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Abstract

Agentic Multimodal Large Language Models
(MLLMs) are reshaping scientific discovery.
They do more than answer questions: they
read multimodal evidence, reason over scien-
tific constraints, use tools, and close parts of
the research loop. This survey explains how
such systems are built for scientific discovery,
moving from multimodal perception to training,
inference, evaluation, and human-AI collabora-
tion. Across this pipeline, scientific agents face
challenges that standard assistant tasks may
not reveal, including scarce expert annotations,
evolving domain knowledge, complex reason-
ing, limited tool interfaces, safety and toxic-
ity risks, and results unsupported by evidence.
We highlight design choices for turning agentic
MLLMs into trustworthy, evidence-grounded
collaborators. Curated resources are available
at https://github.com/JianJinglin/awe
some-agentic-AIScientists.

1 Introduction

A golden era for scientific discovery is upon us.
Remarkable progress in large language models and
multimodal foundation models has unlocked trans-
formative AI systems capable of reasoning and
generating human-like outputs across various tasks
and domains. The 2024 Nobel Prize in Chem-
istry1 further highlights the impact of computa-
tional methods on scientific discovery. Scientists
increasingly use agentic AI systems to help tackle
research problems, including designing new drugs
(M. Bran et al., 2024) and materials (Szymanski
et al., 2023). This recognition signals a paradigm
shift, catalyzing the rapid emergence of AIScientist
systems (Figure 1).

‡Current affiliation: Scripps Research.
1https://www.nobelprize.org/prizes/chemistry/
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Figure 1: Evolution of Major AIScientist Systems

The concept of the “AIScientist," first intro-
duced by Lu et al. (2024a), envisions a frame-
work for fully automated scientific discovery. Pow-
ered by agentic multimodal large language models
(MLLMs), these systems aim to support the entire
research lifecycle: understanding papers (Radensky
et al., 2024; Wang et al., 2024c), generating new
hypotheses (Wang et al., 2024a; Li et al., 2024e;
Baek et al., 2025), planning and conducting experi-
ments (Boiko et al., 2023; Tom et al., 2024), ana-
lyzing results (Jansen et al., 2025; Roohani et al.,
2024), drafting manuscripts (Wang et al., 2024b),
and reviewing papers (Du et al., 2024; Weng et al.,
2024). Recent Nature studies show this transition
from assistant tools to scientific agents in practice,
enabling domain-expert-level data analysis, in vitro
experimental validation, and expert-level empirical
software generation (Gottweis et al., 2026; Ghareeb
et al., 2026; Aygün et al., 2026). These systems
show that scientific autonomy depends on verifi-
cation, domain knowledge, and human oversight
throughout the research process.

This survey provides a systematic account of
how an agentic MLLM-based scientist can be de-
signed to support scientific work. Rather than treat-
ing scientific assistants as generic chatbots with
tools, we frame the central design question as how
multimodal perception, memory, planning, action,
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Figure 2: Overview of the agentic MLLM framework for scientific discovery. The pipeline includes Input &
Output modalities (Sec 3), Methods covering agent training and inference (Sec 4), Evaluation with benchmarks
and metrics (Sec 5), and Human–AI Collaboration (Sec 6).

and verification should be composed into a closed-
loop research system.

Progress also depends on benchmarks grounded
in concrete scientific tasks and interfaces that let
scientists delegate work, inspect evidence, and cor-
rect agents as a study develops. This survey pro-
vides a pipeline framework for developing agentic
MLLMs in scientific contexts (Figure 2), spanning
multimodal inputs and outputs, agent training and
inference, evaluation, and human-AI collaboration.

2 Scientific Workflow and the Need for
Multimodal Agentic AI Scientists

Scientific discovery remains a fundamentally hu-
man pursuit based on iterative inquiry, but modern
research has become increasingly complex. To-
day’s scientific workflows connect literature, ex-
perimental measurements, and computational re-
sults across repeated cycles of inquiry. The need
to reason across these sources motivates the devel-
opment of the Agentic AIScientist. We view such
agents as modular systems that integrate Learn-
ing, Memory, Action, Cognition, and interaction
with the environment (Durante et al., 2024). The
development of agentic AIScientists can help auto-
mate time-consuming tasks, enabling researchers
to focus on creative challenges. The details of the
agent’s composition and scientific process are pro-
vided in Appendix B.

Operational Scope An agentic AIScientist is an
MLLM-centered system that can understand het-
erogeneous scientific data, such as text, images,
molecules, equations, code, and experimental mea-
surements, and coordinate actions toward a scien-
tific objective. Beyond perception, it tracks study

progress, plans steps, selects tools or collabora-
tors, checks results, and revises plans to produce
reproducible scientific artifacts. This workflow-
level framing (Figure 3) distinguishes it from a
tool-augmented MLLM, which may call external
tools for a single response but does not necessar-
ily maintain closed-loop autonomy over a research
workflow.

3 Multimodal Perception

Scientific domains differ from generic multimodal
settings because claims are judged against spe-
cialized objects, measurement protocols, and ex-
pert evidence. Biomedical text, omics, molecules,
materials, microscopy, climate, mathematics, and
closed-loop discovery workflows all require such
constraints (Beltagy et al., 2019; Gu et al., 2022;
Chen et al., 2024e; Jansen et al., 2024). Follow-
ing Si, Yang, and Hashimoto’s expert-evaluation
setup (Si et al., 2024), we treat a scientific domain
as one where novelty, feasibility, and evidence sup-
port require community expertise. We use the def-
inition of an agent as an interactive system that
interprets language, visual inputs, and observations
from its environment to produce actions (Durante
et al., 2024); Figure 3 shows how these components
support scientific work.

Perception must therefore preserve the scien-
tific meaning of each input. It must preserve se-
quences (Wang et al., 2019b; Luo et al., 2023c),
graphs (Gilmer et al., 2017; Wang et al., 2023f),
images (Li et al., 2024h; Burgess et al., 2025; Alam-
para et al., 2025), instrument measurements (Bar-
man et al., 2025; Pyzer-Knapp et al., 2025), and
equations (Yang et al., 2024b; Cherian et al., 2024),
while retaining units and provenance so errors do
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Figure 3: The Modern Scientific Discovery Workflow and Modular Architecture of the Agentic AI System.

not propagate into plans, tool calls, and conclu-
sions (Wang et al., 2023b; Acosta et al., 2022).

3.1 Data Modalities

Sequence Sequence models cover scientific
text (de Haan et al., 2025; Bolton et al., 2024; Wu
et al., 2024), molecules (Ahmad et al., 2022; Wang
et al., 2019b; Luo et al., 2023c), genomes (Fish-
man et al., 2025), and proteins (Jumper et al., 2021;
Elnaggar et al., 2022; Lv et al., 2026). They cap-
ture long-range patterns in language and biological
sequences (Lin et al., 2023; Kim et al., 2025b),
but may miss geometry and physical constraints
needed for molecular reasoning (Luo et al., 2023c;
Madani et al., 2020).

Symbolic Symbolic inputs express proofs, laws,
algorithms, code, and simulations (Yang et al.,
2024b; Cherian et al., 2024; Liu et al., 2024c; Ma-
jumder et al., 2024; Tang et al., 2024a). GPT-f and
LeanCopilot generate proofs checked in Metamath
or Lean (Polu and Sutskever, 2020; Song et al.,
2024; Thakur et al., 2023), and symbolic agents
can control scientific software (Schmidgall et al.,
2025; Li et al., 2025d; Song et al., 2023); software
can check their outputs, although exact syntax and
translating informal context remain challenging.

Vision Vision models handle medicine, mi-
croscopy, geoscience, and scientific figures (Fal-
lahpour et al., 2025; Li et al., 2024h; Burgess
et al., 2025; Yan et al., 2024). CLIP/BLIP-style
alignment and diffusion models support image-text
grounding, molecule design, protein-ligand mod-
eling, and segmentation (Radford et al., 2021; Li
et al., 2022; Zhang et al., 2025c,a; Guan et al.,
2024; Qin et al., 2025), but fine-grained reasoning
over noisy scientific images remains difficult (Chen

et al., 2024a; Lei et al., 2024b; Alampara et al.,
2025). Retaining source images allows later checks
of extracted features.

Graph Graphs encode relations in biology, chem-
istry, and physics (Jumper et al., 2021; Yi et al.,
2022; Gilmer et al., 2017; Reiser et al., 2022;
Sanchez-Gonzalez et al., 2020). Molecular and
knowledge graphs provide structured priors for
molecule or protein reasoning (Liu et al., 2024d;
Luo et al., 2023c; Wang et al., 2023f; Xu et al.,
2023; Liang et al., 2023b; Abdine et al., 2024), but
changes in entities and relations create maintenance
costs (Feng et al., 2024; Zeng et al., 2019).

Sensor Stream Sensor streams support
biomedicine, experimental physics, climate,
and spatiotemporal monitoring (Barman et al.,
2025; Pyzer-Knapp et al., 2025; Liang et al.,
2024; Cong et al., 2022). NormWear aligns
physiological signals with language (Luo et al.,
2024), while ClimaX and DiffSTG model climate
or spatiotemporal dynamics (Nguyen et al.,
2023; Wen et al., 2023a); however, sparse, noisy
measurements remain difficult to align across
instruments (Zhang et al., 2024c). Sampling and
calibration records help distinguish experimental
changes from measurement artifacts.

Other Experimental Data Scientific research
also relies on structured instrument outputs such
as tabular, single-cell, and spatial omics (Wu and
Xie, 2025; Yang et al., 2022; Wen et al., 2023c).
Geneformer, scGPT, CellPLM, and Nicheformer
model these data (Theodoris et al., 2023; Cui et al.,
2024; Wen et al., 2023b; Schaar et al., 2024), but
high dimensionality, batch effects, and inconsistent
formats limit transfer (Hao et al., 2024; Heimberg
et al., 2023; Rosen et al., 2023). Recording pre-
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processing choices supports comparisons across
studies.

3.2 Multi-modal Knowledge Fusion
Agentic MLLMs integrate modalities through three
fusion strategies (Tu et al., 2024; Schouten et al.,
2024). Intermediate Fusion encodes modalities
separately and merges them by concatenation, at-
tention (Xu et al., 2023), or latent alignment (Zhang
et al., 2025c); it supports interaction between
modalities but requires careful alignment and cali-
bration. Late Fusion combines independent model
outputs (Krones et al., 2025); it is modular but weak
at detecting cross-modal contradictions. Early Fu-
sion combines raw inputs before encoding, but is
rare because they require strict spatial or seman-
tic registration. Fused representations should re-
tain source information so disagreements between
modalities can be traced to the observations.

Takeaway: Scientific perception must preserve the con-
straints and evidence that agents use to plan and act. Se-
quences miss geometry, symbols require exact syntax,
vision is noisy, graphs evolve, sensors drift, and omics
needs batch correction. Intermediate fusion is most use-
ful when cross-modal evidence must interact; late fusion
permits independent encoders and missing modalities, but
requires an explicit cross-check when their predictions
disagree.

4 Methods for Scientific MLLM Agents

Scientific Challenge Framing Frontier model
families such as Claude and Gemini (Anthropic,
2024; Gemini Team et al., 2023) still struggle
when scientific tasks require domain-specific rea-
soning, software use, and verifiable action (Phan
et al., 2025; Sawamura et al., 2025). The diffi-
culty comes from three sources: expert annotations
are scarce and costly (Beltagy et al., 2019); sci-
entific reasoning depends on formulas, temporal
dynamics, hypotheses, priors, and boundary con-
ditions; and many tools or instrument interfaces
were designed for human operators rather than au-
tonomous agents (Chen et al., 2024e; Mandal et al.,
2025). Methods for scientific MLLM agents must
therefore link actions to evidence, update represen-
tations as knowledge changes, and use execution
failures to revise the plan.

4.1 Agent Training
Training helps agents learn domain knowledge, tool
use, and sequential decisions. In science, the bot-
tleneck is not generic instruction following, but re-
liable supervision: expert labels are expensive, per-

turbations must remain scientifically valid, rewards
need verifiers, and models must stay aligned with
changing structures, protocols, and databases (Belt-
agy et al., 2019; Gu et al., 2022; Patil et al., 2024;
Qin et al., 2024).

4.1.1 Supervised Fine-Tuning
Supervised Fine-Tuning (SFT) adapts founda-
tion MLLMs with curated input-output exam-
ples (Maleki et al., 2024; Wei et al., 2021). It sup-
ports molecular property prediction (de Almeida
et al., 2025), protein design (Lv et al., 2026), ther-
apeutic reasoning (Wang et al., 2025a), and API/-
tool use through datasets such as Gorilla and Tool-
LLM (Patil et al., 2024; Qin et al., 2024). Full
SFT updates all model weights; LoRA trains low-
rank adapters while freezing the base model (Ma,
2025). MMed-RAG applies LoRA to biomedical
VQA (Xia et al., 2024), but factual claims still need
independent checks (Belouadi et al., 2023).

4.1.2 Reinforcement Learning
Reinforcement Learning (RL) learns action poli-
cies from rewards, supporting scientific tasks with
sequential decisions, retries, or environmental feed-
back (Ahmed and Mohammed, 2024; AlphaProof
and AlphaGeometry teams, 2024).

Preference Feedback Reinforcement learning
from human feedback (RLHF) and direct prefer-
ence optimization (DPO) align models with prefer-
ence judgments in open-ended tasks (Ouyang et al.,
2022; OpenAI, 2022; Lambert et al., 2023). Un-
like standard RLHF, DPO learns from preferred
and rejected responses without fitting a separate
reward model (Rafailov et al., 2023). MAVIS com-
bines automatically generated visual mathematics
data with instruction tuning and DPO (Zhang et al.,
2024e; Wei et al., 2022). ResearchAgent uses
human-aligned reviewing models for iterative idea
refinement at inference time (Baek et al., 2025);
it does not report a new RLHF training procedure.
However, collecting expert preferences is costly
and cannot replace scientific validation.

Simulation & Verified Feedback Verifiers and
simulators provide denser rewards when correct-
ness is executable (Zhou et al., 2023a; Jha et al.,
2024). Leanabell-Prover-V2 uses symbolic proof
checks (Ji et al., 2025); AgentHospital and AtomA-
gents simulate scientific environments (Li et al.,
2024c; Ghafarollahi and Buehler, 2025); and
BindGPT or DrugGen use molecular scores as re-
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wards (Zholus et al., 2025; Sheikholeslami et al.,
2024). These rewards are automatically checkable,
but depend on verifier accuracy and simulator fi-
delity (Zhang et al., 2025e).

4.1.3 Contrastive & Adversarial Learning
With scarce labels, contrastive learning (CL) brings
related examples closer in representation space and
separates unrelated examples (Zhou et al., 2023b;
Gao et al., 2023a). Hard negatives and counterfac-
tual pairs can improve generalization (Chen et al.,
2024c; Roschewitz et al., 2025), while adversar-
ial perturbations improve robustness for similar
molecules or noisy measurements (Lan et al., 2024;
Li et al., 2024a). However, poor augmentations or
negative samples can erase meaningful scientific
differences and destabilize training (Xiao et al.,
2025; Salimans et al., 2016).

Comparative Analysis SFT, RL, and CL solve
different bottlenecks. SFT is useful when expert
examples are available; CL uses relationships be-
tween examples when labels are scarce; RL sup-
ports sequential decisions when validators or sim-
ulators can score actions. Their cost profiles dif-
fer as well: SFT/CL spend GPU hours upfront,
parameter-efficient fine-tuning (PEFT) reduces that
burden (Ma, 2025), and RL is usually heavier be-
cause rollouts, simulators, verifiers, and retries mul-
tiply compute (Zhang et al., 2025e).

The choice also depends on the modality:
image–text pairs can support contrastive align-
ment, whereas molecular augmentations must pre-
serve chemically relevant structure and omics neg-
atives must account for batch effects. Retrieval
is preferable to repeated fine-tuning when knowl-
edge changes faster than reliable labels can be col-
lected; RL becomes attractive when the required
constraint has a trustworthy executable check. The
choice depends on evidence, feedback reliability,
and validation cost.

4.2 Agent Inference
Inference-time methods improve agents without
changing weights (Snell et al., 2024). For scientific
tasks, much of the cost then comes from retrieval,
long contexts, tool calls, and validation (Hu et al.,
2025a; Chen et al., 2024e). MCP-style protocols
and tool ecosystems are emerging (Hou et al., 2025;
Gao et al., 2025; Huang et al., 2025b), but many
scientific APIs, datasets, and instruments remain
closed, underspecified, or built for humans rather
than agents.

4.2.1 Integrating Domain Knowledge

Retrieval-Augmented Generation (RAG) RAG
grounds outputs in retrieved evidence. Biomedical
agents retrieve guidelines or literature for clinical
alignment and protein engineering (Wang et al.,
2025c,b; Lu et al., 2024b; Liu et al., 2025c); real-
time and task-specific variants add query refine-
ment, structured prompts, or hypercube search (Lu
et al., 2024e; Ghafarollahi and Buehler, 2024; Lei
et al., 2024b; Xiong et al., 2024; Liu et al., 2024e;
Shi et al., 2025). However, poor corpus quality or
coverage can yield outdated evidence or omit com-
peting findings. Retaining source passages makes
claims easier to inspect.

Knowledge Graphs (KG) KGs impose struc-
tured constraints for proposal generation and ex-
ecutable graph querying (Selinger et al., 2024;
Aamer et al., 2025; Matsumoto et al., 2025). RAG
typically retrieves supporting passages; KGs make
entity relationships explicit, allowing queries to
follow links and check relational constraints. ES-
CARGOT queries a scientific graph through code
during reasoning (Matsumoto et al., 2025). How-
ever, changing entities, relations, and confidence
scores complicate maintenance.

In-Context Learning (ICL) ICL adapts behav-
ior through demonstrations rather than weight up-
dates (Brown et al., 2020; Dong et al., 2022). It
works across symbolic proofs, geospatial analy-
sis, medical segmentation, and protein/molecule
tasks (Kasaura et al., 2025; Cherian et al., 2024;
Singh et al., 2024b; Mansourian and Oucheikh,
2024; Kumar et al., 2024; Ma et al., 2025; Li et al.,
2025d; Cai et al., 2024b). However, performance
depends on demonstration relevance, order, and
format; more examples increase context length and
inference cost (Liu et al., 2021a; Fung et al., 2025;
Liu et al., 2024b; Hu et al., 2025a; Bertsch et al.,
2024).

4.2.2 Complex Workflow Handling

Planning ReAct, Pre-Act, and AutoAct inter-
leave reasoning and actions (Yao et al., 2022;
Rawat et al., 2025; Qiao et al., 2024). Scientific
planners such as RAISE and LLM-RDF decom-
pose tasks into logical queries, Bayesian optimiza-
tion, or robotic actions (Oh et al., 2025; Ruan
et al., 2024); Monte Carlo tree search (MCTS) and
biomedical planners explore alternatives but add
latency (Zhang et al., 2024a; Liu et al., 2024e).
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Intermediate checks help catch failures before exe-
cution.

Tool Learning Scientific agents call databases,
visual models, laboratory software, and robotic in-
struments (Fallahpour et al., 2025; McNaughton
et al., 2024; Huang et al., 2024b; M. Bran et al.,
2024; Roohani et al., 2024; Royer, 2024). ToolU-
niverse and Biomni show how standardized tool
ecosystems can broaden access (Gao et al., 2025;
Huang et al., 2025b), but laboratory automation
requires documentation, permissions, and machine-
readable interfaces (Boiko et al., 2023; Hou et al.,
2025). Logging arguments, results, and errors sup-
ports reproducibility and recovery.

Multi-Step Reasoning Chain-of-thought and
role-specialized agents improve step-wise infer-
ence (Chen et al., 2025b; Huang et al., 2024b).
MT-Mol uses RDKit for chemical reasoning (Kim
et al., 2025a), MedAgent-Pro improves explainabil-
ity (Wang et al., 2025c), and iterative verification
supports material property prediction (Ansari and
Moosavi, 2024). Full-loop systems extend this pat-
tern: AI Scientist variants use tree search for idea
generation, coding, experiments, and writing (Lu
et al., 2026; Yamada et al., 2025); ERA optimizes
empirical software (Aygün et al., 2026); and Co-
Scientist or Robin connect hypothesis generation
with biomedical validation (Gottweis et al., 2026;
Ghareeb et al., 2026). However, early errors can
propagate, requiring intermediate checks.

4.2.3 Improving Accuracy

Self-Critique Self-correction lets agents evalu-
ate and revise their own outputs (Shinn et al., 2023).
ArgMed Agents use self-argumentation for clinical
explainability (Hong et al., 2024), and GeneAgent
reduces hallucinations by querying databases and
analyzing data (Wang et al., 2024c). However, revi-
sions add inference cost and require new evidence
or external checks.

External Memory Memory preserves study con-
text and tool traces (Ghafarollahi and Buehler,
2025). Episodic memory records actions and
feedback; semantic memory stores general knowl-
edge (Durante et al., 2024). Temporal-aware sys-
tems such as Graphiti and STMA add time sensi-
tivity (Rasmussen et al., 2025; Lei et al., 2025), but
retrieval becomes noisy as histories grow.

4.3 Multi-Agent System

Multi-agent systems decompose scientific work
into roles such as literature search, protocol design,
data analysis, safety review, and validation (Pandey
et al., 2024; Tran et al., 2025). Debate, confidence-
weighted voting, dynamic recruitment, and role
assignment can improve coverage (Liang et al.,
2023a; Chen et al., 2023; Tang et al., 2024b; AL-
Mutairi et al., 2024; Kim et al., 2024; Wang et al.,
2025b). Complementary roles can contribute differ-
ent evidence or tools; however, agents with shared
evidence may repeat errors at added cost.

Choosing a Workflow Use RAG for missing ev-
idence, KGs for relation constraints, and branching
search when reliable checks can screen plans before
costly execution. Self-critique needs new evidence;
multiple agents need complementary tools or in-
dependent checks. Tables 4 and 5 compare costs,
including tokens, tools, retries, and expert time.

Takeaway: Choose scientific agent methods according
to the available evidence and the checks that make their
outputs reliable. SFT transfers expert patterns but is
label-limited; RL is strongest with simulator or validator
rewards but is expensive; CL helps low-label domains
only when augmentations stay scientifically valid. At
inference, RAG/KG/ICL ground actions in evidence,
while planning, tools, memory, and multi-agent roles
are useful only when they expose provenance, failure
points, and independent checks.

5 Benchmarks and Evaluation

5.1 Current Benchmarks

Benchmark tables cover biological omics data anal-
ysis (Appendix Table 7), chemistry and materials
(Appendix Table 8), physics (Appendix Table 9),
mathematics (Appendix Table 10), environmen-
tal science (Appendix Table 11), geoscience (Ap-
pendix Table 12), multidisciplinary knowledge (Ap-
pendix Table 13), and general scientific discovery
(Appendix Table 14). Existing benchmarks test ca-
pabilities such as multimodal question answering
(ScienceQA (Lu et al., 2022)) and scientific code
generation (SciCode (Tian et al., 2024)), making
their task definitions important when comparing
results. DiscoveryWorld (Jansen et al., 2024) eval-
uates multi-step discovery workflows.

Table 1 illustrates the range of biology bench-
marks, from question answering to protocol reason-
ing and single-cell analysis. Appendix E.1 gives
the full catalog, including task sources, modalities,
test scales, and evaluation metrics.
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Benchmark Task Modality SC # MC
Sq. Sy. V. G. O.

PGxQA (Keat et al., 2024) QA ✓ PubL., Man. 110k OA., HL., Man., Sim., Suc.
MicroVQA (Burgess et al., 2025) QA ✓ ✓ Man. 1k OA.
BioLLMBench (Sarwal et al., 2023) BI. ✓ ✓ Lit. 36 OA., Sim., Suc., Cost, Simp.
BioCoder (Tang et al., 2024a) Code ✓ ✓ Git., Web. 70k OA.
BioProBench (Liu et al., 2025d) Reas. ✓ PubL., Syn. 556k OA., Err., Sim.
SimBench (Cao et al., 2021) ScA. ✓T. Lit. 8 cat. OA., Sim.
DUD-E (Mysinger et al., 2012) MD. ✓ ✓ ✓3D PubL., Syn. 102 OA.
BaisBench (Luo et al., 2025a) Omics ✓ ✓T. Lit., Syn. 229 OA.

Table 1: A partial list of benchmarks for scientific MLLM agents (Biology). The full biology table is provided
in Appendix Table 7. Appendix E provides the benchmark catalog and detailed metrics across 10 scientific
disciplines. Note. SC=task sources; #=test scale; MC=metrics. OA.=outcome accuracy; Err.=prediction error; Sim.=similarity;
HL.=hallucination; Suc.=success rate; Simp.=simplicity; Man.=human annotation/evaluation. DUD-E: Sq.=SMILES; G.=atom–
bond connectivity; 3D=structures. Other abbreviations are in Appendix E.

5.2 Metrics across Research Stages

As scientific agents take on more of a workflow,
evaluation should distinguish the quality of their ev-
idence, decisions, and executed actions at each re-
search stage. Human-agent metrics should capture
interaction quality and delegation boundaries (Lee
et al., 2022; Shao et al., 2024); data-driven dis-
covery benchmarks should use authentic tasks, ex-
pert validation, execution results, and cost (Chen
et al., 2024e); closed-loop discovery should test
hypothesis formation, experiment design, action,
and explanatory knowledge (Jansen et al., 2024);
hypothesis metrics should assess novelty, feasibil-
ity, utility, and discovery rate (Liu et al., 2025a;
Si et al., 2024); and physical agents need failure
modes such as atomic force microscopy (AFM)
“sleepwalking” and recovery after lost task align-
ment (Mandal et al., 2025).

Hallucination and Faithfulness Scientific eval-
uation must separate useful speculation from un-
supported claims. Semantic-entropy methods tar-
get confabulations where answers vary in meaning
across generations (Farquhar et al., 2024); large-
scale citation audits show that fabricated refer-
ences already appear in scientific writing (Zhao
et al., 2026); biomedical hypothesis studies require
domain-specific checks for unsupported clinical or
biological claims (Qi et al., 2024a); and end-to-end
AI research systems raise reviewer-independence
concerns when generation and evaluation are per-
formed by related agents (Lu et al., 2026). Evalua-
tion should therefore check evidence support, cita-
tion validity, constraint satisfaction, uncertainty cal-
ibration, and whether reviewers can assess claims
independently of the agents that generated them.

Hypothesis Generation A useful hypothesis
metric should ask whether an agent proposes ideas
that are plausible, testable, and worth pursuing, not
merely fluent (Liu et al., 2025a; Si et al., 2024).
Factual alignment, hallucination checks, and fea-
sibility tests help screen invalid hypotheses (Qi
et al., 2024a; Huang et al., 2025a), while novelty
and impact require comparison with prior literature
and expert judgment (Wang et al., 2024a; Alkan
et al., 2025; Liu et al., 2025b). However, seman-
tic distance can mistake unfamiliar wording for
novelty, while citations arrive slowly and reflect
field size, visibility, and positive-result bias. Both
can help prioritize ideas for review, but need a lit-
erature check with a clear time cutoff and expert
assessment; neither directly measures immediate
scientific impact.

Knowledge Retrieval Retrieval evaluation
should move beyond asking whether an agent
returns individually relevant papers. Precision,
recall, F1, and ROUGE remain useful for checking
document or visual-evidence relevance (Cai et al.,
2024a; Qi et al., 2024b; Agarwal et al., 2024),
but scientific retrieval also needs coverage of
competing methods, datasets, negative evidence,
and unresolved debates. Citation-network and
bibliographic-coupling signals can approximate
breadth (Balasubramanian, 2025), yet experts must
still judge whether the retrieved evidence supports,
challenges, or changes the proposed research
decision.

Experimental Execution Completion/Recovery
tracks task completion rate and failure recov-
ery (M. Bran et al., 2024; Cornelio and Diab, 2024);
AFMBench adds the physical-agent case where an
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AFM agent can keep acting after losing task align-
ment (Mandal et al., 2025). Outcome Accuracy
uses ROC-AUC, sensitivity/specificity, and uncer-
tainty calibration (Monaghan et al., 2021; Yang
et al., 2024c). Calibration measures how closely
predicted confidence matches observed correct-
ness, helping determine when an uncertain result
needs expert review. Procedural Accuracy evalu-
ates correct reasoning via shortcut resistance and
hallucination-aware metrics (Li et al., 2025a; Chen
et al., 2024b). For scientific agents, procedural
metrics should track whether instructions were fol-
lowed, tools were chosen correctly, units and cali-
bration were handled consistently, and conclusions
were supported by retrieved evidence or experimen-
tal logs. Critical Analysis assesses argument qual-
ity and causal traceability (Kargupta et al., 2025;
Zhang et al., 2025b).

Takeaway: Benchmarks should measure whether faster
agent workflows produce scientific results supported
by evidence. Faithfulness: score citation, protocol,
molecule, and claim support; Hypotheses: require plau-
sible, testable, and worthwhile ideas; Retrieval: judge
coverage and decision usefulness, not only relevance; Ex-
ecution: track recovery, procedural fidelity, calibration,
and traceability.

6 The AIScientist Workflow

6.1 Agentic Modes of Operation

Building on human–computer interaction (HCI)
perspectives (Zhang et al., 2025d), we group sci-
entific agents by autonomy: passive systems exe-
cute requested tasks (Tang et al., 2025a; Li et al.,
2024f); collaborative systems embed human check-
points (Shao et al., 2024; Swanson et al., 2025);
and proactive systems initiate hypotheses, robotic
actions, or end-to-end discovery (Yamada et al.,
2025; Gottweis et al., 2026; Ghareeb et al., 2026;
Aygün et al., 2026). These modes distinguish who
initiates work, who approves consequential steps,
and where scientists can intervene. A system can
switch modes across stages, initiating literature
search proactively while awaiting human approval
before experimental execution. Multi-agent debate
and MCP-style infrastructure can improve coordi-
nation (Gottweis et al., 2026; Hou et al., 2025).

6.2 HCI Across Research Stages

Hypothesis, Goal, and Planning Generation.
Scientists define goals, constraints, and risk while
agents retrieve literature, check novelty, refine hy-
potheses, and turn broad questions into executable

plans (Skarlinski et al., 2025; Si et al., 2024; Baek
et al., 2025). Planner and PI-style agents break
goals into steps and coordinate protocols; however,
scientists still approve costly experiments and clar-
ify uncertain objectives (Schmidgall et al., 2025;
Autoscience Institute, 2025; Swanson et al., 2025;
Zhou et al., 2024).

Execution. Agents retrieve data, generate code,
operate tools, and repair failures through retries,
self-reflection, expert consultation, or human exam-
ples (Liu et al., 2024e,a; Royer, 2024; Schmidgall
et al., 2025; Jansen et al., 2025). However, catch-
ing tool-selection errors, unit mistakes, and failed
recovery requires editable plans, logs, checkpoints,
and controlled action spaces.

Review. LLM-as-a-judge modules, peer-review
simulators, and tool-based verifiers can assess nov-
elty, rigor, reproducibility, and evidence ground-
ing (Baek et al., 2025; Li et al., 2024f; Schmidgall
et al., 2025; Lu et al., 2024a; Gottweis et al., 2026).
However, self-review may repeat a model’s errors;
source checks and independent expert assessment
remain necessary.

Resilience and Safety. Reliable human–agent
collaboration requires clear authority boundaries:
agents should report uncertainty, request approval
for consequential actions, preserve provenance, and
allow scientists to override a plan (Shao et al., 2024;
Autoscience Institute, 2025; Yadav and Shahi,
2024). For proactive laboratory agents, where lan-
guage or perception errors become physical com-
mands, bounded action spaces, validators, and re-
covery policies are part of the interface (Mandal
et al., 2025; Zhou et al., 2025b).

6.3 Failure Case Studies

AFMBench exposes “sleepwalking”, where an
AFM agent keeps acting after losing task align-
ment (Mandal et al., 2025); LIRA shows that visual
ambiguity, calibration, localization, and recovery
policies can derail robotic inspection (Zhou et al.,
2025b); and hypothesis/reviewing agents can am-
plify infeasible ideas or make fabricated evidence
sound coherent when the same model judges nov-
elty and feasibility (Si et al., 2024; Lu et al., 2026).
Together, these cases show why workflows need
bounded actions, source and execution logs, val-
idators, replication checks, and human approval
before consequential steps.
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Paper Taxonomy Ag. DM. Method HCI. Ben. #Dom.

Zhang et al. (2024f) Domain ✗ Seq.+ Train. only ✗ ✓ 6
Gridach et al. (2025) Research Workflow ✓ ✗ Infer. only ✓ ✗ 4
Luo et al. (2025b) Research Workflow ✗ ✗ ✗ ✗ ✗ ✗
Zhang et al. (2025f) Research Workflow ✗ Seq.+ ✗ ✗ ✗ ✗
Ren et al. (2025) Agent Composition ✓ ✗ Train. & Infer. ✗ ✓ 6+
Wei et al. (2025) Auto. & Domain ✓ ✗ Infer. only ✗ ✓ 4
Hu et al. (2025b) Data & Domain ✓ ✓ ✗ ✗ ✓ 6+
Zheng et al. (2025) Research Workflow &

Auto.
✓ ✗ Infer. only ✓ ✓ 6+

Zhou et al. (2025a) Research Workflow ✓ ✗ Infer. only ✓ ✓ 6+
Ours ML & Research

Pipeline
✓ ✓ Train. & Infer. ✓ ✓ 10

Table 2: Comparison of related surveys. Ag.=Agentic AI; DM.=Data Modality; HCI.=Human-Computer Interac-
tion; Ben.=Benchmark; #Dom.=Domains covered; Seq.+=Sequence and more; Train.=Training; Infer.=Inference;
Auto.=Autonomy Level.

Takeaway: Human-AI interaction should scale oversight
with consequence. Low-risk retrieval or drafting can be
delegated, but hypothesis selection, execution, and review
require editable plans, provenance, validators, and esca-
lation; physical or costly actions need explicit approval
and recovery policies.

7 Related Survey

This is a survey centered on representative
scientific-agent research from 2024–2026.

Prior surveys examine scientific AI agents by
workflow stages (Luo et al., 2025b; Zhang et al.,
2025f), autonomy levels (Gridach et al., 2025; Ren
et al., 2025), and domain resources (Wei et al.,
2025; Hu et al., 2025b); recent EMNLP surveys
cover automation-to-autonomy (Zheng et al., 2025)
and AI support from hypothesis generation to publi-
cation (Zhou et al., 2025a). Table 2 compares their
coverage across six dimensions. Our survey adds a
pipeline-oriented view across modalities, methods,
benchmarks, and human-AI collaboration, clari-
fying how multimodal scientific agents are built,
where costs arise, and which human checkpoints
remain necessary.

8 Limitations & Future Work

Creativity, Faithfulness, and Scientific Evidence.
Brainstorming can also produce invalid molecules,
unreliable protocols, fabricated citations, or un-
supported biomedical claims. These failures are
exposed by semantic-entropy tests, citation audits,
hypothesis-support benchmarks, and independent-
review settings (Farquhar et al., 2024; Zhao et al.,
2026; Qi et al., 2024a; Lu et al., 2026); future sys-
tems should link claims to retrievable evidence and
independent checks.

Domain-Specific Perception and Result Faith-
fulness. Scientific perception depends on instru-
ments, representations, and experimental condi-
tions. These modality-specific failures are exposed
by MMSci, MicroVQA, and MaCBench through
diagrams, microscopy, chemistry/materials spatial
reasoning, and cross-modal synthesis (Li et al.,
2024h; Burgess et al., 2025; Alampara et al., 2025);
future work should pair such benchmarks with val-
idators, uncertainty reports, and instrument logs so
conclusions can be checked against measurements
and their uncertainty.

Safety, Toxicity, and Laboratory Action. A
mistaken suggestion can become a serious hazard
when translated into laboratory action. These risks
are exposed by dual-use red-teaming, broader haz-
ard analyses, AFMBench misalignment cases, and
LIRA lab-localization failures (Urbina et al., 2022;
Tang et al., 2025b; Mandal et al., 2025; Zhou et al.,
2025b); future systems therefore need bounded ac-
tion spaces, hardware checks, permissioned tools,
recovery policies, red-teaming, and human ap-
proval before high-consequence actions (Yadav and
Shahi, 2024; Hou et al., 2025).

9 Conclusion

This survey connects scientific data modalities with
training and inference, evaluation, and human over-
sight. Its practical lesson is to match autonomy to
reliable feedback: preserve scientific constraints,
check actions and claims independently, and in-
volve experts where errors are costly. Progress
requires reproducible scientific results alongside
capable models and tools.
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APPENDIX

A Released Artifacts

GitHub:
https://github.com/JianJinglin/awesome

-agentic-AIScientists

B Preliminary of Agentic AIScientists

B.1 Scientific Workflow and the Need for
Multimodality

The scientific discovery workflow is a multifaceted
and iterative process encompassing hypothesis for-
mation, experimental design, data acquisition, com-
putational analysis, and finally, knowledge genera-
tion. Here, we adopt the standard scientific research
life cycle shown in Figure 3 to describe the task
space that AIScientists need to cover.

Hypothesis Generation Hypothesis generation
marks the beginning of scientific inquiry, where
researchers form new research questions by iden-
tifying knowledge gaps, tracking current trends,
and applying domain-specific intuition (Baek et al.,
2025; Wu et al., 2025). This process relies on
domain experts’ ability to combine multiple com-
plex inputs: interpreting textual content in domain-
specific papers, synthesizing associated visual cues
such as technical diagrams and trending charts, and
formulating targeted literature queries, to spark cre-
ativity (Luo et al., 2025b; Ferrag et al., 2025). It
also involves subtle, collaborative behaviors that
are hard to formalize but central to scientific creativ-
ity (Agarwal et al., 2024; Eger et al., 2025). Recent
work like ResearchAgent (Baek et al., 2025) shows
that LLMs can help refine hypotheses through
structured data integration and multi-agent feed-
back, simulating a brainstorming process. Their
ability to understand jargon and complex context
across disciplines further supports the generation
of relevant and novel hypotheses, especially in in-
terdisciplinary settings (Ferrag et al., 2025; Baek
et al., 2025). Moreover, automated systems can
propose unconventional research directions beyond
human intuition, pushing the boundaries of discov-
ery (Agarwal et al., 2024).

Literature Review. During the literature review,
scientists synthesize existing knowledge and then
contextualize new hypotheses. It involves read-
ing various full-text articles, interpreting figures
and tables, cross-referencing code or algorithm
descriptions, and reconciling conflicting findings

from multiple sources (Eger et al., 2025; Luo et al.,
2025b). This phase often overlaps with idea cre-
ation, as new insights can reshape initial hypothe-
ses. It serves as the analytical core of a scientist’s
cognitive workflow, requiring their integration of
text, diagrams, tabular data, figures, and some-
times code examples. In this phase, researchers
are often challenged by the exponential growth of
publications and the need to efficiently extract per-
tinent information from heterogeneous sources, a
task that human processes traditionally struggled
to address (Eger et al., 2025; Chen et al., 2025a).
Recent advancements in multimodal LLMs allow
for comprehensive literature reviews by leverag-
ing retrieval-augmented generation methods, which
integrate textual discussion, graphical analysis,
and code into a unified understanding of the field
(Schmidgall et al., 2025). Semantic web search
and citation mapping can help keep reviews cur-
rent, although coverage still depends on the sources
and retrieval process (Eger et al., 2025; Schmidgall
et al., 2025).

Method Design. The method design phase re-
quires scientists to convert theoretical ideas into
actionable workflows by planning, developing, or
adapting computational models, algorithms, and
theoretical frameworks to address the identified re-
search questions (Gridach et al., 2025). This stage
involves multiple modalities: symbolic represen-
tation in the mathematical equations, visual info
via block diagrams or architectural sketches, and
code that translates concepts into working models
(Eger et al., 2025; Gridach et al., 2025). Multi-
modal LLMs are particularly well-suited to this
challenge as they can take and generate conceptual
diagrams, write code, and produce formatted equa-
tions (Gridach et al., 2025). Recent studies have
demonstrated that when these models are coupled
with iterative human feedback, the method design
not only becomes more robust but also allows for
rapid reconfiguration when initial hypotheses need
modification (Ren et al., 2025; Baek et al., 2025).

Executing and Analyzing Experiments. The
experiments phase involves implementing meth-
ods to validate hypotheses and then collecting data
and conducting analysis, including the actual im-
plementation, simulation, or laboratory testing of
the designed methods (Gridach et al., 2025; Eger
et al., 2025). Researchers then gather information
from a range of sources to assess the performance
of the methods, including laboratory instrument
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data (e.g., microscopy images (Panagoulias et al.,
2024), time series (Pan et al., 2024), sensor logs
(Li et al., 2025c), and 3D structures (Xiong et al.,
2025a)), public repositories (e.g., multiomics data
(Nam et al., 2024), genomic sequences (Liu et al.,
2024a), optical remote sensing (Li et al., 2024g)),
and simulation platforms (Xu et al., 2024), requir-
ing scientists to handle diverse formats. To support
this, recent work in multimodal LLMs emphasizes
the use of these models to automate not only the
ingestion of data from these heterogeneous sources
but also the preprocessing steps, including noise fil-
tering, feature extraction, normalization, and trans-
formation from one format to another (Luo et al.,
2025b; Chen et al., 2025a; Schmidgall et al., 2025).
Moreover, these models can be employed to gen-
erate detailed analyses and visualizations that help
interpret complex experimental results (e.g., numer-
ical tables, visual plots, and textual logs), as well as
to identify key patterns and anomalies across mul-
timodal datasets (Gridach et al., 2025; Eger et al.,
2025). Beyond software, automated systems also
facilitate the design, execution, and refinement of
experiments by orchestrating diverse components
such as scientific software, physical hardware (e.g.,
pipettes), and real-time data acquisition systems
(Boiko et al., 2023).

Writing Papers and Reports. The final stage of
the scientific workflow involves the synthesis of re-
search findings into cohesive papers and technical
reports, a process that merges narrative text with
figures, tables, and code excerpts (Schmidgall et al.,
2025; Chen et al., 2025a). In the writing phase, the
challenge is to translate complex experimental out-
comes and analyses into clear, accessible, and re-
producible documentation that both communicates
insights and allows for independent verification
(Wilkinson et al., 2016; Lu et al., 2024a). Recent
agentic LLM frameworks have demonstrated sig-
nificant advancements in automatically generating
parts of the manuscript, such as drafting different
sections, curating related works, and providing ref-
erence recommendations based on real-time web
queries (Narayanan et al., 2024; Schmidgall et al.,
2025). For example, systems like Agent Laboratory
have shown that by integrating automated literature
retrieval modules, LLMs can format citations and
generate composite figures that include interactive
visualizations and embedded code snippets, stream-
lining the entire writing process (Schmidgall et al.,
2025; Baek et al., 2025).

The traditional research cycle typically requires
researchers to manually shuttle between multiple
tools for hypothesis generation, literature review,
method design, experimentation, data collection,
and report writing, often introducing inefficiencies
and potential errors, especially as the complexity
of tasks and the volume of multimodal information
grow (Baek et al., 2025; Eger et al., 2025). How-
ever, this is where Agentic Multimodal Large Lan-
guage Models (MLLMs) emerge as transformative
tools. This integration can improve research pro-
ductivity by automating repetitive tasks and helping
researchers focus on conceptual challenges (Eger
et al., 2025). Nevertheless, scientific rigor still
depends on independent validation, reproducible
execution, and expert review of these outputs (Gri-
dach et al., 2025). Their value should therefore
be assessed through verified outcomes rather than
output volume alone.

B.2 Multimodal Agent Composition

As discussed in the previous section, the workflow
of an AIScientist involves diverse tasks requiring
interaction with multimodal data, tools, and rep-
resentations. To effectively support such tasks, a
scientist agent must be capable of sensing, inter-
preting, and acting on complex multimodal data in
both digital and physical environments. Formally,
anything that perceives the environment through
sensors and acts on that environment through ac-
tuators can be considered an agent (Russell and
Norvig, 1995). A multimodal agent is designed
to integrate and process heterogeneous data, such
as text, images, audio, and video, in a seamless
and context-aware manner (Durante et al., 2024).
These agents are built on pre-trained foundation
models such as large language models (LLMs) and
vision-language models (VLMs), which provide
semantic understanding and generative capabili-
ties (Durante et al., 2024). To enable flexible and
adaptive behavior, multimodal agents are designed
with a modular architecture, where each module
handles a specific function: (1) Environment &
Perception, (2) Agent Learning, (3) Memory, (4)
Action, and (5) Cognition. These modules collec-
tively support the core capabilities of an AIScientist
agent. Below, we detail these modules to illustrate
the AIScientist agent’s internal composition.

Environment & Perception This module en-
ables the agent to sense and interpret multimodal
data from its environment, including scientific liter-
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ature, instrument readouts, visual scenes, and user
queries. Modern perception models are not only
tasked with processing low-level signals but also
with incorporating task-planning and skill obser-
vation functionalities to facilitate a semantically
interpreted environment (Durante et al., 2024). To
achieve efficient perception, the module leverages
state-of-the-art VLMs such as CLIP, which can
transform visual data into language features. For
example, images captured from laboratory exper-
iments or field environments are encoded, and
salient features are extracted that highlight objects,
spatial relationships, and contextual cues. These
features are then combined with linguistic inputs
provided by the user or retrieved from a task plan,
allowing the agent to ground its interpretation of
the scene on both perceptual data and prior knowl-
edge (Durante et al., 2024). Moreover, the agent
uses multimodal inputs to determine which skills,
tools, or laboratory instruments may be most rele-
vant for the current task.

Learning. The Agent Learning module is de-
signed to improve and refine the agent’s capabilities
over time through an interactive learning paradigm.
Modern interactive learning strategies usually wrap
a pre-trained large model (e.g., LLMs or VLMs) in
the agent, which is designed to actively collect user
feedback (Durante et al., 2024). Agent learning
proceeds in three stages: retrieval, generation, and
light training. First, the agent retrieves relevant
evidence from its multimodal knowledge base to
prepare for the following content generation. Next,
it combines this retrieved knowledge with user feed-
back to construct prompts that guide the pretrained
model in generating responses or actions, often
involving multiple cycles of self-verification and
rewriting. Finally, the agent compares its generated
outputs against expert evaluations and uses meth-
ods such as self-supervised learning, reinforcement
learning, or imitation learning to refine its own
behavior (Durante et al., 2024). In this way, if
a scientific experiment yields unexpected results,
the agent registers the discrepancy along with the
context and updates its internal policy.

Memory. The memory module provides stateful-
ness and continuity throughout the agent’s opera-
tion, and it plays an important role in both short-
term context management and long-term knowl-
edge retention (Durante et al., 2024). Memory
is implemented by leveraging a combination of
episodic memory and semantic memory. Episodic

memory captures transient interactions and events,
allowing the agent to recall recent experiences that
are relevant to the task at hand. This is especially
useful in iterative experimental settings where feed-
back loops are critical for refining next actions (Ren
et al., 2025). On the other hand, semantic memory
stores generalized facts and domain-specific knowl-
edge that the agent has learned over time. Such
knowledge is typically incorporated during the pre-
training phase of LLMs and can be periodically
updated in light of new evidence. Thus, the mem-
ory module is essential for long-term task planning,
which allows the agent to monitor its performance
over periods and adjust its strategies by referenc-
ing previous successes and failures. Through an
integrated memory retrieval mechanism, the agent
can effectively operate over a sequence of multi-
turn interactions, maintaining coherence and build-
ing upon prior context in ways that are critical for
complex decision-making and adaptive behavior
(Durante et al., 2024).

Action. The Agent Action module serves as the
execution engine, translating the outputs of the pre-
vious modules into concrete actions that affect ei-
ther digital systems or physical environments (Za-
hedifar et al., 2025). This module is responsible
for converting high-level plans, learned policies,
and contextual cues into a set of executable com-
mands that drive external tools, APIs, protocols,
or physical actuators (Durante et al., 2024). In
digital domains, the action module may interface
with software tools such as WebSearch APIs (Yu
et al., 2024) that provide up-to-date scientific data,
PythonREPL environments (Ruan et al., 2024) for
interactive code execution, domain-specific tools
(Edwards et al., 2022; IBM Research, 2025) for
molecular structure prediction and chemical reac-
tion simulation. For example, systems like Paper-
Robot (Wang et al., 2019a), ChemCrow (M. Bran
et al., 2024), AIScientist(Lu et al., 2024a), and
Biomni (Huang et al., 2025b) demonstrate how
LLMs can operate software tools, forming virtual
AIScientists. In physical contexts, the action mod-
ule extends to the coordination of robotic platforms
and other hardware systems, enabling the execution
of real-world experiments such as solution prepa-
ration, pH measurement, or even more complex
organic reactions (e.g., CMU Co-scientist (Boiko
et al., 2023), CLAIRIFY (Yoshikawa et al., 2023),
ChemAgents (Song et al., 2025), and ORGANA
(Darvish et al., 2024)). Embodied applications
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leverage task-specific controllers that transform the
high-level directives of the agent into low-level
motor commands (Durante et al., 2024). A signifi-
cant aspect of the action module is its integration
with the environmental feedback loop. Actions
are continuously monitored and adjusted based on
real-time inputs and error signals. This closed-loop
design ensures that the system can recover from
failures, dynamically update its action plans, and
maintain reliability despite uncertainties in com-
plex tasks (Durante et al., 2024).

Cognition. The Cognition module is the "brain"
of the agent, underpinning complex reasoning,
decision-making, and planning processes. It or-
chestrates input from Environment and Perception,
Agent Learning, and Memory to generate high-
level strategies (Durante et al., 2024). This module
includes chain-of-thought reasoning (Wei et al.,
2022), hierarchical planning (Singh et al., 2024a;
Ren et al., 2025), and self-correction (Madaan et al.,
2023). Typically, the cognition module is driven by
LLMs that decompose complex instructions into
sub-tasks and reason about dependencies between
consecutive steps.

1121



In
pu

tO
ut

pu
tf

or
M

ul
tim

od
al

A
ge

nt
s

Sequence

Text

BioMedLM (Bolton et al., 2024), GeoGalactica (Lin et al., 2023),
Meerkat (Kim et al., 2025b), AstroSage (de Haan et al., 2025),
ChatClimate (Vaghefi et al., 2023), PMC-LLaMA (Wu et al., 2024)
ClinicalGPT (Wang et al., 2023a)

Molecular

MolFM (Luo et al., 2023c), GPT-Molberta (Balaji et al., 2023),
ChemBERTa (Ahmad et al., 2022), GENA (Fishman et al., 2025),
MassFormer (Young et al., 2024), GraphMVP (Liu et al., 2021b),
GROVER (Rong et al., 2020), DecompDiff (Guan et al., 2024)

Protein & DNA
ProGen (Madani et al., 2020), ProtTrans (Elnaggar et al., 2022),
ProLLaMA (Lv et al., 2026), AlphaFold2 (Jumper et al., 2021),
DNABERT (Ji et al., 2021), DNAGPT (Zhang et al., 2023)

Symbolic

Theorem Proving NaturalProver (Welleck et al., 2022), LeanCopilot (Song et al., 2024),
SymbolicAI (Dinu et al., 2024), AlphaGeometry (Trinh et al., 2024)

Scientific Formula LLMPhy (Cherian et al., 2024), PHIA (Liu et al., 2024c)

Algorithms

DiscoveryBench (Majumder et al., 2024), SNIP (Meidani et al., 2023),
BioCoder (Tang et al., 2024a), VisScience (Jiang et al., 2024),
Agent Laboratory (Schmidgall et al., 2025),
AutoBA (Zhou et al., 2024),
MyCrunchGPT (Kumar et al., 2023), Biomni (Huang et al., 2025b),
EHRAgent (Shi et al., 2024), RestGPT (Song et al., 2023),
LLM-based Symbolic Execution (Li et al., 2025d)

Vision

Charts & Images MATCHA (Liu et al., 2023), BioMedClip (Zhang et al., 2025c),
MedRax (Fallahpour et al., 2025), BioTrove (Yang et al., 2024a)

Videos VideoMol (Xiang et al., 2024)

Spatial Patterns BrainSegFounder (Cox et al., 2024), UrbanCLIP (Yan et al., 2024),
PlanetaryG (Gao et al., 2023b)

Visual
Pretraining EVA (Fang et al., 2022)

Graph

Knowledge Graphs ESCARGOT (Matsumoto et al., 2025), KANO (Fang et al., 2023),
TCA-Operator (Xu et al., 2023), BioBridge (Wang et al., 2023f)

Molecular Graphs
MPNNs (Gilmer et al., 2017), GATGNN (Louis et al., 2020),
MolFM (Luo et al., 2023c), GIT-Mol (Liu et al., 2024d),
Prot2Text (Abdine et al., 2024), DrugChat (Liang et al., 2023b)

Sensor
Streams

Time Series Data METS (Li et al., 2023b), NormWear (Luo et al., 2024),
UniFault (Eldele et al., 2025)

Spatial-Temporal
SatMAE (Cong et al., 2022), Scale-MAE (Reed et al., 2022),
ClimaX (Nguyen et al., 2023), Free (Luo et al., 2023b),
DiffSTG (Wen et al., 2023a)

Others

Tabular data

SCGPT (Cui et al., 2024), SCFoundation (Hao et al., 2024),
Geneformer (Theodoris et al., 2023), UCE (Rosen et al., 2023),
SCimilarity (Heimberg et al., 2023),
GeneCompass (Yang et al., 2024d),
scBERT (Yang et al., 2022), (Wu and Xie, 2025)

Spatial Omics NicheFormer (Schaar et al., 2024), CellPLM (Wen et al., 2023b),
(Wen et al., 2023c)

Figure 4: Taxonomy of Data Modality for Scientific MLLM Agents.
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C More Details on I/O for Scientific
MLLMs

C.1 Taxonomy and Overview

We categorize the input and output data modali-
ties commonly used in scientific multimodal large
language models, shown in Figure 4.

C.2 More Details for Knowledge Fusion
Strategies

Models like GPT-4o show that a single model
can handle multiple modalities, including text, im-
ages, and other data sources. This ability relies
on multimodal knowledge fusion, which enables
one model to synthesize and generate diverse data
forms within a single unified architecture. This
capability is important for scientific reasoning. For
example, explaining a circuit or cell diagram re-
quires both the image and the caption. Missing one
can lead to incorrect or incomplete answers. Re-
cent studies have explored diverse forms of cross-
modality fusion in scientific domains, including
sequence and image integration (Smbatyan et al.,
2025; Ghafarollahi and Buehler, 2025; Burgess
et al., 2025; Tu et al., 2024; Zhang et al., 2025c;
Ma et al., 2024b; Lei et al., 2024b; Chen et al.,
2024d; Royer, 2024; Lu et al., 2024c; Li et al.,
2023a), sequence–graph reasoning (Selinger et al.,
2024; Xu et al., 2023; Fang et al., 2023), sequence
and tabular data (de Almeida et al., 2025; Levine
et al., 2024), Spatial omics (Schaar et al., 2024;
Wen et al., 2023b,c).

Multimodal knowledge fusion can generally be
understood through three main paradigms, Early,
Intermediate, and Late Fusion, as summarized in
Table 3. The most popular strategy for multimodal

knowledge fusion is Intermediate Fusion, where
each modality is first passed through its own en-
coder, and the resulting feature vectors are merged
before being fed into the final prediction layers
(Schouten et al., 2024). Simple concatenation of
these embeddings is a common practice. However,
it often fails to capture deeper cross-modal inter-
actions. To address this, more effective strategies
incorporate attention mechanisms to weight com-
plementary signals (Xu et al., 2023), or employ
latent-space alignment to enforce coherent joint
representations (Zhang et al., 2025c). In contrast,
Late Fusion serves as the second common choice.
This strategy trains each modality separately and
then merges the models’ outputs to make the final
decision. Currently, it either takes a weighted av-
erage of the model predictions or feeds them into
a traditional learner such as a random forest or a
regression model (Krones et al., 2025; Jung et al.,
2024). The least common strategy is Early Fu-
sion, which merges raw inputs before any feature
encoding occurs (Krones et al., 2025; Schouten
et al., 2024). This requires that heterogeneous in-
puts share a common spatial or semantic alignment
(e.g., clinical variables marked on image pixels),
allowing joint feature extractors to process them si-
multaneously. Although simple concatenation and
graph-based (Lei et al., 2024a; Fang et al., 2023)
or cross-modality alignment networks (Wu et al.,
2023a) have been proposed, the requirement for
precise registration across modalities remains a sig-
nificant challenge (Krones et al., 2025; Schouten
et al., 2024). Future advancements must focus
on scalable architectures that can capture complex
interdependencies across modalities and adapt to
domain-specific requirements.

Strategy Fusion Timing Operation Interaction Challenge Cost Profile Examples

Early Fusion Before encod-
ing

Raw-input align-
ment

Deepest Strict registra-
tion requirement

Joint preprocessing
and encoder training
can be costly

DMGNN (Lei
et al., 2024a),
KANO (Fang
et al., 2023)

Intermediate
Fusion

Between en-
coder and
prediction
layer

Concatenation, at-
tention, latent-space
alignment

Medium to
high

Designing ef-
ficient fusion
modules

Medium to high;
modality encoders
plus cross-modal
layers add GPU
memory and tuning
cost

TCA-Operator
(Xu et al., 2023),
BiomedCLIP
(Zhang et al.,
2025c), CAMR
(Wu et al.,
2023a)

Late Fusion After model
output

Prediction averag-
ing, traditional ML

Weakest Lacks deep inter-
modality interac-
tion

Modular, but running
separate encoders can
add cost

(Jung et al.,
2024)

Table 3: Comparison of Multimodal Knowledge Fusion Strategies, including practical computational cost profiles.
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D More Details on Methods

D.1 Taxonomy and Overview

Figure 5 provides a taxonomic overview of the
methodological landscape. Tables 4 and 5 com-
plement this by contrasting each strategy based on
its key mechanism, scientific application, advan-
tages, limitations, and practical cost profile across
training methods (SFT, RL, CL/AL) and inference
techniques (RAG, Planning, Self-Correction), serv-
ing as a reference guide for designing scientific
MLLM agents.

D.2 Detailed Agent Training Methodologies

D.2.1 Supervised Fine-Tuning
Adapting and fine-tuning a foundation MLLM of-
ten leads to superior results compared to training
a model from scratch, with costs that depend on
model size, data, hardware, and tuning strategy
(Maleki et al., 2024; Wei et al., 2021). Thus, su-
pervised fine-tuning (SFT) has become the most
prevalent strategy for customizing foundation mod-
els to specialized tasks (Xu et al., 2025a). Here,
we introduce common SFT methods, including full
supervised fine-tuning and parameter-efficient fine-
tuning (PEFT).

SFT begins with selecting an appropriate foun-

dation model and curating a task-relevant dataset
of input–output pairs, such as biomedical image–
caption annotations (Li et al., 2023a; Bansal et al.,
2024). In full SFT, all model weights are updated,
and training proceeds until evaluation metrics in-
dicate satisfactory alignment with the task, after
which the model can be frozen (Belouadi et al.,
2023; Luu and Buehler, 2023). Many pretrained
models have been fine-tuned to solve molecular
attribute prediction tasks (de Almeida et al., 2025),
protein design tasks (Lv et al., 2026), and thera-
peutic downstream tasks (Wang et al., 2025a). Ad-
ditionally, instruction fine-tuning, a variant of full
SFT, leverages natural language instructions in con-
junction with input–output pairs to help models
better understand the inputs’ intent (Wang et al.,
2025a; Bansal et al., 2024; Lu et al., 2024c).

Parameter-Efficient Fine-Tuning (PEFT) offers
an alternative that significantly reduces computa-
tional and storage costs. In Low-Rank Adaptation
(LoRA) fine-tuning, only a small set of low-rank
adapter parameters is trained, while the base model
weights remain frozen (Ma, 2025). For example,
ScDCA (Maleki et al., 2024) incorporated a drug-
conditional adapter into scGPT (a pretrained single-
cell sequence foundation model), and MMed-RAG
(Xia et al., 2024) applied LoRA adapters to align

Strategy Mechanism Advantages Limitations Scientific Examples Cost Profile

Supervised
Fine-Tuning
(SFT)

Updates model
weights using
input-output data
pairs.

More economical
than training
from scratch and
dominant for task-
specific adaptation;
Simpler implemen-
tation.

Highly data-
dependent & yields
limited gains in
factual correctness.

Molecular property
prediction, Protein
design, Biomedical
VQA.

Low to medium for
PEFT; medium to
high for full SFT, de-
pending on backbone
size and expert labels.

Reinforce-
ment Learn-
ing (RL)

Optimizes se-
quential decision
by maximizing
rewards from an
environment.

Provides structured
feedback (human,
simulation, trajec-
tory).

High computa-
tional cost and
probably long run-
times; expensive
on RLHF.

Preference alignment;
molecular optimiza-
tion; formal proof
generation.

Often high; rollouts,
verifiers, simulators,
and expert feedback
can dominate the bud-
get.

Contrastive
Learning
(CL)

Self-supervised
learning that
pulls positive
pairs closer and
pushes negative
pairs apart in the
embedding space.

Uses large amounts
of unlabeled data;
enhances represen-
tation quality and
generalizability.

Performance heav-
ily relies on the
quality of data aug-
mentation and posi-
tive & negative pair
selection.

Cross-modal repre-
sentation learning
(e.g., protein-
molecule pairs,
image-text); Data-
scarce domains.

Medium to high; large
batches, paired data
pipelines, and GPU
memory are common
bottlenecks.

Adversarial
Learning
(AL)

Uses adversarial
perturbations
or generator–
discriminator
objectives.

Can improve ro-
bustness when per-
turbations remain
scientifically mean-
ingful.

Can slow down
training; Risks un-
stable training and
failure to converge.

Distinguishing
chemically similar
molecules.

Medium to high; dual-
model training and in-
stability can require
repeated runs.

Table 4: Comparison of Scientific MLLM Agent Training Strategies. Cost profiles are qualitative because GPU-hour
and expert-label budgets are rarely reported consistently.
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Strategy Mechanism Advantages Limitations Scientific Examples Cost Profile

Integrating
Domain
Knowledge

Grounds MLLM
output using ex-
ternal knowledge
sources (RAG,
KG, ICL) for fac-
tual correctness.

Improves factual
accuracy and re-
duces hallucination;
Provides up-to-date
context.

RAG/KG perfor-
mance limited by
source quality &
coverage; ICL is
sensitive to example
format and incurs
long-context cost.

RAG: Clinical guide-
line adherence; KG:
Research proposal
planning; ICL:
Few-shot learning for
symbolic proofs.

Low to medium
per query; in-
dexing, KG
construction,
and longer
contexts can
dominate sys-
tem cost.

Complex
Workflow
Handling

Schedules agents’
actions and
reasoning into
logical, multi-
step processes.

Enables execution of
complex, long-chain
scientific tasks (e.g.,
design, query, synthe-
sis).

Careful orchestration
design and tool selec-
tion; sensitive to er-
ror accumulation; In-
creased cost.

Planning: Design-
ing multi-step exper-
iments. Tool Learn-
ing: Interfacing with
simulation software
or lab instruments.

High latency;
tool calls, sim-
ulations, and
robotic time
grow with plan
depth.

Improving Ac-
curacy

Enables agents to
evaluate their own
outputs and main-
tain context.

Enhances reasoning
reliability and conti-
nuity; Promotes trans-
parency and trustwor-
thiness.

Increases compu-
tational load due
to iterative loops;
Memory retrieval can
become noisy.

Self-Critic: Clini-
cal explainability &
hallucination reduc-
tion. External Mem-
ory: Storing scien-
tific outputs.

Medium to
high; repeated
calls, critique
loops, and
memory re-
trieval often
multiply infer-
ence cost.

Multi-Agent
System

Decomposes
tasks and coordi-
nates specialized
agents.

Leverages specialized
expertise and mem-
ory; Improves output
accuracy via debate
and voting.

Introduces new coor-
dination challenges
like group bias;
Increases computa-
tional cost.

Collaborative re-
search proposal
generation; Multi-
round discussion for
consensus diagnosis.

Potentially
high; depends
on agents,
rounds, tools,
and com-
munication
overhead.

Table 5: Comparison of Scientific MLLM Agent Inference Strategies, including qualitative cost profiles.

MLLMs with human preferences in medical visual
question answering and report generation. Beyond
LoRA, methods like NEFTune introduce controlled
noise into embedding vectors to enhance general-
ization, and have shown promising results in tasks
such as automated research synthesis, though their
use in scientific agents remains rare (Susnjak et al.,
2025).

Despite their versatility, several studies note that
SFT alone often yields limited improvements in fac-
tual accuracy (Belouadi et al., 2023; Maleki et al.,
2024). Greater gains in this dimension are typically
achieved through strategies that incorporate explicit
domain knowledge, such as retrieval-augmented
generation or knowledge graph integration, as we
will discuss in subsection 4.2.1.

D.2.2 Reinforcement Learning with Feedback
Foundation models show promise when trained
with reinforcement learning (RL) to solve some
complex questions (AlphaProof and AlphaGeom-
etry teams, 2024). RL refers to modeling learn-
ing to make sequential decisions to maximize re-
wards through interaction with the environment
(Ahmed and Mohammed, 2024; Sheikholeslami

et al., 2024). RL requires different rewards, such as
expert preferences, simulations, synthetic rewards,
and agent evaluations.

Preference Feedback Reinforcement learning
from human feedback (RLHF) aligns models with
preference judgments, including those used in Chat-
GPT (Ouyang et al., 2022; OpenAI, 2022; Lam-
bert et al., 2023; Sun et al., 2023c; Giuffrè et al.,
2024). Direct preference optimization (DPO) is
a related preference-training objective (Rafailov
et al., 2023). ResearchAgent generates and revises
ideas using academic graphs and collaborative re-
viewing agents instantiated from human-aligned
LLMs; this is inference-time feedback, not a newly
reported RLHF training procedure (Baek et al.,
2025). MAVIS uses an automatic data engine for
visual mathematics instruction and reasoning data,
followed by DPO to improve chain-of-thought rea-
soning (Zhang et al., 2024e; Wei et al., 2022). Its
reasoning paths should not be described as human-
annotated. However, expert preference collection
can be expensive, and preference alignment alone
does not establish scientific validity.
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Simulation Feedback & Verified Feedback
This approach provides a way to optimize MLLMs
by directly incorporating domain-specific calcula-
tions or physics-based simulators into the training
loop (Zhou et al., 2023a; Jha et al., 2024). Several
agentic systems have been developed that use multi-
turn reasoning or simulation environments for sci-
entific tasks. For example, (Jha et al., 2024) and
Leanabell-Prover-V2 (Ji et al., 2025) used symbolic
feedback to guide LLMs through formal verifica-
tion steps, while AgentHospital simulates medical
environments for agent training (Li et al., 2024c).
AtomAgents (Ghafarollahi and Buehler, 2025) and
(Tian et al., 2025) apply physics-based simulation
and theoretical computation for materials property
prediction, integrating simulation results directly
into decision-making. In molecular sciences, simu-
lation feedback enables property-aware generation.
BindGPT (Zholus et al., 2025), DrugGen (Sheik-
holeslami et al., 2024), and other works (Yuan
et al., 2025; Ahmed and Mohammed, 2024) gen-
erate drug-like molecules, simulate binding or sta-
bility scores, and use them as reward signals for
further refinement. Simulation feedback provides
structured signals but depends on the validity of
the simulator or verifier. It can also require costly,
long-running computations, particularly in physical
simulations (Zhang et al., 2025e; Sheikholeslami
et al., 2024).

Trajectory Learning Trajectory optimization en-
hances feedback by evaluating intermediate steps,
not just final outputs, and is especially effective for
improving MLLM reasoning in science tasks (Xu
et al., 2025a). By storing and reusing successful
trajectories, models can learn efficient multi-step
strategies for complex workflows such as multi-
molecule synthesis or sequential materials experi-
ments (Cretu et al., 2024). However, this method
is underexplored in agentic AIScientists, and the
construction cost is high.

D.2.3 Contrastive & Adversarial Learning

In scientific domains, labeled datasets are expen-
sive to obtain (Roschewitz et al., 2025; Xiao et al.,
2025; Huang et al., 2023b). Contrastive learn-
ing can learn representations from unlabeled data
(Zhou et al., 2023b; Azizi et al., 2023; Chen et al.,
2020). The approach forms positive pairs and se-
lects negative examples, reducing the need for man-
ual labels. Examples include protein–molecule
pairs (Gao et al., 2023a), and enhancer–promoter

interactions in DNA (Xiao et al., 2025).
Contrastive learning (CL) maps examples into

a shared representation space, bringing related
pairs closer and separating unrelated pairs. Sim-
ilarity scores and training losses depend on the
task (Xiao et al., 2025; Yan et al., 2025; Li
et al., 2021). SimCLR builds positive image
pairs using photometric and geometric transfor-
mations (Zavar et al., 2025; Chen et al., 2020).
Counterfactual pairs (Roschewitz et al., 2025),
hard negatives (Chen et al., 2024c; Wu et al.,
2023b), multi-task objectives (Zavar et al., 2025;
Mendel et al., 2023), and local contrastive objec-
tives (Mendel et al., 2023; Basak et al., 2023) of-
fer other ways to shape representations. DINO is
a related self-supervised approach based on self-
distillation (Oquab et al., 2023). However, in sci-
entific tasks, these choices must preserve relevant
structure; arbitrary augmentations or poorly chosen
negatives can erase meaningful differences (Xiao
et al., 2025).

Adversarial training introduces challenging per-
turbations to improve robustness (Lan et al., 2024;
Zhao et al., 2024), while generative adversar-
ial networks (GANs) use a distinct generator–
discriminator objective (Yan et al., 2025; Lee, 2023;
Salimans et al., 2016). A GAN trains a generator
to produce samples and a discriminator to distin-
guish generated from real data (Li et al., 2024a,
2023c). Robustness is particularly important when
distinguishing chemically similar molecules with
different bioactivity (Lu et al., 2025) or predicting
proteins’ binding-affinity changes upon mutation
(Lan et al., 2024). However, adversarial training
can increase computational cost (Xiao et al., 2025)
and may even fail to converge, making the overall
training more difficult and less stable (Salimans
et al., 2016).

D.3 Detailed Agent Inference Methodologies

D.3.1 Integrating Domain Knowledge
Incorporating domain knowledge into agentic
MLLMs is critical for improving output reliability
and reducing hallucinations. Retrieval-Augmented
Generation (RAG), graphs, and in-context learning
(ICL) provide effective means to align agents with
scientific knowledge sources.

RAG RAG-based methods (Ghafarollahi and
Buehler, 2025) improve factual accuracy by re-
trieving domain-relevant evidence. In biomed-
ical settings, RAG on guideline documents im-
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proves the alignment with clinical standards (Wang
et al., 2025c,b; Lu et al., 2024b), while AutoPro-
teinEngine (Liu et al., 2025c) demonstrates the use
of literature retrieval to integrate protein engineer-
ing knowledge. Other systems employ real-time
search engines to enrich responses with up-to-date
information (Lu et al., 2024e; Ghafarollahi and
Buehler, 2024; Lei et al., 2024b). Beyond direct re-
trieval, task-specific strategies have been explored,
such as i-MedRAG (Xiong et al., 2024), LLM In-
structor (Liu et al., 2024e), and Hypercube-Based
RAG (Shi et al., 2025). However, RAG methods
remain limited by the coverage and quality of the
retrieval corpus, which can result in the propaga-
tion of irrelevant or misleading information.

Knowledge Graph (KG) Knowledge graphs pro-
vide additional constraints for agent reasoning. For
example, (Selinger et al., 2024) and (Aamer et al.,
2025) combine LLMs with biomedical graphs to au-
tonomously design research proposals and plan ex-
periments. ESCARGOT (Matsumoto et al., 2025)
extends this by enabling code execution to dynami-
cally query scientific knowledge graphs, allowing
computational experiments within the reasoning
loop. However, the scalability of knowledge-graph
methods is constrained by graph size, and main-
taining accurate and up-to-date knowledge graphs
is quite challenging.

In-Context Learning (ICL) ICL (Brown et al.,
2020) is a simple and powerful strategy, where
MLLMs can learn from a few demonstrations of
question-answer pairs within the context and then
generate answers to a new query (Thakur et al.,
2023; Dong et al., 2022; Wei et al., 2023; Huang
et al., 2023a), all without updating model parame-
ters. This approach has proven effective not only
for scientific sequence data (Wang et al., 2023c) but
also for multimodal data, including symbolic the-
orem proving (Kasaura et al., 2025; Thakur et al.,
2023; Cherian et al., 2024), geospatial analysis
(Singh et al., 2024b; Mansourian and Oucheikh,
2024), medical image segmentation (Kumar et al.,
2024), and diverse protein and molecular tasks (Ma
et al., 2025; Li et al., 2025d; Fifty et al., 2023; Cai
et al., 2024b; Li et al., 2024b; Nguyen and Grover,
2024).

Demonstration pairs play a central role in influ-
encing ICL performance (Dong et al., 2022), with
outcomes further shaped by how demonstrations
are selected, formatted, and ordered. Specifically,
the format, order, diversity of demonstrations, and

their similarity to the query (Fung et al., 2025; Liu
et al., 2021a) substantially affect response qual-
ity. Using demonstrations that closely resemble
the query has become a widely adopted method
in ICL (Liu et al., 2024b; Luo et al., 2023a; Liu
et al., 2021a), generating strong results across do-
mains such as biological sequence classification
(Fung et al., 2025), pathology image classifica-
tion (Ferber et al., 2024), molecular notation (Li
et al., 2025d), molecular optimization (Nguyen and
Grover, 2024), and molecular property prediction
(Cai et al., 2024b; Guo et al., 2023; Fifty et al.,
2023).

In practice, researchers tend to increase the num-
ber of demonstrations to improve performance
(Fung et al., 2025; Wang et al., 2023e). How-
ever, excessive demonstrations can also harm per-
formance (Dong et al., 2022; Bertsch et al., 2024),
a challenge that can be partially addressed through
long-context solutions. Thus, the trade-off be-
tween performance gains and computational costs
remains a key consideration (Hu et al., 2025a).

D.3.2 Complex Workflow Handling
Scientific tasks often involve long-chain reason-
ing processes, such as designing an experiment,
querying databases, and synthesizing results, where
agents need planning and tool use to support multi-
step reasoning (Oh et al., 2025; Shi et al., 2025).

Planning Frameworks such as ReAct (Yao et al.,
2022), Pre-Act (Rawat et al., 2025), and AutoAct
(Qiao et al., 2024) combine reasoning with ac-
tions, enabling hierarchical workflows where mod-
els plan before executing tool calls (Youngblut
et al., 2025). RAISE decomposes problems into
logical queries and retrieval steps (Oh et al., 2025),
while LLM-RDF integrates chain-of-thought (Wei
et al., 2022) with domain tools (Bayesian opti-
mizers, interpreters, robotic arms) for closed-loop
chemical synthesis (Ruan et al., 2024). Other strate-
gies, such as Monte Carlo Tree Search for guided
refinement (Zhang et al., 2024a) and LLM planners
for biomedical workflows (Liu et al., 2024e), fur-
ther strengthen structured planning but may face
the challenge of high costs.

Tool Learning Agents increasingly rely on
domain-specific tools for scientific discovery (Fal-
lahpour et al., 2025; McNaughton et al., 2024;
Huang et al., 2024b). Early systems such as Chem-
Crow (M. Bran et al., 2024), BioDiscoveryAgent
(Roohani et al., 2024), and Omega (Royer, 2024)
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connect external APIs (e.g., LangChain, PubMed,
Visual tools) to provide real-time access to litera-
ture, databases, and visual understanding. Biomni
(Huang et al., 2025b) and AutoBA (Zhou et al.,
2024) show large-scale tool integration and adap-
tive selection of biomedical tools. Advanced mech-
anisms such as MeNTi’s nested calls (Zhu et al.,
2025) highlight the need for compositional and flex-
ible tool orchestration. Technical documentation is
a valuable resource for using laboratory hardware
(Boiko et al., 2023).

Multi-step Reasoning Chain-of-thought im-
proves step-wise inference in scientific tasks
(Chen et al., 2025b; Huang et al., 2024b).
Role-specialized agents with domain tools yield
grounded results, for example, MT-Mol uses RD-
Kit for chemical reasoning to improve molecular
synthesis design (Kim et al., 2025a). Also, hier-
archical workflows, such as MedAgent-Pro, make
medical reasoning more explainable (Wang et al.,
2025c). Iterative chains of verification enable cross-
checking and predicting material attributes from
literature (Ansari and Moosavi, 2024). However,
these methods remain sensitive to early errors and
limited by models’ hallucinations.
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Figure 5: Taxonomy of Methods for Scientific MLLM Agents.
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Abbr. Definition Representative Metrics

OA. Outcome Accuracy Acc, F1, AUC, Recall, Precision, Pass@1, Matched Score
PS. Procedural Success Step Correctness, Procedural Process
Suc. Success Rate Success Rate, Completeness, Task Completion
Sim. Similarity ROUGE, BLEU, BERTScore, Similarity
Err. Error RMSE, MAE, MAD, Error, AUC-PRC, Spread-Skill Ratio
Cal. Calibration Confidence, Calibration Error, Uncertainty, Entropy, Abstention Rate
Man. Human/Expert Evaluation Human rating, LLM-Evaluator
SV. Scientific Validity Validity, Novelty, Hallucination Rate
Cost Cost Token counts, Time

Table 6: Abbreviations used in the Metrics (MC) column of benchmark tables.

E Supplementary Benchmarks and
Metrics

E.1 Comprehensive Domain Benchmarks
To provide a comprehensive evaluation landscape
for scientific MLLMs, we collected a representative
suite of benchmarks spanning 10 major scientific
disciplines, including Biology (Table 7), Chem-
istry (Table 8), Physics (Table 9), Mathematics
(Table 10), Environmental Science (Table 11), Ge-
ography (Table 12), Multidisciplinary Knowledge
(Table 13), and General Science (Table 14). These
tables detail the specific tasks the benchmark as-
sesses, the data modalities it incorporates, its task
sources, the scale (# of tasks or categories), and
the primary evaluation metrics (MC) that the bench-
mark employs.

Task Sources indicate the origin of benchmark
tasks. The abbreviations used in the tables are
defined as follows:

• Lit.: Literature (e.g., PubMed, arXiv)

• PubLib.: Public datasets (e.g., Protein Data
Bank, established benchmarks)

• PriLib.: Private datasets (e.g., in-house hospi-
tal data)

• Syn.: Synthetic data (e.g., software-simulated
or augmented data)

• Man.: Human-annotated data

• GitHub: Online code

• Textbk.: Textbooks

• Exam: Examination problem set
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Benchmark Task Modality SC # MC
Sq. Sy. V. G. O.

MoleculeQA (Lu et al., 2024d) QA ✓ PubL. 62k OA., Err.
PGxQA (Keat et al., 2024) QA ✓ PubL., Man. 110k OA., HL., Man., Sim., Suc.
PubMedQA (Jin et al., 2019) QA ✓ ✓T. Lit. 1k OA.
MicroVQA (Burgess et al., 2025) QA ✓ ✓ Man. 1k OA.
MedCalc-Bench (Khandekar et al., 2024) Cal. ✓ PubL. 55 OA.
Bio-Benchmark (Jiang et al., 2025) BI. ✓ ✓T. PubL. 1k HL., Sim.
BioLLMBench (Sarwal et al., 2023) BI. ✓ ✓ Lit. 36 OA., Sim., Suc., Cost, Simp.
ProteinLMBench (Shen et al., 2024) Prot. ✓ Lit., PubL. 944 OA.
LAB-Bench (Laurent et al., 2024) Lab ✓ ✓ ✓ ✓T. Lit., Man.,

Syn.
2.4k OA.

BioCoder (Tang et al., 2024a) Code ✓ ✓ Git., Web. 70k OA.
BioProBench (Liu et al., 2025d) Reas. ✓ PubL., Syn. 556k OA., Err., Sim.
scEval (Liu et al., 2024f) ScA. ✓ Lit. 22 OA.
SimBench (Cao et al., 2021) ScA. ✓T. Lit. 8 cat. OA., Sim.
MultiMedBench (Tu et al., 2024) BI. ✓ ✓ ✓T. PubL. 14 cat. OA., PA., Man.
DUD-E (Mysinger et al., 2012) MD. ✓ ✓ ✓3D PubL., Syn. 102 OA.
BaisBench (Luo et al., 2025a) Omics ✓ ✓T. Lit., Syn. 229 OA.

Table 7: Benchmarks on scientific MLLM agents (Biology). Note. SC=task sources; #=test scale (cat.=categories);
MC=metrics. Sq.=sequence; Sy.=symbolic; V.=vision; G.=graph; O.=other; T.=tabular. For DUD-E, Sq.=SMILES; G.=atom–
bond connectivity; 3D=ligand/receptor structures. QA=question answering; BI.=biological knowledge; Reas.=protocol rea-
soning; ScA.=single-cell analysis; MD.=molecular docking. PubL.=public datasets; Lit.=literature; Syn.=synthetic data;
Man. in SC=human-annotated data. OA.=outcome accuracy; Err./Error=prediction error; Sim.=similarity; HL.=hallucination;
Suc.=success rate; Cost=token/time cost; Simp.=simplicity; Man. in MC=human/expert evaluation. Cal.=medical calculation;
Prot.=protein understanding; Lab=biology lab research; Git.=GitHub; Web.=web sources; PA.=procedural accuracy. In the
domain tables, Validity=scientific plausibility/testability; Novelty=departure from prior knowledge.

Benchmark Task Modality Task Sources Test
Scale Metrics

Seq. Symb. Vision Graph Other

PRESTO (Cao et al., 2024) Property Prediction ✓ ✓ PubLib. 878k OA., Error, Sim.,
Validity

MoleculeNet (Wu et al., 2018) Property Prediction ✓ ✓ ✓3D
coordinates

PubLib., Syn. 700k OA., Error

ChemBench (Mirza et al.,
2024)

Property Prediction ✓ Syn., PubLib., Textbk.,
Exam, Lecture, Human.

2.8k OA.

LLM4Mat-Bench (Rubungo
et al., 2025)

Property Prediction ✓ ✓ ✓ PubLib. 2.7M OA., Error

TOMATO-Chem (Yang et al.,
2024e)

Chemical Reasoning
and Design

✓ ✓ ✓ Lit., Human. 51 OA., Novelty, Man.

ChemLLMBench (Guo et al.,
2023)

Chemical Reasoning
and Design

✓ ✓ PubLib. 800 OA., Man., Sim.

MaScQA (Zaki et al., 2023) Materials Science
Question Answering

✓ ✓ Lit., Man. 650 OA.

Table 8: Benchmarks on scientific MLLM agents (Chemistry & Materials Science). Note. OA.=outcome accuracy;
Error=prediction error; Sim.=similarity; Validity=scientific plausibility/testability; Novelty=departure from prior knowledge;
Man.=human/expert evaluation.

Benchmark Task Modality Task Sources Test Scale Metrics
Seq. Symb. Vision Graph Other

MM-PhyQA (Anand et al.,
2024)

Multimodal
Physics QA

✓ ✓ ✓ Man., PubLib.,
Syn.

4.5k OA.

UGPhysics (Xu et al.,
2025b)

Undergraduate
Physics QA

✓ ✓ Textbk., Man. 5.5k OA.

PhysicsArena (Dai et al.,
2025)

Multimodal
Physics Problem
Solving

✓ ✓ ✓ Exam, Syn.,
Man.

5.1k OA., PAcc, Sim.

Table 9: Benchmarks on scientific MLLM agents (Physics)
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Benchmark Task Modality Task Sources Test Scale Metrics
Seq. Symb. Vision Graph Other

LeanDojo (Yang et al.,
2023)

Theorem Proving
in Lean

✓ ✓ ✓ ✓Tool PubLib., Syn. 98.7k PSuc., Suc.

MathVerse (Zhang et al.,
2024d)

Multimodal Math
Problem Solving

✓ ✓ ✓ PubLib. 15.6k OA., PSuc.

MathChat (Wu et al.,
2023c)

Conversational
Math Problem
Solving

✓ ✓ PubLib., Syn. 1.1k OA., Sim., Error

GeoEval (Zhang et al.,
2024b)

Geometry Problem
Solving

✓ ✓ ✓ PubLib. 5k OA., PSuc.

MathVista (Lu et al., 2023) Geometry Problem
Solving

✓ ✓ ✓ PubLib. 6.1k OA., PSuc.

KnowledgeMath (Zhao
et al., 2023)

Finance Math
Knowledge
Reasoning

✓ ✓ ✓ Exam 1.3k OA., Man.

HARDMath (Fan et al.,
2024)

Challenging
Applied Math
Problems

✓ ✓ Exam 1.5k OA., Error, Man.

Table 10: Benchmarks on scientific MLLM agents (Mathematics)

Benchmark Task Modality Task Sources Test Scale Metrics
Seq. Symb. Vision Graph Other

FFD-IQA (Sun et al.,
2023b)

Flood Disaster
VQA

✓ ✓ PubLib. 22k Man.

DisasterQA (Rawat, 2024) Disaster Response
QA

✓ PubLib. 707 OA., Calib.

WeatherQA (Ma et al.,
2024a)

Severe Weather
VQA

✓ ✓ PubLib. 8.5k OA.

WeatherBench2 (Rasp
et al., 2024)

Weather
Forecasting

✓ ✓ ✓spatial-
grid

PubLib., Syn. real-time
updated

OA., Error, Calib.

STBench (Li et al., 2025b) Spatio-Temporal
Reasoning

✓ ✓ PubLib. 70k OA., Error

VayuBuddy (Patel et al.,
2024)

Air Quality Sensor
Analysis

✓ ✓ ✓ ✓spatial-
grid

PriLib., Man. 45 OA., Suc.

Table 11: Benchmarks on scientific MLLM agents (Environment)

Benchmark Task Modality Task Sources Test Scale Metrics
Seq. Symb. Vision Graph Other

EarthNets (Xiong et al.,
2025b)

Remote Sensing
Earth Observation

✓ ✓ PubLib.,
GitHub, Lit.,
Man.

401 OA.

VLEO-Bench (Zhang and
Wang, 2024)

Remote Sensing
Earth Observation

✓ ✓ PubLib., Lit. 2.2k OA., Error

GEOBench (Danish et al.,
2024)

Remote Sensing
Earth Observation

✓ ✓ ✓ ✓spatial-
grid

PubLib., Man.,
Syn.

31 OA.

Roberts et al. (Roberts
et al., 2024)

Geospatial Visual
Reasoning

✓ ✓tem-
poral

Lit., Syn., Man.,
PubLib.

190.7k OA., Sim.

RSUniVLM (Liu and Lian,
2024)

Remote Sensing
VLM

✓ ✓tem-
poral

PubLib., PriLib.,
Syn., Man.,
GitHub

6 OA., Sim., Error

Table 12: Benchmarks on scientific MLLM agents (Geography)
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Benchmark Task Modality Task Sources Test Scale Metrics
Seq. Symb. Vision Graph Other

ScienceQA (Lu et al., 2022) Multimodal
Science QA

✓ ✓ PubLib., Man. 21.2k OA., Sim., Suc.

MMSciCap+
MMSciQA (Li et al., 2024h)

Multimodal
Science QA

✓ ✓ ✓Tabular Lit., Syn., Man. 4k OA., Sim.

HLE (Phan et al., 2025) Human-Level
Academic QA

✓ PriLib., Lit.,
Man.

2.5k OA., Calib., Cost

MMLU (Hendrycks et al.,
2020)

Multidisciplinary
Knowledge QA

✓ Man., PubLib. 57 OA., Calib.

SciBench (Wang et al.,
2023d)

College Scientific
Reasoning

✓ ✓ Lit., Man. 972 OA., Effective

GPQA (Rein et al., 2024) Graduate-Level
Expert QA

✓ Lit., Man. 448 OA., Objectivity

SuperGPQA (P Team et al.,
2025)

Graduate-Level
Expert QA

✓ Lit., Man. 26.5k OA., Discrimination

Table 13: Benchmarks on scientific MLLM agents (Multidisciplinary)

Benchmark Task Modality Task Sources Test Scale Metrics
Seq. Symb. Vision Graph Other

SciMON (Wang et al.,
2024a)

Scientific Novelty
Optimization

✓ Man., Lit. N/A Novelty, Error

IsoBench (Fu et al., 2024) Multimodal
Isomorphic
Reasoning

✓ ✓ Syn., PubLib.,
Lit., Man.

10 OA.

BLADE (Gu et al., 2024) Data-Driven
Scientific Analysis

✓ ✓ ✓Tabular PubLib., Man. 724 OA., Calib.

FigureQA (Kahou et al.,
2017)

Scientific Figure
Visual QA

✓ ✓ ✓Tabular Lit., Man. 15 OA., Smoothness

ArXivQA (Li et al., 2024d) Multimodal ArXiv
Paper QA

✓ ✓ Man. 1k OA., Sim.

SciCode (Tian et al., 2024) Scientific Research
Coding

✓ ✓ ✓ ✓Tabular Man. 338 OA., Validity

DiscoveryBench (Ma-
jumder et al., 2024)

Data-Driven
Hypothesis
Discovery

✓ ✓ Syn., PubLib.,
Lit., Man.,
GitHub

1.2k OA.

SciEval (Sun et al., 2023a) Scientific Ability
Evaluation

✓ PubLib., Lit.,
Man., Syn.

18k OA.

MMEVALPRO (Huang
et al., 2024a)

Multimodal
Benchmark
Calibration

✓ ✓ ✓ Lit. 6.4k OA., Consistency

ScienceAgentBench (Chen
et al., 2024e)

Scientific
Discovery Agent
Eval

✓ ✓ ✓Tabular GitHub, Syn.,
Man., Lit.

102 Suc., Sim., Cost

Discoveryworld (Jansen
et al., 2024)

Scientific
Discovery Virtual
Env

✓ ✓ ✓Tabular Syn., Man. 120 Suc., PSuc.

Table 14: Benchmarks on scientific MLLM agents (General Science)
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