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Abstract

While Al agents for scientific discovery have pro-
liferated, truly end-to-end autonomous solutions
remain scarce, particularly in complex interdis-
ciplinary fields like single-cell genomics. We
introduce scAgents, a fully autonomous multi-
agent framework that transforms raw single-cell
data and task descriptions directly into optimized
computational solutions. Given only a dataset
and research objective as input, scAgents outputs
both a novel model architecture and executable
code for training and inference without human
intervention. When evaluated on the scPerturb
datasets and benchmarks, scAgents consistently
outperforms task-specific state-of-the-art meth-
ods, achieving up to 49% reduction in predic-
tion error compared to scGPT for gene knock-
outs and Pearson correlation increases of up to
20% in expression predictions versus ChemCPA
for drug perturbations. scAgents’ ability to suc-
ceed where existing foundation models struggle
is particularly significant, adapting effectively to
different data types (scRNA-seq, scATAC-seq,
CITE-seq) and various perturbation categories
with consistent performance across modalities.
Our code and some scAgents-designed models are
available at https://anonymous.4open.
science/r/scAgents—-2025-242E/.

1. Introduction

Scientific discovery is undergoing a transformation with the
rise of Al Scientistsautonomous systems designed to conduct
research with minimal human intervention. Recent progress
in large language models (LLMs) and Al agents has en-
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abled impressive capabilities in literature analysis (Hsu et al.,
2024), hypothesis generation (Qi et al., 2023; Yang et al.,
2023), and experimental implementation (Tian et al., 2024;
Huang et al., 2024b), as demonstrated by emerging bench-
marks and agentic toolkits (Skarlinski et al., 2024; Chen
et al., 2024; Majumder et al., 2024; Huang et al., 2024a).
Yet these systems remain siloedcompetent at individual
tasks, but incapable of orchestrating complete scientific
workflows. Existing Al scientists lack the ability to propose
methods, refine them through collaborative reasoning, and
carry out empirical validation in a unified framework (Lu
et al., 2024; Li et al., 2024b). This gap becomes especially
critical in domains that demand interdisciplinary reasoning,
such as computational biology, where effective modeling
requires integrating biological priors, statistical rigor, and
machine learning design (Boiko et al., 2023; Roohani et al.,
2024b).

A particularly compelling instantiation of this challenge
is single-cell perturbation analysis, a frontier task in com-
putational biology that demands predicting how cells re-
spond to diverse interventionssuch as gene knockouts, drug
treatments, or cytokine stimulationby modeling state tran-
sitions in high-dimensional expression space (Figure 1).
This problem exemplifies the limitations of current Al sci-
entists: Despite progress in foundation models (Cui et al.,
2024; Theodoris et al., 2023), existing approaches remain
heavily fragmented, relying on human experts to bridge
gaps in dataset interpretation, model design, and empiri-
cal validation (Lotfollahi et al., 2023; Hao et al., 2024).
Moreover, these models often fail to generalize to novel bio-
logical scenarios, such as unseen cell types or experimental
modalities (Levine et al., 2024; Wenteler et al., 2024). The
challenge is further exacerbated by the heterogeneity of
data types (e.g., ScCRNA-seq, scATAC-seq, CITE-seq) and
perturbation mechanisms, each requiring domain-specific
reasoning to extract meaningful insights (Peidli et al., 2024;
Bendidi et al., 2024).

We present scAgents, a fully autonomous multi-agent frame-
work that conducts end-to-end single-cell perturbation anal-
ysis by integrating three core modules: (1) Task Analysis,
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which characterizes the dataset and retrieves relevant prior
work via a hybrid breadth- rst and depth- rst agentic re-
trieval strategy; (2Method Design where role-specic
agents collaboratively analyze baselines, identify design
limitations, and iteratively re ne novel modeling strategies
through graph-based discussions; andg@)eriment Exe-
cution, which translates high-level architectural proposals
into executable code, complete with training routines and
validation protocols. At the heart of scAgents is a persis-
tent knowledge graph that accumulates insights across all
phases and ensures a coherent information ow. The agentic

retrieval system integrates perturbation-speci c biological _. i :
knowledae. such as requlatory pathwav relationshios aI,]Flgure l.Ourframewqu predicts cel!qlar responses to unseen

- ge, . 9 A VP Yy . p pnerventlons by modeling state transitions in high-dimensional
modality-aware considerations, into model design withouexpression spaceGiven multi-modal single-cell data (SCRNA-seq,
requiring human input. The multi-agent discussion modulescATAC-seq, CITE-seq) and a training set of known perturbations
leverages con dence-based scoring and self-critique mechéene knockouts, drugs, cytokines), scAgents learns to map control
nisms to converge on scienti cally grounded and technicallyStates to perturbed states, enabling accurate prediction of gene

expression pro les under novel experimental conditions without

feasible solutions. The nal system output includes both the_qiional wet-lab experimentation,

model architecture and the complete implementation code
for training and inference. (Huang et al., 2024a), while benchmarks evaluate these capa-
o ) bilities across diverse domains (Qiu et al., 2025; Ruan et al.,
We evaluate scAgents on six diverse perturbation datase%m; Chen etal., 2025; Jing et al., 2024). The integration of
from the scPerturb on single cell perturbation benchmarkjie ratre analysis with data-driven approaches has proven
encompassing gene knockouts, drug treatments, and Gya i arly effective for hypothesis generation (Liu et al.,
tokine stimulations across modalities such as scRNA-se 024b; Zhong et al., 2023; Majumder et al., 2024), with
SCATAC-seq, qnd'CITE-seq. In all cases, model; deSIgnegeveral frameworks enhancing research ideation through
by scAgents signi cantly outperform prior baselines. For gy ,ctred feedback mechanisms (Pu et al., 2024; Garika-
instance, in the drug perturbation task, scAgents improveﬁanhi et al., 2025) and approaches to improve novelty and
Pearson correlation bg0% over the next best method, wiersity (Hu et al., 2024: Radensky et al., 2024: Gao et al.,

ChemCPA (Hetzel et al., 2022). On the challenging, sparsés5) End-to-end systems now attempt to unify these capa-
and hlgh?dlmensmnal SCATAC-seq dataset, it achle_ves Bilities, including domain-general approaches like Al Sci-
16-fold increasecompared to the second-best baseline, 3ntist (Lu et al., 2024) and MLR-Copilot (Li et al., 2024b),
linear regression model. In surface protein prediction (CITE?’;\Iongside domain-speci ¢ implementations for chemistry
seq), SCAgents boosts Pearson correlation by7% over kg et al., 2023), genomics (Roohani et al., 2024b), mate-
the next best baseline method, Random Forest. These res,“hﬁls science (Ghafarollahi & Buehler, 2024), and medicine
highlight scAgents' strong generalization and substantlahang et al., 2024; Naumov et al., 2025). Despite these

performance gains across diverse settings, including thgyyances; signi cant challenges remain in developing truly

novel application scenarios. autonomous scienti ¢ systems, particularly regarding exper-
imental rigor (Kon et al., 2025), falsi cation mechanisms

2. Related Work (Liu et al., 2024c), and comprehensive evaluation metrics
(Beel et al., 2025; Friel et al., 2025), as highlighted in recent

Agent Systems for Scienti ¢ Discovery Researchers g,neys (Reddy & Shojaee, 2025; Eger et al., 2025; Kulkamni
have developed specialized Al systems spanning the et 5| “2025: Ren et al. 2025).

tire research work ow: from literature analysis tools like

PaperQA2 (Skarlinski et al., 2024) and CHIME (Hsu et al.,

2024), to hypothesis generation frameworks that range fron®ingle-Cell Perturbation Analysis = Single-cell perturba-

domain-speci c idea creation (Baek et al., 2024; Qi et al. tion studies measure how cells respond to genetic or chem-

2023; Yang et al., 2023) to comparative evaluations with exical interventions. The existing literature wf-silico ap-

pert proposals (Si et al., 2024). These systems increasingljfoaches that predict post-perturbation cell states re ects

leverage multi-agent architectures (Ghafarollahi & Buehler@ fundamental divergence in machine learning, with each

2025; Schmidgall & Moor, 2025; Guo et al., 2024) to fa- paradigm showcasing distinct philosophies for modeling

cilitate collaborative scienti ¢ reasoning. Implementation cellular responses. Earlier efforts, such as linear regression

capabilities have advanced through scienti ¢ coding frame{Dixit et al., 2016) or random forest feature selection (Skin-

works like SciCode (Tian et al., 2024) and MLAgentBench hider et al., 2021), treated each gene or cell type in isolation.
Deep generative models (Lotfollahi et al., 2019; Hetzel
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et al., 2022; Lotfollahi et al., 2023), conceptualize pertur-

bations as latent space transformations through linear shifts

or decompositions that separate biological covariates. In

contrast, network-based methods (Qiu et al., 2022; Roohani

etal., 2024a; Bai et al., 2024; Kamimoto et al., 2023) explic-

itly incorporate biological knowledge via gene regulatory

networks or cellular relationships. To further address the is-

sue of cell heterogeneity, distribution alignment approaches

such as optimal transport (Bunne et al., 2023; Dong et alFigure 2:The scAgents architecture and work ow. The
2023) have been applied to machine learning models (Jianfamework operates through three sequential phases: Task
et al., 2024), matching the distribution of control cells with Analysis (dataset characterization and literature retrieval),
perturbed cells. The emergence of transformer architecturddypothesis Generation (collaborative development of novel
represents the latest paradigm shift. These architectur@pproaches by role-based, self-re nement agent systems),
(Hao et al., 2024; Theodoris et al., 2023; Cui et al., 2024and Experiment Execution (code generation, training imple-
Levine et al., 2024) leverage pre-training at scale and selfnentation, and results analysis). All phases communicate
attention mechanisms to model complex gene dependenciégrough a shared knowledge graph that evolves throughout
without explicit biological structure. This theoretical di- the work ow.

versity creates a vast design space where selecting optimal

architectures, representation strategies, and biological con-

straints remains highly context-dependent.

Notations. LetX 2 R" 9 denote the matrix of single- )
cell pro les, wheren represents the number of cells and Figure 3:The scAgents protocol overviewThe protocol

d represents the dimensionality of the measured featurds@mework integrates JSON-RPC with a persistent knowl-
(including gene expression counts, chromatin accessibilitfd9€ graph, combining the strengths of A2A and MCP
or surface protein markers, depending on the modality). AProtocols while adding scienti c domain knowledge repre-
dataseD = f(x;;p;yi)gY, and atask descriptioh are ~ Sentation.

given, wheres; 2 RY represents the pre-perturbation pro le,

pi 2 P denotes the applied perturbation, and2 RY perturbation pro les.

corresponds to the observed post-perturbation pro le. ToE luati
verify the generalizability of our scAgents, we divide vaiuation.
iNto Dyrain = (X pi; yi)giNil andDyest = T (Xi; pi; Yi)giKzl )
wherep; 2 P st constitutes held-out perturbations and2
Xiest represents held-out cell pro les.

For evaluation, we assegs(x;; p;) for all

(Xi;pi) 2 Xtest P testand evaluate the quality of the learned

representationg (x) in terms of its ability to reconstruct

gene expression pro les. Our evaluation protocols incor-

porate metrics such as mean squared error, Pearson's cor-

relation coef cient, and perturbation consistency adapted

Problem Formulation. We formalize the challenge of from (Roohani et al., 2024a; Bendidi et al., 2024) to ensure

predicting cellular responses to perturbations as learning Biological signi cance. Appendix B provides a detailed

mapping function between pre-perturbation states and theixplanation of these metrics.

corresponding post-perturbation outcomes. Speci cally, for

each perturbatiop 2 P (e.g., gene knockout, drug treat-

ment, cytokine stimulus) applied to a subset of cells, weEvaluation. For evaluation, we assegs(x;;p;) for all

model the induced change in the cellular pro le as a function(X;; pi) 2 Xtest P testand evaluate the quality of the learned

fp:RY! RY, wheref ,(x) predicts the post-perturbation representationy (x) in terms of its ability to reconstruct

pro le of a cell x, potentially in a different modality. gene expression pro les. Our evaluation protocols incor-
. L . .. . porate metrics such as mean squared error, Pearson's cor-

The training objective involves learning a functién :

RS p1 R that generalizes effectively to unseen pertur_relatlon coef cient, and perturbation consistency adapted

. ; . ; from (Roohani et al., 2024a; Bendidi et al., 2024) to ensure
bations and cell states, wherds a trainable parameter(i.e., , . : o . i .
; : o biological signi cance. Appendix B provides a detailed
weights and biases). To capture intrinsic cell-state structure : )
; : . éxplanation of these metrics.
and enable ef cient modeling, we incorporate learnable en-
codersg : R4 ! R" where is a trainable parameter scAgents orchestrates an end-to-end scienti ¢ work ow into
andz = g (x;) 2 R" " represents the latent embedding a coherent framework (Figure 2): it autonomously (1) ana-
that preserves geometric relationships between control angizes dataset characteristics and identi es optimal modeling

perturbed states, thus facilitating accurate prediction of posstrategies, (2) designs neural architectures incorporating bi-
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ological knowledge about gene regulatory networks, and
(3) generates executable code implementing the complete
prediction pipeline, and evaluates prediction accuracy using
various metrics. Central to scAgents is a hybrid communi-
cation protocol combining JISON-RPC data exchange with
a persistent knowledge graph,which is further described in
Appendix A.3. This shared representation continuously in-
tegrates outputs from individual agents, enabling complex
reasoning chains while maintaining traceability throughout
the scienti ¢ process. Detailed information of agent com-

munication protocol are provided in Appendix E. The exactF'gure 4:The Graph-based discussion architecture and

con gurations, prompts, and outputs of each agent are Iisteé\r’g:ﬁ ?r\]’:;' b-(l;hliirlqsgnan %f?g:pelgcor: tr\ggr:guggi ggifgiisc;?gs
in Appendix A.2 and F. 9 g. ,

are updated, the agentic system will judge if current state
satisfy the stopping criteria. If not, each expert will re ne

2.1. Task Analy5|§ Module ) . . their ideas based on the self-critic's suggestions and other
The Task Analysis phase begins with comprehensive chagy e s viewpoint. This graph-based self-critic re nement

acterization of the scienti ¢ problem through three cOmpO-¢ntinyes until reaching the terminate state. Complete multi-
nents: rounds of discussions are in Appendix D.2.

Data Parser. This component extracts key metadata from

single-cell datasets, including perturbation types, gene fedAtegrity and characteristics, the Problem Investigator de-
tures, and cell populations. It standardizes informationnes research questions and analytical approaches, and the
across diverse modalities (RNA-seq, ATAC-seq, CITE-seqBaseline Assessor establishes reference models and bench-
and generates summary statistics to establish the data founarks. Their outputs are synthesized igenement Agent
dation. The parser identi es critical experimental param-that structures the analysis into a JSON le.

eters such as perturbation methods, organism details, and

cellular contexts without human intervention (detailed exAnalysis Report - At the core of our framework's perfor- -
amples in Appendix G.1). mance gains is its ability to autonomously discover opti-

mal model architectures for each speci ¢ perturbation task.
Agentic Retrieval. Our retrieval system combines a static Similar to how human experts approach new domains, the
corpus of 45 specialized articles with dynamic search capagents systematically analyze scienti c literature to identify
bilities through PubMed and GitHub APIs. Starting with an candidate architectures appropriate for the given data char-
initial queryQ©@ derived from the task description, the sys-acteristics. The Baseline Assessor speci cally evaluates dif-
tem employs Sentence-BERT (Reimers & Gurevych, 2019jerent model architectures (e.g. Transformers, GANs, VAEs,
embeddings and performs multi-layer retrieval alternatingMLPs, etc.) based on their strengths and limitations for the
between breadth- rst and depth- rst search strategies. Thearticular perturbation type and data modality. For each ar-
detailed algorithm and mathematical formulation are preehitecture component, the agent generates a comprehensive

sented in the Appendix D.1. analysis report detailing advantages, disadvantages, and suit-
ability for speci ¢ aspects of the task (e.g., handling sparsity
* BFS layer(t odd): Retrieves tofc documentsN; = in SCATAC-seq data). This literature-grounded comparative
TopK(Q®; mode = BFS). analysis forms the foundation for the Method Design mod-

ule, where expert agents collaboratively re ne these insights
* DFSlayer(t even): Follows highest-scoring paths from into optimized custom architectures.
Nt 1 in depth. )
2.2. Method Design Module
Document relevance is computed via cosine similarityOverview. This module produces a research plan through
ScoreQ; d) = %_ The retrieval terminates upon collaborative agent discussion, concurrently producing three
reaching any of three conditions: (1) maximum layersintégrated components: (1) data preprocessing strategies,
Lmax = 10, (2) query overlap exceeding thresholg 0:8,  (2) model architecture design, and (3) concrete model im-

or (3) document scores below= 0:5. Results are stored in  Plementation details. Architecture design involves textual
a vector database for subsequent access. descriptions of the neural network components selected

for the speci ¢ perturbation task and their theoretical jus-
Agent Collaboration. Three specialized ageridataset ti cations, while model design translates these concepts
Analyst Problem InvestigatqBaseline Assessprocess the into executable pseudocode. Unlike approaches that merely
retrieved information. The Dataset Analyst examines dataune hyperparameters of xed architectures, scAgents fun-
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