automation How can we automate SciSci re-
search?

SciSciGPT (Shao et al., 2025), DataParasite (Sun, 2026)

Table 2: Task-based taxonomy of AI agents for SciSci. Simulations model scientific processes to test mechanistic
hypotheses; Tools operationalize SciSci theories and constructs—such as knowledge recombination, peer review
process, and consensus formation—to assist empirical analysis.

(Radensky et al., 2025) operationalizes combinato-
rial innovation theory by decomposing papers into
facets (purpose, mechanism, evaluation) and letting
users interactively recombine them. CoQuest (Liu
et al., 2024) studies human-AI co-creation through
branching exploration of research questions. Most
ambitiously, Si et al. (2024) conduct the first large-
scale blind study with over 100 NLP researchers,
finding that LLM-generated ideas are rated signif-
icantly more novel but less feasible than human
ideas, with experts unable to reliably distinguish be-
tween them. Together, these systems make ideation
observable and measurable, turning knowledge re-
combination from a theoretical construct into an
empirical SciSci object.

Scientific claim verification. The accumula-
tion and verification of scientific claims is funda-
mental to knowledge production (Fortunato et al.,
2018). From a SciSci perspective, how evidence
accumulates across literature and how scientific
consensus forms are central epistemological ques-
tions (Fortunato et al., 2018; Wang and Barabási,
2021). Verification agents operationalize these
questions through retrieval-augmented pipelines
that can be studied as models of evidence aggrega-
tion. SciFact (Wadden et al., 2020) established the
task of classifying claims as Supported, Refuted,
or Not Enough Info given evidence abstracts. Skar-
linski et al. (2024) extend this with PaperQA2, an

agentic system achieving 85.2% precision on the
LitQA2 benchmark, surpassing the 73.8% achieved
by human domain experts. The system employs
iterative query refinement, citation-aware ranking,
and self-evaluation loops. The gap between agent
and expert performance itself constitutes a SciSci
finding about the structure of domain knowledge
and the limits of evidence synthesis at scale.

SciSci workflow automation. Beyond task-
specific agents, recent work develops integrated
AI systems that automate end-to-end SciSci work-
flows over large-scale data. Shao et al. (2025) in-
troduces SciSciGPT, a multi-agent research assis-
tant that orchestrates literature retrieval, database
querying over SciSciNet (134M papers), statistical
analysis, and self-evaluation through a central man-
ager agent. Designed explicitly for SciSci tasks:
such as collaboration network analysis and atypical
combination discovery, the system demonstrates
how agentic architectures can support scalable, re-
producible SciSci research. Complementing such
workflow-level agents, tools like DataParasite (Sun,
2026) focus on automatically collecting and struc-
turing large-scale Science of Science data, further
lowering the barrier to empirical and agent-driven
SciSci analysis.

The two paradigms are complementary: sim-
ulations test mechanistic hypotheses about how
science works, while tools operationalize SciSci
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theories—such as knowledge recombination, re-
view norms, and evidence aggregation—to aug-
ment researchers’ analytical capacity. Crucially,
both paradigms reflect a bidirectional relationship:
SciSci theories guide agent design across scien-
tific disciplines, while agent-generated outputs—
simulated citation networks, AI-produced reviews,
computationally discovered ideas—create new em-
pirical objects for SciSci inquiry (Chen et al.,
2025b).

4 Architecture

SciSci agent systems exhibit recurring architec-
tural patterns in how they organize control, tool
use, memory, and coordination. These choices
are consequential because SciSci workflows inter-
leave literature retrieval, data analysis, and writing,
where intermediate artifacts matter as much as final
outputs.

Single-agent architectures. Single-agent de-
signs suit SciSci tasks that unfold as sequential,
self-contained workflows. The AI Scientist (Lu
et al., 2024) automates the full research pipeline—
ideation, experimentation, and writing—using a
single LM controller. SciMON (Wang et al., 2024b)
iteratively refines hypotheses by retrieving related
work and penalizing similarity to prior ideas. RE-
MOR (Taechoyotin and Acuna, 2025) trains a sin-
gle reasoning model with reinforcement learning
for review generation. These examples suggest that
when tasks have well-defined boundaries and rely
on iterative agent-knowledge interaction, single-
agent architectures offer sufficient expressiveness
without coordination overhead.

Multi-agent architectures. Multi-agent archi-
tectures distribute responsibilities across interact-
ing agents. VirSci organizes agents into propose-
critique-revise cycles for idea refinement (Su et al.,
2025). ResearchTown models a research commu-
nity as an agent–data graph, implementing reading,
writing, and reviewing as message-passing interac-
tions (Yu et al., 2025). CiteAgent couples agent
decisions to a networked environment, enabling
evaluation of micro-level behaviors through their
effects on citation dynamics (Ji et al., 2025). The
central architectural question is how information ac-
cess, responsibilities, and feedback are structured.

Many systems make roles explicit to constrain
tool access, memory scope, and interaction pat-
terns. Common roles include planning, literature
retrieval, data analysis, writing, and critical review.

Table 3 summarizes a role taxonomy; Table 5 maps
these roles to representative systems, showing how
SciSci tasks require different role configurations.

Hybrid architectures. Most practical SciSci
systems adopt hybrid architectures that combine
language models with retrieval-augmented genera-
tion (RAG), tools, and persistent memory (Lewis
et al., 2020; Liu et al., 2025a). PaperQA2 integrates
staged retrieval with citation-aware ranking (Skar-
linski et al., 2024); Scideator combines retrieval
with facet-based ideation (Radensky et al., 2025).
Memory modules extend agent capabilities beyond
fixed context windows, as in ResearchTown’s per-
sistent agent–paper relations (Yu et al., 2025). An
idealized workflow is provided in Appendix A.3.

5 Learning Paradigms

A notable pattern emerges: most surveyed systems
employ pre-trained foundation models without fine-
tuning, leveraging inference-time mechanisms in-
cluding retrieval augmentation, tool integration,
and structured prompting than specialized training.

5.1 Supervised/Instruction-Based Learning
Pre-training foundations. Most SciSci agents
leverage general-purpose LLMs without domain-
specific pre-training, relying on knowledge embed-
ded during foundation model pre-training due to
their strong zero-shot performances, supplemented
by retrieval at inference time (Qi et al., 2023).

Supervised fine-tuning. Fine-tuning remains
underexplored in SciSci agents. REMOR (Tae-
choyotin and Acuna, 2025) applies LoRA-based
SFT on ∼1,700 peer review samples with syn-
thetic reasoning traces before reinforcement learn-
ing. BioAgents (Mehandru et al., 2025) fine-
tunes smaller models on domain documentation
to achieve expert-comparable results. SFT can ef-
fectively encode domain conventions and scientific
patterns, and remains limited by data availability.

5.2 Preference Optimization
Reward-based methods. Preference optimization
remains underexplored in SciSci. REMOR (Tae-
choyotin and Acuna, 2025) applies Group Relative
Policy Optimization (GRPO) (Shao et al., 2024),
a critic-free reinforcement learning variant, with
algorithmically derived rewards across eight re-
view dimensions, achieving > 2× human baseline
scores. Such approaches are suitable for domains
where expert feedback is costly, but quality metrics
are formalized.
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Figure 2: Architectural patterns in SciSci agent systems. (a) Single-Agent: A single LM controller iterates through
reasoning, tool use, and memory access. (b) Multi-Agent: Role-specialized agents coordinate through shared tools
and memory. (c) Hybrid: An orchestrator manages staged workflows with retrieval, analysis, and synthesis modules.
Solid arrows are data and control flow; dashed lines denote coordination mechanisms and iterative refinement loops.

Role Category Canonical Functions Typical Responsibilities Representative Instantiations

Planner and orchestra-
tor

Task decomposition, work-
flow coordination, resource
allocation

Goal parsing, subtask gen-
eration, agent scheduling,
progress monitoring

Supervisor (Gottweis et al., 2025), Or-
chestrator (Liu et al., 2025b), Area Chair
(Jin et al., 2024), Leader (D’Arcy et al.,
2024)

Literature specialist Information retrieval, cita-
tion management, knowl-
edge grounding

Semantic search, query ex-
pansion, document ranking,
citation verification

Paper Search Specialist (Liu et al.,
2025b), Retriever (Yu et al., 2025), RAG
modules (Skarlinski et al., 2024)

Domain expert or ana-
lyst

Data processing, method
execution, domain-specific
reasoning

Statistical analysis, code ex-
ecution, experiment design,
domain inference

Experiments Agent (D’Arcy et al.,
2024), Scientist 1 & 2 (Ghafarol-
lahi and Buehler, 2024), Data Analyst
(Schmidgall et al., 2025)

Writer or synthesizer Content generation, narra-
tive construction, document
assembly

Drafting, summarization,
cross-source integration,
format compliance

Academic Survey Writer (Liu et al.,
2025b), Writer (Yu et al., 2025), Author
(Jin et al., 2024)

Critic or evaluator Quality assessment, feed-
back generation, iterative re-
finement

Novelty/soundness evalua-
tion, weakness identifica-
tion, score assignment

Critic (Ghafarollahi and Buehler, 2024),
Reviewer (Jin et al., 2024), Quality Eval-
uator (Liu et al., 2025b), Impact Expert
(D’Arcy et al., 2024)

Table 3: Common agent roles in SciSci systems. Each role category encompasses a cluster of related functions that
recur across systems, though specific implementations vary in granularity and capability scope.

Reward-free methods. These methods ap-
pear in specific scientific domains for drug design
(Cheng et al., 2024), remaining absent from gen-
eral SciSci. Given Direct Preference Optimization
(DPO)’s success in summarization (Rafailov et al.,
2024) and KTO’s ability to learn from unpaired bi-
nary feedback (Ethayarajh et al., 2024), they offer
potential for literature synthesis and peer review
tasks where quality signals are abundant but paired
preferences are scarce.

5.3 Inference-Time Adaptation

In-context learning. Role-based prompting domi-
nates SciSci agents as we summarized in Table 3.
AgentReview assigns reviewer personas with at-
tributes for commitment, intention, and knowl-
edgeability (Jin et al., 2024); MARG deploys

leader-worker-expert hierarchies (D’Arcy et al.,
2024); VirSci coordinates up to eight specialized
agents through structured collaboration protocols
(Su et al., 2025).

Retrieval augmentation. RAG architectures
are widely adopted. PaperQA2 uses Reranking
and Contextual Summarization (Skarlinski et al.,
2024); SciMON employs triple retrieval (semantic,
graph, citation) (Wang et al., 2024b); SciSciGPT
uses vector search with metadata filtering (Shao
et al., 2025); ResearchAgent and SciAgents inte-
grate entity-centric stores (Baek et al., 2025; Gha-
farollahi and Buehler, 2024). These retrieval mech-
anisms are crucial for SciSci tasks, enabling agents
to ground analysis while continuously evolving
scholarly databases and maintain factual accuracy.

Reflection and self-critique. Multi-agent cri-
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tique loops enable iterative refinement without
training. ResearchAgent’s ReviewingAgents eval-
uate hypotheses on validity, novelty, and signifi-
cance (Baek et al., 2025); Agent Laboratory im-
plements hierarchical academic roles with human-
in-the-loop validation (Schmidgall et al., 2025);
SciMON applies novelty-boosting penalties during
iterative generation (Wang et al., 2024b). SciS-
ciGPT employs a prompting technique using struc-
tured XML tags and iterative feedback from an
evaluation agent (Shao et al., 2025).

This landscape shows that SciSci agents have
made remarkable progress through inference-time
techniques, but have largely overlooked preference
optimization—an underexplored frontier with sub-
stantial room for advancement.

6 Evaluation and Benchmarks

Evaluating AI agents for SciSci presents funda-
mental challenges: simulation agents require the-
ory alignment validation, tool agents demand task-
specific performance metrics.

6.1 Evaluation Approaches

Human Evaluation. Protocols differ substantially
across systems. Idea generation systems typically
employ expert panels: ResearchAgent uses 10 do-
main experts across 15 criteria (ρ = 0.83) (Baek
et al., 2025); SciMON recruits 6 NLP experts
(Wang et al., 2024b); CoQuest conducts think-
aloud protocols with 20 doctoral students (Liu et al.,
2024); and Scideator adopts the validated Creativ-
ity Support Index (n = 22) (Radensky et al., 2025).
Workflow automation systems like SciSciGPT use
smaller pilot studies (n = 3) with expert interviews
(Shao et al., 2025). Notably, the AI Co-Scientist
extends beyond ratings to wet-lab validation, con-
firming tumor inhibition for AI-proposed drug can-
didates (Gottweis et al., 2025). Simulation-focused
systems such as CiteAgent, VirSci, and Research-
Town largely forgo human evaluation, instead vali-
dating against established bibliometric theories (Ji
et al., 2025; Su et al., 2025; Yu et al., 2025).

Automatic Evaluation. Four dominant ap-
proaches have emerged: (1) LLM-as-judge meth-
ods rating outputs on novelty and feasibility; (2)
embedding-based similarity using SciBERT or Sen-
tenceBERT; (3) SciSci-grounded metrics opera-
tionalizing bibliometric constructs, such as VirSci’s
composite novelty score (Su et al., 2025; Uzzi
et al., 2013) and CiteAgent’s validation against

citation network laws (Ji et al., 2025); and (4)
multi-dimensional frameworks like REMOR’s 8-
aspect Human-aligned Peer Review Reward (Tae-
choyotin and Acuna, 2025) and SciSciGPT’s three-
level self-evaluation (Shao et al., 2025). However,
automatic metrics do not reliably approximate hu-
man judgment: Agent Laboratory finds LLM re-
viewers inflate scores by 60% compared to human
raters, while ResearchTown reports only r=0.49
correlation between LLM and human assessments
(Schmidgall et al., 2025; Yu et al., 2025).

6.2 Benchmarks and Datasets
Task-specific benchmarks. Benchmark prolifer-
ation over standardization characterizes the field:
most systems introduce task-specific benchmarks.
Idea generation systems contribute corpora rang-
ing from 67 facet-annotated examples (Radensky
et al., 2025) to 85K papers with novelty frame-
works (Baek et al., 2025; Su et al., 2025). Peer re-
view systems provide 16K–53K annotated reviews
for dynamics analysis (Jin et al., 2024; Taechoyotin
and Acuna, 2025). Claim verification benchmarks
include SciFact (1.4K claims with rationales) (Wad-
den et al., 2020) and LitQA2 (248 questions includ-
ing unanswerable items) (Skarlinski et al., 2024).
Citation network studies leverage domain-specific
collections such as LLM-Agent (165 papers, 2021–
2023) (Ji et al., 2025). Cross-system benchmarks
have also emerged: ScienceAgentBench for data-
driven discovery (102 tasks, 32–34% agent com-
pletion) (Chen et al., 2024), MLE-Bench for end-
to-end ML research (Chan et al., 2024), Research-
Bench for hypothesis generation (2024 papers only,
contamination-resistant) (Liu et al., 2025c), and
ResearchTown’s ResearchBench with 1.2K paper-
reconstruction tasks (Yu et al., 2025).

Shared Corpora and emerging standards.
Large-scale scientific corpora serve as founda-
tional resources across systems: including S2ORC
(Lo et al., 2020), OpenAlex (Priem et al., 2022),
SciSciNet (Lin et al., 2023), AMiner (Tang et al.,
2008), and Open Academic Graph (Zhang et al.,
2019). Citation network studies leverage Cora,
CiteSeer, and OGB-Citation2 (Ji et al., 2025),
whose well-documented structural regularities, in-
cluding scale-free degree distributions (Lu et al.,
2025) make them natural benchmarks for validat-
ing whether agent-simulated citation dynamics re-
produce known empirical regularities. Yet no uni-
fied benchmark currently reached, these shared re-
sources provide a foundation for cross-system com-
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Category Major benchmarks and datasets

Idea Generation ResearchAgent corpus (50K); VirSci
(85K); SciMON CLBD; Scideator facets

Peer Review AgentReview (53K); REMOR
PeerRT+HPRR (16K); Research-
Bench (1.2K)

Claim/QA SciFact (1.4K claims); LitQA2 (248);
PubMedQA (273K)

Automation ScienceAgentBench (102); MLE-Bench
(75); ResearchBench (1.4K)

Citation Cora; CiteSeer; OGB-Citation2 (2.9M);
SciSciNet, LLM-Agent

Corpora S2ORC (81M); OpenAlex (250M); Se-
mantic Scholar; SciSciNet(-V2); AMiner

Table 4: Benchmarks and datasets by selected task cate-
gory. Numbers indicate scale (papers, tasks, or items).

parison. Bridging task-specific evaluations with
shared benchmark infrastructure remains essential
for systematic progress.

7 Opportunities and Challenges

AI agents offer SciSci a methodological shift: the
ability to intervene in scientific processes, not
merely observe them. Simulations enable coun-
terfactual experiments on collaboration, citation,
and peer review dynamics, while tool-augmented
agents scale semantic analysis across millions of
papers. These capabilities distinguish SciSci agents
from those in coding or e-commerce, where agents
are exclusively task-completion tools. In SciSci,
agents serve a dual role as both instruments and
objects of inquiry—an agent simulating citation
dynamics produces behavior that is itself a SciSci
datum (Ji et al., 2025). This reflexive structure,
combined with evaluation against established scien-
tific regularities rather than solely task-completion
metrics (Uzzi et al., 2013; Fortunato et al., 2018),
creates an epistemically grounded paradigm with
few parallels in other domains.

Yet fundamental challenges remain. Progress
has largely relied on inference-time techniques,
while preference optimization for aligning agent
behavior with scientific norms requires further de-
velopment. Current systems show weak align-
ment between automated and human evalua-
tion (Schmidgall et al., 2025), and hallucinations
undermine reproducibility. More critically, agents
trained on existing corpora risk amplifying the very
biases SciSci seeks to study: LLMs exhibit more
pronounced citation bias toward highly cited work

than human authors (Algaba et al., 2025), while
AI tool adoption expands individual productivity
but contracts collective scientific focus (Hao et al.,
2025). Addressing these issues requires more than
improved benchmarks; it demands rethinking how
AI agents are trained, aligned, and validated when
their outputs increasingly become objects of SciSci
inquiry.

Limitations

Scope and inclusion criteria. Our survey fo-
cuses on systems explicitly designed for SciSci
research, while recognizing that SciSci, AI-for-
Science, and scientific AI assistants form intercon-
nected but distinct perspectives. We selectively
include adjacent systems (e.g., AI Scientist) when
they address core SciSci questions like how novel
ideas emerge, how collaboration affects innovation,
or how to automate its workflows. This reflects a
deliberate focus on agents that study or operational-
ize scientific processes rather than merely perform
scientific tasks.

Between agents and non-agent borderlines.
The term AI agent is used inconsistently across
communities. Many systems labeled as agents are
better described as tool-augmented LLM pipelines,
while some multi-stage systems without the label
exhibit agentic properties (e.g., closed-loop plan-
ning, persistent memory, or environment interac-
tion). Rather than adjudicate these disputes, we
adopt a functional stance: systems are organized
by their role in SciSci research (simulation vs. tool)
and evaluated on capability primitives (planning,
tool use, memory, environment feedback). Some
inclusions will inevitably be contested; we treat
this ambiguity as a feature of an emerging field
rather than a flaw of our taxonomy.

Comparability and reproducibility. Direct
comparison across agent systems remains chal-
lenging due to heterogeneity in task definitions,
data access, tool stacks, and evaluation protocols.
Moreover, many systems depend on closed-source
LLMs, undisclosed prompts, or evolving APIs,
making it difficult to isolate architectural contri-
butions. Consequently, our survey prioritizes recur-
ring capabilities, architectural patterns, and evalu-
ation practices rather than definitive cross-system
rankings.
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A Appendix

A.1 Agent Roles in SciSci by Tasks
Table 5 presents a task-oriented taxonomy distin-
guishing two roles: Agents as Simulations model
scientific processes to test mechanistic hypotheses,
while Agents as Tools augment empirical analysis
and workflow automation.

A.2 Architecture Classification of SciSci
Agents

Table 6 provides a comprehensive classification
of SciSci agent systems discussed in this survey
according to their architectural patterns: single-
agent, multi-agent, or hybrid.

A.3 Idealized Workflow for SciSci Agents
Figure 3 provides an idealized view of a hybrid
SciSci agent workflow. The intent is to illustrate
how retrieval, tools, memory, and (optionally) role
separation can be composed into a staged pipeline,
rather than to prescribe a single system design.

Figure 3: An idealized hybrid workflow for SciSci agent
systems. A top-level orchestrator stages retrieval, anal-
ysis or execution, synthesis, and critique while main-
taining persistent state such as evidence logs and in-
termediate artifacts. The diagram abstracts common
design patterns observed across existing SciSci systems,
illustrating how language models, tools, memory, and
(optionally) role specialization can be composed into a
coherent pipeline. It is intended as a conceptual sum-
mary rather than a prescriptive system architecture.
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Representative Systems

Agents as Simulations

Citation network modeling CiteAgent (Ji et al., 2025)

Collaboration dynamics ResearchTown (Yu et al., 2025), VirSci (Su et al., 2025), Agent
Laboratory (Schmidgall et al., 2025), AgentRxiv (Schmidgall
and Moor, 2025)

Peer review dynamics AgentReview (Jin et al., 2024)

Agents as Tools

Automated review generation MARG (D’Arcy et al., 2024), REMOR (Taechoyotin and
Acuna, 2025)

Research idea generation SciMON (Wang et al., 2024b), ResearchAgent (Baek et al.,
2025), SciAgents (Ghafarollahi and Buehler, 2024), Scideator
(Radensky et al., 2025), CoQuest (Liu et al., 2024)

Scientific claim verification SciFact (Wadden et al., 2020), PaperQA2 (Skarlinski et al.,
2024)

SciSci workflow automation SciSciGPT (Shao et al., 2025), DataParasite (Sun, 2026)

Legend: Explicitly instantiated; Partially presented; Not present.

Table 5: Task-based taxonomy of AI agents for SciSci in selected representative systems, organized by agent
roles and representative systems. Agents as Simulations model scientific processes, while Agents as Tools support
empirical and analytical workflows.
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System SciSci Task Key Mechanisms

Single-Agent Systems

The AI Scientist (Lu
et al., 2024)

End-to-end research Iterative ideation, experimentation, and writing via
single LM controller

ResearchAgent (Baek
et al., 2025)

Idea generation Iterative refinement over literature with entity-
centric knowledge graph

SciMON (Wang et al.,
2024b)

Novelty optimization Retrieval-based inspiration; iterative comparison
against prior work

CoQuest (Liu et al.,
2024)

Research question generation Breadth-first / depth-first RQ exploration with single
LLM agent

REMOR (Taechoyotin
and Acuna, 2025)

Peer review generation Reasoning LLM with multi-objective RL; single
model with GRPO training

Multi-Agent Systems

VirSci (Su et al., 2025) Research ideation Role-separated agents in propose–critique–revise cy-
cles

ResearchTown (Yu
et al., 2025)

Reading, writing, review Agent–data graph; role-governed interactions in
modeled community

CiteAgent (Ji et al.,
2025)

Citation dynamics Agents embedded in citation network; micro–macro
measurement layer

AgentReview (Jin et al.,
2024)

Peer review simulation Multi-phase interactions; controlled visibility be-
tween roles

MARG (D’Arcy et al.,
2024)

Review generation Specialized reviewer agents (experiments, clarity,
impact); internal discussion

AgentRxiv (Schmidgall
and Moor, 2025)

Collaborative research Shared preprint server; inter-laboratory agent collab-
oration

SciAgents (Ghafarol-
lahi and Buehler, 2024)

Scientific discovery Multi-agent graph reasoning over ontology-based
knowledge graphs

Agent Laboratory
(Schmidgall et al.,
2025)

Research assistance Multiple LLM agents as coordinated research assis-
tants

Hybrid Systems

PaperQA2 (Skarlinski
et al., 2024)

Literature QA RAG pipeline with staged retrieval, ranking, and
synthesis

Scideator (Radensky
et al., 2025)

Structured ideation Facet extraction + recombination; RAG modules for
novelty checking

Agentic AutoSurvey
(Liu et al., 2025b)

Survey synthesis Role-specialized pipeline: search, cluster, draft, eval-
uate stages

Auto Research Vision
(Liu et al., 2025a)

Full research workflow Staged workflow (review → ideation → experiment
→ writing) with composable tools

AI Co-Scientist (Got-
tweis et al., 2025)

Hypothesis generation Multi-stage pipeline with tournament-based ranking
and validation

SciSciGPT (Shao et al.,
2025)

SciSci analysis Human-AI collaboration with staged tool-
augmented workflows

ChemCrow (M. Bran
et al., 2024)

Chemistry tasks LLM + 18 chemistry tools; ReAct-style orchestra-
tion

Table 6: Classification of SciSci agent systems by architectural pattern. Single-agent systems use a single
LM controller with iterative reasoning. Multi-agent systems distribute responsibilities across role-specialized
agents with explicit coordination. Hybrid systems combine staged workflows, retrieval augmentation, and tool
orchestration, often with elements of both single and multi-agent designs.
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