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Abstract

Designing multi-agent workflows is especially difficult in open-ended scientific
settings where tasks lack curated training sets, reliable scalar evaluation metrics, and
standardized interfaces between existing tools and agents. We propose AGENTCO-
OP, a retrieval-based synthesis framework that composes reusable skills, tools, and
external agents into executable workflows through typed artifact handoffs, then
applies bounded self-guided local repair to implicated components when execution
evidence indicates failure. In two open-world genomics case studies, AGENTCO-OP
composes independently developed scientific agents and external tool repositories
into auditable workflows without redesigning them or running global topology
search. It coordinates specialized agents for spatial transcriptomics and gene-
set interpretation to enable collaborative discovery from spatial transcriptomics
data, and builds a parallel workflow for cross-modality marker analysis on single-
cell multiome data. AGENTCO-OP can also import a searched workflow as a
structural prior and improve it by grounding nodes with retrieved components and
applying local repair, showing that synthesis and search are complementary. On six
coding, math, and question-answering benchmarks, AGENTCO-OP achieves the
best result on four benchmarks and the best average score under a unified backbone
setting, while consistently reducing per-task cost relative to multi-agent baselines.
Together, these results suggest that retrieval-based synthesis can extend automated
agentic workflow design beyond benchmark-optimized agent graphs to open-world
workflows built from existing agents, tools, and typed artifacts.

1 Introduction

Multi-agent LLM systems decompose complex tasks across specialized roles, tools, and prompts, and
have shown strong results on reasoning, coding, question answering (QA), and scientific analysis [Tran
et al.l 2025, [Hong et al., 2023} 'Wu et al., 2023|]. As these systems mature, the bottleneck has
shifted from constructing individual agents to designing interoperable workflows among them.
Recent automated methods such as ADAS [Hu et al.l [2024], AFlow [Zhang et al.| |2024], and
AgentSquare [Shang et al.| 2024] frame this design problem as searching over candidate topologies,
prompts, operators, or workflow programs, optimizing against a training set with a scalar evaluation
function. This formulation is powerful when representative tasks and reliable scalar signals are
available, and has shown strong results on standard QA, math, and coding benchmarks.

However, this search-based formulation becomes limiting for a broad class of real-world tasks.
In scientific domains, problems are often open-ended and rarely come with curated training sets,
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standardized test cases, or automatic evaluation functions that reflect scientific utility. In genomics,
for example, marker-gene interpretation through pathway or gene-set enrichment has no single
ground-truth answer; the same gene list can support multiple plausible interpretations depending on
tissue, cell type, disease context, database choice, and statistical threshold [Subramanian et al., 2005}
Wang et al.| 2025c]]. Such tasks are judged through heterogeneous intermediate evidence such as
statistical significance, biological plausibility, consistency with known markers, and provenance of
the analysis, which are hard to compress into a single reward, making repeated scoring of candidate
workflows expensive and often impractical.

A second challenge concerns interoperability rather than optimization. Many scientific domains
already have tool-augmented agents that experts have built and validated for specialized tasks, so
a substantial part of the challenge is coordinating independently developed systems rather than
creating new capabilities from scratch [Wei et al., 2025]. Such agents typically rely on incompatible
environments, expose different interfaces, and maintain separate provenance states, so simply placing
multiple agents together does not yield a coherent workflow. What is needed is a mechanism for
retrieving relevant components, aligning their interfaces, passing typed artifacts between them, and
repairing failed components using execution evidence.

We propose AGENTCO-OP, a framework that reframes automated multi-agent workflow design as
retrieval-based synthesis. Given a task specification, AGENTCO-OP retrieves relevant resources,
skills, tools, and external agents from curated libraries or user-provided repositories, assigns them
to specialized roles, aligns their input-output interfaces through typed artifacts, and synthesizes
them into an executable workflow as a directed graph. During execution, AGENTCO-OP monitors
heterogeneous evidence such as execution traces, validation checks, tool errors, and cost signals,
and triggers bounded evidence-guided local repair on implicated components rather than restarting
synthesis. This synthesis-first view produces workflows where scalar metrics are unavailable, reuses
prior engineering effort by composing existing skills, tools, and entire repositories of independently
developed agents, and confines local repair to failing components rather than repeating global search.

We evaluate AGENTCO-OP in both open-world scientific settings and standard benchmarks. The open-
world setting motivates the synthesis-first design, since benchmark-driven search is often impractical
when no curated benchmark or evaluation function is available. We study three representative
applications. First, AGENTCO-OP coordinates independently developed domain agents through a
serial repository handoff, composing TissueAgent and GeneAgent for differential expression and
gene-set interpretation on a developing human heart MERFISH dataset. Second, AGENTCO-OP
composes complementary domain workflows in parallel, integrating Seurat and Signac into a cross-
modality marker-discovery pipeline on PBMC multiome data. Third, AGENTCO-OP reuses existing
agent graphs by importing prior workflows, grounding their nodes with retrieved skills and tools, and
applying bounded local repair during execution. On six standard QA, mathematical reasoning, and
code generation benchmarks, AGENTCO-OP further achieves the best performance on four of the six
benchmarks under a matched backbone setting and the lowest average cost.

Our contributions are as follows.

1. We formulate automated multi-agent workflow design as retrieval-based synthesis for set-
tings where scalar rewards are weak or unavailable, and instantiate this view in AGENTCO-
OP, a framework that dynamically composes resources, skills, tools, and external agents into
executable workflows through typed artifact handoffs and bounded evidence-guided local
repair.

2. We demonstrate that AGENTCO-OP can coordinate independently developed scientific agents
and tool repositories in open-world genomics tasks. Given only a task specification and
GitHub links to relevant repositories, AGENTCO-OP automatically synthesizes interoperable
multi-agent workflows that support collaboration among heterogeneous methods.

3. We further show that synthesis and search are complementary by importing an AFlow-
searched agentic workflow on MBPP and improving it through retrieval grounding and
evidence-guided local repair.

4. On six coding, math, and QA benchmarks, AGENTCO-OP is competitive with search-based
agentic workflow design methods, achieving the best performance on four of six benchmarks
while consistently lowering test-time token cost.



2 Related Work

2.1 Multi-agent systems

Multi-agent LLM systems decompose tasks across agents with different roles, tools, and commu-
nication patterns. Role-based collaboration assigns agents complementary responsibilities, as in
CAMEL [Li et al.} [2023]], MetaGPT [Hong et al., 2023|], AutoGen [Wu et al., |2023]], and Agent-
Verse [Chen et al.| 2023|]. Deliberation-based systems improve reasoning by having multiple agents
propose, debate, or reconcile answers, as in LLM-Debate [Du et al., [2024]] and ReConcile [Chen
et al.;|2024]). Practical guides further codify manager-style coordination, handoffs, guardrails, and
subagents [[OpenAl, 2025bla, |Anthropic} 2025b]]. These works treat agents as composable building
blocks, but their workflow structures are still largely manually designed or template-based, which
limits their generalization to new tasks.

2.2 Automatic agentic workflow design

A growing line of work automates the design of agentic workflows. Early systems such as DyLAN
optimize team participation and communication through dynamic selection [Liu et al.| 2023]], and
GPTSwarm formulates agent collaboration as an optimizable graph [Zhuge et al. [2024]]. More
recent methods broaden the search space: ADAS searches over code-defined agents [Hu et al.,
2024, AFlow uses Monte Carlo Tree Search over executable workflow graphs from execution
feedback [Zhang et al., 2024], AgentSquare defines a modular space over planning, reasoning, tool
use, and memory [Shang et al.,[2024]], and MaAS introduces an agentic supernet that samples query-
dependent architectures [Zhang et al.| |2025]]. Related efforts further explore automatic workflow
generation and evolution, including Flow [Niu et al., |2025], EvoAgentX [Wang et al., 2025b],
SEW [Zhao et al.| 2025]], and AutoFlow [Li et al.,[2024]. These methods typically rely on repeated
proposal, execution, and evaluation under representative tasks and scalar feedback. AGENTCO-OP
targets a complementary setting where such feedback is weak, costly, or inaccessible, compiling
a coordinated workflow directly from available skills, prior agents, and task requirements, while
limiting runtime adaptation to bounded evidence-guided local repair.

2.3 Agent skills and tool use

A complementary line equips agents with externally specified capabilities. The Model Context
Protocol standardizes tool, resource, and prompt access across providers [Anthropicl 2024]. Building
on this, the Anthropic Agent Skills package procedural knowledge as portable folders loaded on
demand via progressive disclosure [[Anthropicl [2025af], with a recent survey systematizing the
paradigm [Bhardwajl 2026]. SkillFoundry mines heterogeneous resources into self-evolving skill
libraries with executable contracts [Shen et al., [2026]], and EvoSkills evolves multi-file skill packages
through co-evolutionary verification [Zhang et al.| 2026[]. Earlier tool-use work covers learned
invocation and large API retrieval [[Schick et al.,[2023| |Qin et al.| 2024, [Patil et al., [2024]]. These
works expose capabilities to agents but do not determine how they should be organized into task-
specific workflows. AGENTCO-OP builds on this direction by treating skills as typed, testable units
whose contracts are enforced during workflow synthesis and typed artifact handoff.

2.4 Scientific agents

LLM agents are increasingly applied to scientific discovery. SpatialAgent addresses spatial-biology
pipelines from panel design to hypothesis generation [Wang et al.l 2025al], and GeneAgent reduces
hallucinations in gene-set analysis through database-grounded self-verification [Wang et al., 2025c¢].
The Virtual Lab orchestrates a principal investigator and specialist agents to design experimentally
validated SARS-CoV-2 nanobodies [Swanson et al., 2025[. Biomni provides a generalist biomedical
action space [Huang et al.}[2025]], and STELLA self-evolves its template library and tool ocean [Jin
et al., 2025]]. Other systems target gene editing, perturbation design, and chemistry, including
CRISPR-GPT, BioDiscoveryAgent, and ChemCrow [Huang et al., 2024} [Roohani et al., 2025/ Bran
et al.,2024]). These agents offer powerful specialized capabilities, but are typically built as standalone
systems for specific task families. Composing them into multi-step, cross-modal, or interdisciplinary
workflows remains difficult because their interfaces, environments, outputs, and assumptions are not
aligned. AGENTCO-OP addresses this composition problem by wrapping specialized agents and
domain workflows as executable graph nodes, aligning them through typed artifacts, and synthesizing
coherent collaborative workflows.



3 Method

3.1 Problem formulation

We study the problem of automatically constructing multi-agent workflows for complex tasks. Given
a task specification x, the goal is to produce an executable workflow W that decomposes the task,
grounds each role in retrieved components, and coordinates communication through typed artifacts.
We represent a task specification as

z = (g,¢,1,9), ey

where g is the user goal, c is the task context, r specifies operational constraints such as available data,
budget, runtime, environment requirements, and desired output format, and €2 denotes task-specific
resources provided or required by the user, including documents, datasets, repositories, tools, external
agents, and existing agent graphs.

Traditional automated workflow design formulates the problem as search over a workflow space:
wW* = Eval(W; D 2
arg max val(W; D), )

where W is the candidate space, D is a benchmark or training set, and Eval is a scalar evaluation
function. This formulation is effective when representative tasks and reliable scalar metrics exist,
but many real-world and scientific tasks have no curated benchmark, no ground-truth output, and
no single scalar reward that captures workflow quality. Success instead depends on heterogeneous
evidence such as the validity of intermediate artifacts, correctness of tool use, scientific plausibility,
and ability to recover from failures.

We therefore formulate automated workflow design as a retrieval-based synthesis problem, in
which a workflow is composed from retrieved resources, skills, tools, and external agents. Let .S
denote a global library of reusable artifacts, partitioned into reference resources such as papers and
documentation, procedural agent skills, callable tools, and wrapped external agent repositories. Each
artifact carries a description and an I/O interface or typed artifact schema so that retrieved items can
be composed.

Then AGENTCO-OP synthesizes a workflow based on the retrieved artifacts:
W = SYNTHESIZE(z,S) £ (R, G, ¢,1I), 3)

where R is a set of agent roles, G is a dependency graph over roles, ¢ : R — 2° attaches a set of
artifacts to each role, and II specifies the interface protocol for communication between agents.

3.2 Method Details

Graph representation and workflow synthesis. Following prior work such as GPTSwarm [Zhuge
et al.| 2024] and Flow [Niu et al.| 2025]], we represent a multi-agent workflow as a directed graph
G = (V, E) in which each node is an agent with an assigned role belongs to R, and each edge
represents the direction in which information and intermediate artifacts flow between agents. The
interface protocol is governed by II in Eq.[3] AGENTCO-OP extends the graph representation in two
ways. First, a node can be an external agent or an end-to-end method wrapped in a Docker container,
so the graph can incorporate heterogeneous components without imposing a uniform native execution
environment. Second, every agent node is equipped with a set of skills and tools matched to its role,
and the mapping relationship is defined by ¢ in Eq.|3} Thus, a node carries not only an instruction but
also the procedural knowledge and callable operations needed to execute it.

To synthesize the workflow, AGENTCO-OP analyzes the input task specification and formulates a
retrieval plan. AGENTCO-OP then retrieves a set of task-relevant artifacts, including related materials
that inform the choice of workflow topology, agent skills that encode procedural knowledge, tools
that expose callable operations, and metadata and documentation from the external GitHub repository
if a GitHub repository URL is provided. AGENTCO-OP analyzes these artifacts to synthesize an
initial multi-agent workflow as a directed graph.

Evidence-guided local repair. During workflow execution, AGENTCO-OP continuously monitors
execution evidence such as logs, intermediate outputs, validation signals, tool errors, and cost signals.
A Reviewer triggers local repair when this evidence indicates failure or uncertainty. Local repair
consults a small set of repair policies and revises only the implicated nodes, attached skills and tools,
or communication edges, so AGENTCO-OP produces a patched graph G’ = (V' E’) rather than
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Figure 1: Overview of AGENTCO-0OP. AGENTCO-OP synthesizes multi-agent workflows through five
main stages: Planning, Retrieval, Synthesis, Execution, and Review. Given a typed task specification
x = (g,¢,1,Q), the system retrieves relevant knowledge, skills, tools, repositories, and datasets,
then synthesizes an executable workflow graph G = (V, E). The synthesis stage includes initial
graph construction, Dockerfile or executor wrapping, node grounding with skills and tools, and
interface alignment through standardized message and artifact schemas. During execution, the
reviewer monitors signals such as outputs, tests, tool behavior, budget, and interfaces. When failures
or uncertainty arise, AGENTCO-OP performs bounded local repair, producing a patched graph
G’ = (V' E') and the final task output. AGENTCO-OP supports three representative applications:
coordinating collaboration among domain-specific agents, composing domain workflows, and reusing
existing agent graphs.

restarting the entire synthesis pipeline. Repair stops when validation succeeds, the repair budget is
exhausted, or the maximum number of repair rounds is reached. This bounded, evidence-guided
adaptation allows the workflow to recover from issues that emerge only at execution time and would
be hard to anticipate during the initial synthesis.

Composition with domain workflows and search-based workflows. As shown in Fig. [I]
AGENTCO-0P accepts a GitHub repository URL and wraps the external workflow into a Docker
container. Following the approach of Repo2Run [Hu et al., [2025]], AGENTCO-OP builds the Docker
image, uses build feedback and available tests to revise the container specification, and synthesizes
or updates the Dockerfile together with accompanying documentation. The Docker container is
then plugged into the graph as an external agent node, with its inputs and outputs aligned through
the typed interface protocol. The same wrapping procedure applies to end-to-end methods, which
can be attached to agent nodes as tools. Together, these mechanisms let AGENTCO-OP reuse prior
engineering, resolve environment dependency conflicts through Docker, and enable independently
developed agents to collaborate on tasks that none of them could solve alone.

AGENTCO-O0P can also use an agent graph produced by a search-based agentic workflow design
method as an additional resource in 2. Rather than executing this graph directly, AGENTCO-OP
treats it as a reference structure that guides workflow synthesis. The framework then follows the
same synthesis process illustrated in Fig. [T} grounding graph nodes with retrieved skills and tools,
enforcing typed interface and execution constraints, and applying bounded evidence-guided local
repair during runtime.

4 Experiments

We evaluate AGENTCO-OP in two complementary regimes. First, we study three open-world
workflow composition tasks that motivate the synthesis-first design. The first task tests whether
AGENTCO-0P can coordinate independently developed domain agents by composing TissueAgent
and GeneAgent [Wang et al.| [2025c|] for differential expression and gene-set interpretation on a



developing human heart MERFISH dataset [Farah et al.,|2024]]. The second task examines parallel
composition of complementary domain workflows, integrating Seurat [Butler et al.| 2018] and
Signac [Stuart et al.;[2021] into a cross-modality marker-discovery pipeline on PBMC multiome data,
with marker quality evaluated against CellMarker 2.0 [Hu et al., 2023|] and PanglaoDB [Franzén et al.|
2019]. The third task evaluates whether AGENTCO-OP can reuse and improve a searched workflow
by importing a multi-agent graph produced by AFlow [Zhang et al.,2024]] on MBPP [Austin et al.,
2021]], then refining it through retrieval-based synthesis and bounded evidence-guided local repair.

We further evaluate AGENTCO-OP on six standard benchmarks spanning question answering (Hot-
potQA [Yang et al.l [2018]], DROP [Dua et al., |2019])), code generation (HumanEval [Chen et al.,
2021]], MBPP [Austin et al., 2021]]), and mathematical reasoning (GSM8K [Cobbe et al., |[2021]],
MATH [Hendrycks et al.l 2021]]). Following prior work [Zhang et al.,2024]], we use GPT-40-mini as
the base model for our method and matched-backbone baseline runs. We compare AGENTCO-OP
against three categories of baselines, including single-agent methods such as CoT [Wei et al., 2022],
CoT SC [Wang et al.| [2022], Self Refine [Madaan et al., [2023|], and MedPrompt [Nori et al.| 2023],
search-based multi-agent design methods such as ADAS [Hu et al.||2024]] and AFlow [Zhang et al.,
2024]], and predefined multi-agent collaboration methods such as MultiPersona [Wang et al.| 2024],
LLM-Debate [Du et al., [2024]], and Reconcile [[Chen et al., 2024]]. Beyond task performance, we
also analyze test-time and aggregate token cost of AGENTCO-OP against multi-agent collaboration
baselines to demonstrate its efficiency.

4.1 Coordinate Domain Agent Collaboration
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We leverage AGENTCO-OP to compose TissueAgent [ma-
compbio, 2025] and GeneAgent [Wang et al.l 2025c],
which are specialized agents for spatial transcriptomics
analysis and gene-set analysis, respectively. Given only
the task description and the GitHub repository URLs for
the two agents, AGENTCO-OP profiles both repositories,
builds isolated Docker containers, registers each container
as an external workflow node, and synthesizes the collab-
orative workflow shown in Fig. [B|with an explicit broker- ‘== -=-----=---=---------- ’

GeneAgent
Interpret gene set and summarize

:lEl Typed gene set input :
Integrator

Q
[&& Combine evidence into final report

mediated typed handoff between marker discovery and
gene-set interpretation.

The synthesized workflow executes in four steps. First,
the upstream TissueAgent node loads the MERFISH ob-
ject, identifies 576 target aFibro cells in the AVN/AV ring
community and 5,685 control aFibro cells in the left and
right atria communities, and performs differential expres-
sion analysis, yielding 53 upregulated markers. Second,
the Broker node validates the marker table and converts

Figure 2: AGENTCO-OP orchestrates
domain agents for collaborative bio-
logical analysis. Given a developing
human heart MERFISH dataset and a
task description, AGENTCO-OP prepares
the domain-agent environment by profil-
ing repositories and building containers,
then coordinates a collaborative work-
flow for TissueAgent and GeneAgent.

it into a structured input while preserving all 53 genes, ensuring that the downstream GeneAgent
node receives typed evidence rather than an unstructured free-text list. Third, GeneAgent interprets
the 53 markers without re-running differential expression and annotates them as an AV canal- and
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Figure 3: AGENTCO-OP coordinates external tools for cross-modal marker discovery. AGENTCO-OP
registers external Seurat and Signac tool nodes, runs parallel RNA and ATAC marker-discovery
branches, validates typed artifacts, evaluates marker support against CellMarker 2.0 and PanglaoDB,
and integrates the evidence into a final report.

node-associated fibroblast program. Finally, the Integrator combines the differential expression
evidence with the GeneAgent interpretation and concludes that AVN/AV ring aFibro cells represent
a developmentally specialized, ECM-rich, conduction-niche-associated state rather than generic
atrial stroma. This result demonstrates that AGENTCO-OP can coordinate independently developed
scientific agents into a coherent collaborative workflow to solve an end-to-end scientific analysis task
without requiring global workflow search or redesigning either repository.

4.2 Compose Domain Workflows

We then evaluate whether AGENTCO-OP can compose independently developed domain workflows to
solve a collaborative cross-modality analysis task. The task asks whether integrating marker signals
from paired RNA and chromatin accessibility modalities can improve cell-type marker identification
on multiome data. Solving this task requires scRNA-seq analysis to identify expression-based markers
and scATAC-seq analysis to identify accessibility-based markers, since the two modalities provide
partially overlapping but non-identical evidence of cell identity. It naturally requires coordination
between RNA and ATAC analysis workflows. As such, this task provides a direct test of whether
AGENTCO-0P can synthesize a coherent cross-modality workflow from modality-specialized domain
repositories and integrate complementary evidence across modalities.

We leverage AGENTCO-OP to compose Seurat [Butler et al.l 2018|] and Signac [Stuart et al., |2021]],
which are widely used workflows for single-cell RNA-seq and ATAC-seq analysis respectively. Given
the task description, the PBMC multiome dataset from 10x Genomics, and the GitHub repositories
and tutorials of the two workflows, AGENTCO-OP builds two separate Docker containers from the
Seurat and Signac GitHub repositories, registers them as execution nodes, and synthesizes a parallel
workflow followed by a join step as illustrated in Fig.[3] The Seurat node runs the FindAllMarkers
function on the gene expression assay, and the Signac node runs the GeneActivity function followed
by the FindAllMarkers function on the chromatin accessibility assay. The evaluator collects identified
marker sets from both nodes, computes their intersection and union per cell type, and evaluates
them against CellMarker 2.0 and PanglaoDB [Hu et al.| 2023, |[Franzén et al., |2019], two established
cell-type marker databases. The intersection captures jointly supported markers and is evaluated for
precision, while the union captures all recovered markers and is evaluated for recall.

The results are shown in Tab.[Il Across both refer- Table 1: Macro precision and recall of cross-
ence databases, combining the two modalities im- modality marker integration on the PBMC mul-
proves both macro precision and recall over either tiome dataset, evaluated against two marker
single modality, and this trend holds at the per-cell- gene databases. Precision is computed on the
type level for the majority of cell types. This shows intersection and recall on the union of the two
that AGENTCO-OP can compose existing domain modalities. RNA and ATAC report each modal-
workflows to integrate complementary evidence. ity alone. Combined reports the cross-modality
More details are illustrated in App. result. Bold marks the best result.

Database Metric RNA ATAC Combined

Precision 0.195 0.110 0.303
Recall 0.102 0.061 0.124

4.3 Reuse Existing Agent Graphs

. CellMarker 2.0
We further show that AGENTCO-OP can import an

existing predefined agent graph as a reference to  p, 1. Precision 0.231 0.131  0.333
synthesis the workflow. We take the multi-agent PnsleoP Recall 0097 0054 0117
graph produced by a trained AFlow search and feed

it into AGENTCO-OP as additional resources in €2,

then AGENTCO-OP can retrieve the artifacts, resynthesize the agent graph and interface protocol,
attach retrieved skills and tools to the agent nodes and apply bouneded local repair during execution.
We evaluate the resulting workflow on the MBPP benchmark [Austin et al.| 2021f]. The results are




reported in Tab. 2] AFlow + AGENTCO-OP outperforms both AFlow alone and AGENTCO-OP built
from scratch, which confirms that synthesis and search are complementary. The imported graph
contributes a strong reference resource, while AGENTCO-OP contributes resource grounding and
runtime adaptability that pure search does not provide.

4.4 Benchmarks

The benchmark results are shown in Tab.[3] For GSM8K Table 2: MBPP performance of different
and MATH, we report the Solve Rate (%)as the pri- agentic workflow design strategies. Bold
mary metric. For HumanEval and MBPP, we report the indicates the best pass@1 score. Initializ-
pass@ 1 metric to assess code accuracy. For HotpotQA ing AGENTCO-OP from AFlow searched
and DROP, we report the F1 Score. Without any training graph improves performance compared
or workflow-search stage, AGENTCO-OP achieves the with initializing it from scratch.

best performance on four of the six benchmarks and

ranks first on the average score under the matched back- Strategy pass@1
bone setting. This competitiveness is consistent with AFlow 78.2
AGENTCO-0P’s synthesis-first design: It starts from AGENTCO-0P (From Scratch) 87.1
reusable workflow priors, including skills, roles, mo- AFlow + AGENTCO-OP 87.5

tifs, typed handoffs, and repair policies, which already

encode many of the structures search methods have to discover through expensive trial and error.
Search-based methods typically optimize one persistent workflow for a task distribution, whereas
different benchmark instances often require different checks, decompositions, or repair actions.
Instead of searching for one workflow that works best on average, AGENTCO-OP adapts the workflow
locally for each problem when execution evidence indicates failure or uncertainty.

Table 3: Performance comparison of different methods on six benchmarks spanning QA, code, and
math, using GPT-40-mini as the backbone model. Bold indicates the best result. The original AFlow
paper mixes multiple backbone models, and AFlow* denotes the results reported by its authors. For a
fair comparison, we rerun AFlow using GPT-40-mini only, reported as AFlow (GPT-40-mini).

Method Benchmarks Ave,
HotpotQA'  DROP HumanEval MBPP GSMS8K MATH
10 (GPT-40-mini) [Hurst et al.|[2024] 68.1 68.3 87.0 71.8 92.7 48.6 72.8
CoT |Wei et al.|[2022] 67.9 78.5 88.6 71.8 92.4 48.8 74.7
CoT SC (5-shot)|Wang et al.|[2022] 68.9 78.8 91.6 73.6 92.7 50.4 76.0
MedPrompt Nori et al.|[[2023] 68.3 78.0 91.6 73.6 90.0 50.0 75.3
MultiPersonaWang et al.|[2024] 69.2 74.4 89.3 73.6 92.8 50.8 75.0
Self Refine Madaan et al.|[2023] 60.8 70.2 87.8 69.8 89.6 46.1 70.7
ADAS Hu et al.[[2024] 64.5 76.6 82.4 534 90.8 354 67.2
AFlow*|Zhang et al.|[2024] 73.5 80.6 94.7 83.4 93.5 56.2 80.3
LLM-Debate Du et al.|[2024] 71.8 81.4 91.4 70.7 92.4 50.0 76.3
ReConcile|Chen et al.|[2024] 73.8 82.1 89.3 70.3 93.7 44.1 75.6
AFlow (GPT-40-mini)|Zhang et al.|[2024] 71.4 68.9 89.3 78.2 86.8 53.1 74.3
AGENTCO-0P (GPT-40-mini) 76.5 77.2 90.2 87.1 94.4 58.2 80.6

4.5 Cost Analysis

We further record the token cost of each method on every benchmark, with results shown in Tab. [Z_f}
AGENTCO-0P is substantially more efficient than the multi-agent baselines, and its test-time cost is
lower than ReConcile on all six benchmarks and lower than LLM Debate on five of six benchmarks.
Search-based methods such as AFlow consume additional tokens and time exploring, evaluating, and
optimizing candidate workflows on training set before producing a final design. Discussion-based
methods such as LLM-Debate and ReConcile incur repeated rounds of inter-agent communication for
every task instance, which compounds quickly as the number of tasks grows. AGENTCO-OP avoids
both of these patterns. AGENTCO-OP separates workflow synthesis from workflow repair. Synthesis
produces a reusable initial workflow, while repair performs bounded, instance-specific local repair
during execution time. AGENTCO-OP modifies the workflow graph only for the current instance
and the modifications will be discarded afterward. This design allows AGENTCO-OP to adapt to
heterogeneous problem instances without overfitting the global workflow or requiring expensive
resynthesis.



Table 4: Per-dataset performance and cost comparison across methods. Costs are aggregated over
the entire benchmark dataset. A dash in the Train Cost column indicates that the method requires no
workflow search or training stage.

Dataset Method Score Train Cost Test Cost Total Cost
LLM Debate 71.8 - $1.5200 $1.5200
ReConcile 73.8 - $3.7600 $3.7600
HotpotQA  \ Ejow 200 $4.6104  $1.3398  $5.9502
AGENTCO-0P 76.5 - $0.4284 $0.4284
LLM Debate 81.4 - $0.7200 $0.7200
DROP ReConcile 82.1 - $1.6800 $1.6800
AFlow 68.9 $1.6798 $0.3235 $2.0033
AGENTCO-0P 77.2 - $0.3853 $0.3853
LLM Debate 91.4 - $0.1572 $0.1572
HumanEval ReConcile 89.3 - $0.4061 $0.4061
AFlow 89.3 $0.2258 $0.0371 $0.2629
AGENTCO-0P 90.2 — $0.1062 $0.1062
LLM Debate 70.7 - $0.1705 $0.1705
MBPP ReConcile 70.3 - $0.7502 $0.7502
AFlow 72.4 $0.3475 $0.1152 $0.4627
AGENTCO-OP 87.1 - $0.1791 $0.1791
LLM Debate 924 - $1.6880 $1.6880
ReConcile 93.7 - $1.8990 $1.8990
GSMBK s Flow 868  $0.0469  $02000  $0.2469
AGENTCO-OP 94.4 - $0.2537 $0.2537
LLM Debate 50.0 - $1.7982 $1.7982
MATH ReConcile 44.1 - $1.6038 $1.6038
AFlow 53.1 $0.0781 $0.2691 $0.3472
AGENTCO-OP 58.2 - $0.3670 $0.3670

5 Limitations and Future Work

We acknowledge several limitations of this study. First, our current evaluation of domain-agent col-
laboration remains within a single scientific domain and two genomics-centered case studies. Future
work could extend this setting to interdisciplinary synthesis and cross-domain agent collaboration.
Second, the framework still depends on the quality of the available domain resources, including
specialized agents, skills, and tools. Coordination failures may occur when agents produce poorly
specified outputs, expose incompatible interfaces, or generate intermediate artifacts that are difficult
to validate. Third, bounded local repair improves robustness but does not guarantee global optimal-
ity; a locally repaired workflow may still miss a better global organization. Fourth, the biological
case studies demonstrate auditable workflow composition, but their scientific conclusions should be
interpreted as computational analyses that require expert review and, where appropriate, orthogonal
validation. In future work, we plan to extend AGENTCO-OP toward more adaptive organization
discovery, stronger verification of intermediate outputs, richer memory and provenance tracking,
more explicit typed artifact schemas, and broader integration with domain-specific agent libraries.

6 Conclusion

In summary, AGENTCO-OP introduces a retrieval-based synthesis paradigm for automatic multi-agent
workflow design. Rather than relying on benchmark-driven global search, AGENTCO-0OP dynamically
composes skills, tools, roles, and external agents into task-specific workflows, coordinates them
through typed artifact handoffs, and refines implicated components through bounded evidence-guided
local repair. Our results show that workflow synthesis can remain competitive with search-based
design methods on standard benchmarks while reducing test-time token cost relative to discussion-
based multi-agent baselines. More importantly, this paradigm is better aligned with real-world
scientific domains, where benchmarks are often inaccessible, prior workflows already exist, and
interoperability among heterogeneous agents is essential. In two biological analysis case studies,
AGENTCO-0P demonstrates how independently developed agents and domain methods can be
coordinated to answer biologically meaningful questions that require multiple complementary forms
of expertise without redesigning the underlying repositories or performing global topology search.

More broadly, this work suggests that progress in scientific agents will depend not only on building
stronger specialized agents, but also on developing methods for organizing, composing, and adapting
heterogeneous agents into reliable collaborative systems. Scientific workflows are rarely solved
by a single capability; they require coordinated expertise across multiple tasks and domains. By



treating workflow construction as an organization synthesis problem, AGENTCO-OP provides a
practical path toward a reusable, cooperative, and extensible ecosystem of specialized scientific
agents, where existing expertise can be composed, verified, and reused to address increasingly
complex cross-domain discovery challenges.
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A Appendix

A.1 Methods

A.1.1 Planning and Retrieval

Planning. The Planning stage analyzes the typed task specification = = (g, ¢, r, ) and formulates
a retrieval plan that determines what knowledge is needed to solve the task. Concretely, AGENTCO-
OP decomposes the user goal g into sub-goals consistent with the task context c, identifies the
operational constraints in r that must be respected during synthesis, including runtime, budget,
environment requirements, and desired output format, and inspects the resources in §2 to decide which
entries should be wrapped as execution nodes and which can be referenced as documents or datasets.
The retrieval plan therefore acts as a specification of what AGENTCO-0OP should look up before
constructing the graph, separating the decision of what fo retrieve from the actual retrieval calls.

Retrieval. Guided by the retrieval plan, AGENTCO-OP gathers task-relevant artifacts from het-
erogeneous sources. Reference resources, including research papers and curated documentation,
inform the choice of workflow topology by providing concrete examples of how similar problems
have been decomposed. Agent skill libraries, such as SkillHub and SkillFoundry, supply procedural
knowledge encoded as portable skill packages. Tool registries expose callable operations such as
database queries, plotting routines, or domain-specific functions. For each external repository URL
provided in 2, AGENTCO-OP additionally retrieves the repository metadata and documentation,
including README files, tutorials, and example scripts, which are later used both for synthesizing
the Docker container and for grounding the corresponding executor node. The retrieved artifacts
populate the global library S from which the workflow is later composed.

A.1.2 Synthesis

Initial graph construction. The Synthesis stage begins by producing an initial directed graph
G = (V, E) from the retrieved artifacts and task specification. Topology decisions are informed by
retrieved reference workflows for related problems and by the structure of any imported agent graph
in Q2. AGENTCO-OP also decides whether the graph should be linear, parallel, or a mixed topology
based on data dependencies in the task, for example assigning two modality-specific analyses to
parallel branches when their inputs are independent and joining them at a downstream evaluator.

Node grounding. After the topology is fixed, AGENTCO-OP grounds each node by attaching a set
of skills and tools matched to its role, defined by the mapping ¢ : R — 2° in Eq.[3| Matching is
performed by scoring candidate skills and tools against the role description and the upstream and
downstream artifact types of the node, and selecting the top-ranked entries. As a result, every node
carries not only an instruction but also the procedural knowledge and callable operations needed to
execute it, which both reduces prompt-engineering load and enforces consistency across instances of
the same role.

Dockerfile synthesis. For each external repository or end-to-end method that needs to be wrapped
as an execution node, AGENTCO-OP builds an isolated Docker container following Repo2Run [Hu
et al., [2025]]. The procedure is iterative: AGENTCO-OP drafts a Dockerfile from the retrieved
repository metadata, attempts to build the image, and on failure inspects the build log to revise the
dependency list, base image, or build commands. Available repository tests and example scripts
are then executed inside the container as a smoke check; recurrent failures trigger a further revision
round. The same wrapping procedure also applies to end-to-end methods that are not full agentic
workflows. Such methods are still packaged into Docker containers, but AGENTCO-OP attaches them
to existing agent nodes as callable tools rather than instantiating them as standalone executor nodes,
which avoids unnecessary inter-node communication for components that only expose a single entry
point.

Interface synthesis. Finally, AGENTCO-OP synthesizes the interface protocol II that governs
communication along each edge of G. Every communication step is described by a structured
message that records the sender, the receiver, a short summary, the main message body, and the
path of any typed artifact passed between the two nodes. Typed artifacts include validated marker
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tables, structured gene-set inputs, intermediate code files, and tool outputs serialized as JSON. The
schema is enforced by the Broker nodes shown in Fig. |1} which validate that the artifact produced
by an upstream node satisfies the expected schema before it is consumed downstream. This explicit
schema is what allows independently developed components, including Docker-wrapped repositories,
to exchange information through validated artifacts rather than free-form text.

A.1.3 Review Loop

Detect. AGENTCO-OP aggregates execution evidence into a small set of structured signals. Output
signals capture node-level results and judge confidences, test signals capture pass and fail counts
on validation cases, tool signals capture tool invocation errors and missing outputs, budget signals
capture accumulated token cost relative to the per-task budget in 7, and interface signals capture
schema mismatches between artifacts produced by an upstream node and the schema expected by
a downstream node. AGENTCO-OP flags a node as failing or uncertain when one or more of these
signals cross a policy-specific threshold.

Decide. AGENTCO-0OP then matches the observed evidence pattern against a small set of repair
policies. Each policy maps an evidence pattern to a repair action. Examples include retrying with
an updated prompt when a judge node returns low confidence, adding a parallel solver when a code
node has persistent test failures, swapping the backend when tool errors recur on the same external
service, and reformatting the output of an upstream node when a downstream artifact violates its
schema. Policies are evaluated in priority order, and the first matching policy determines the action
passed to the Repair step.

A.2 Experiments
A.2.1 Ablation Study

To verify the contribution of each component in AGENTCO-OP, we conduct an ablation study with
results reported in Tab. [5} After removing the runtime local repair, most benchmarks show a drop
in accuracy. The remaining two benchmarks fluctuate within a small margin, which suggests that
local repair contributes most when tasks involve longer reasoning chains or precise generation. When
we further remove agent skills and tools, the performance on most benchmarks remains close to the
AGENTCoO-0P without local repair. We attribute this to the nature of the standard benchmarks used
here, which mainly require general reasoning and coding ability rather than specialized procedural
knowledge or external operations. Agent skills and tools therefore have limited room to improve
performance in this setting, although they are essential in the open-ended scientific scenarios.

Table 5: Ablation study on the components of AGENTCO-0OP. AC-Full is the complete AGENTCO-OP
system; AC-NoLocalRepair removes runtime gates and local repair; AC-Minimal removes agent
skills, tools, runtime gates and local repair. All values are accuracy (%); bold marks the best result in
each column.

Benchmarks

Variant Avg.
HotpotQA  DROP HumanEval MBPP GSM8K MATH
AC-Full 76.5 71.2 90.2 87.1 94.4 58.2 80.6
AC-NoLocalRepair 76.6 71.4 87.9 86.8 93.2 56.6 79.8
AC-Minimal 76.0 71.0 88.6 86.0 93.9 51.7 78.9

A.2.2 Coordinate Domain Agent Collaboration

For this task, we evaluate whether AGENTCO-OP can coordinate independently developed domain
agents to solve a collaborative scientific analysis problem. The biological question asks whether
aFibro cells in the AVN/AV ring cellular community exhibit a distinct transcriptional program
compared with aFibro cells in the left atria and right atria communities in a developing human heart
MERFISH dataset [Farah et al.,|2024]]. Answering the question requires more than generic cell-type
comparison: the workflow must identify spatially localized differential expression signals and then
interpret the resulting marker genes to characterize the resulting transcriptional program.
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Table 6: Summary of the serial collaboration case study.

Item

Result

External repositories
Workflow type

Dataset

Dataset size

Target group

Control group

Primary differential expression
Primary marker rule
Primary marker count
Sensitivity marker count
Sanity check genes
Broker output
GeneAgent label

Final interpretation

TissueAgent and GeneAgent

Linear handoff through a validated marker gene artifact

Developing human heart MERFISH AnnData object

228635 cells and 238 genes

576 aFibro cells in the AVN/AV ring community

5685 aFibro cells in the Left Atria and Right Atria communities
Welch testing with Benjamini Hochberg correction

Adjusted P < 0.05 and positive log, fold change

53 AVN/AV ring upregulated markers

46 markers with a Mann Whitney test

DES, HAND2, IGFBP5, MYH6, MYH7, and NELL2 were all recovered
Structured GeneAgent input with 53 genes and zero dropped genes
AV canal and node associated fibroblast program

AVN/AV ring aFibro cells support a specialized developmental and

conduction associated state rather than generic atrial stroma

This setting requires AGENTCO-OP to synthesize a collaborative workflow that composes two inde-
pendently developed agents: TissueAgent and GeneAgent. TissueAgent is a role-based multi-agent
framework that turns open-ended natural-language spatial transcriptomics requests and multimodal
inputs into auditable, runnable workflows [ma-compbio} |2025]]. GeneAgent is an agent for gene-set
analysis that reduces hallucinations by autonomously interacting with biological databases to verify its
own outputs [Wang et al.,|2025c|]. Together, these agents provide complementary expertise, but they
were developed independently and expose different repositories, interfaces, execution environments,
and output formats.

Therefore, this task is also significant from an agent-composition perspective. No single specialized
agent is sufficient on its own: spatial transcriptomics analysis is needed to load the MERFISH
data, select the relevant cellular communities, and perform differential expression, while gene-
set interpretation is needed to determine whether the marker genes correspond to a meaningful
biological program. The task naturally requires collaboration between a spatial transcriptomics agent
and a gene-set analysis agent, making it a direct test of whether AGENTCO-OP can synthesize a
coherent workflow across independently developed scientific agents with different inputs, outputs,
and execution environments.

Given the task description, the two external GitHub repositories, and the public MERFISH dataset,
AGENTCO-0P compiles a serial collaborative workflow. The synthesized workflow consists of repos-
itory profiling, sandbox construction, agent registration, TissueAgent execution, broker validation,
GeneAgent execution, integration, and reporting. The workflow is linear because GeneAgent depends
on the marker-gene artifact produced by the upstream differential expression analysis. To bridge this
interface, the Broker validates the TissueAgent marker table and converts it into a structured JSON
input containing all 53 human genes, with zero genes dropped. As a result, GeneAgent receives the
marker set as a typed artifact rather than an unstructured free-text list.

The upstream execution loaded the MERFISH AnnData object without synthetic fallback. The
object contained 228635 cells and 238 genes. The detected annotation fields were populations,
communities, and sample_id. The target group was aFibro cells in the AVN/AV ring community.
The control group was aFibro cells in the Left Atria and Right Atria communities. The target group
contained 576 cells. The control group contained 5685 cells. The target cells were 295 in R78_4C12
and 281 in R77_4C4. The control cells were 2378 in R77_4C4, 1849 in R78_4C12, and 1458 in
R78_4C15.

The primary analysis normalized expression to a total count of 10000 per cell and then applied log
transformation. Differential expression used Welch testing across the 238 MERFISH genes. Multiple
testing correction used Benjamini Hochberg adjustment. The resulting marker list began with DES,
MYHS6, IGFBP5, MYH7, HAND2, HCN4, TBX3, NELL2, COL9A2, and CD34. A sensitivity run
used the Mann Whitney test and returned 46 markers. We report the Welch result as the primary
analysis because it was the executed primary configuration. We report the Mann Whitney result as a
sensitivity analysis because it shows that the exact marker count changes with the test choice.
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Table 7: GeneAgent interpretation of the validated marker genes.

Subprocess Supporting genes reported by GeneAgent

AV canal and conduction system speci- TBX3, TBXS, NKX2-5, HAND2, HCN4, HEY 1, IRX4, SEMA6D
fication
Extracellular matrix synthesis and re- POSTN, FBLN2, FMOD, COL9A2, MMP11, CTSV, IGFBPS,

modeling TPBG

Epicardial and mesenchymal lineage TCF21, WT1, PDGFRA, PRRX1, CD34, MECOM, TSHZ2
identity

Contractile and ion channel signals MYH6, MYH7, TTN, DES, CACNA1C, KCNH2, RRAD, CNN1

Neurogenic and axon guidance cues NELL2, NRXN1, NEFL, NTS, PENK, SERPINI1, ADGRLI1,
BRINP3, SLC1A3, ADM

Developmental morphogen patterning ~ BMP2, INHBA, RSPO3, SFRP1, HHIP, BAMBI, CRABP2,
MSX?2

GeneAgent returned Markdown and JSON reports. Its self verification field listed Gene Ontology Bio-
logical Process, Reactome Pathways, UniProt and NCBI Gene summaries, Human Protein Atlas, and
literature evidence on AV canal and AV node development. The final integrator combined the differen-
tial expression evidence and the GeneAgent report. It also retained caveats about cardiomyocyte-like
transcripts, possible spatial admixture, and the need for orthogonal validation. These caveats are
important because genes such as MYH6, MYH7, TTN, and DES may reflect proximity to nodal or
transitional myocardium. The main systems conclusion is not affected by this caveat. AGENTCO-OP
converted two external repositories into coordinated execution nodes and preserved an auditable
handoff from marker discovery to gene set interpretation.

A.2.3 Compose Domain Workflows

For this task, we evaluate whether AGENTCO-OP can compose existing domain workflows to solve
a collaborative cross-modality analysis problem. The biological question asks whether integrating
cell-type marker signals from paired RNA and chromatin accessibility modalities can yield more
reliable cell-type marker identification than either modality alone on a single-cell multiome dataset.
Answering this question requires more than running a single analysis pipeline. The workflow needs
to independently identify markers from gene expression and from chromatin accessibility, and then
reconcile their outputs against curated cell-type marker references.

This setting requires AGENTCO-OP to synthesize a collaborative workflow that composes two domain
workflows, Seurat and Signac. Seurat is a widely used analysis framework for single-cell RNA-seq
that supports normalization, clustering, and differential expression on gene expression assays [Butler
et al., [2018]]. Signac extends single-cell analysis to chromatin accessibility, providing modality-
specific quality control and a GeneActivity function that summarizes accessibility into per-gene
scores [Stuart et al., 2021]]. Together, the two packages provide complementary expertise on the
two modalities, but they are maintained as separate repositories with distinct dependencies, and
integrating them into an automated workflow typically requires manual scripting and environment
management.

Therefore, this task offers a meaningful workflow-composition perspective. The two modality-specific
workflows can be executed in parallel since neither workflow consumes the other’s output, while their
results still need to be reconciled at the cell-type level to evaluate the integrated marker set. The task
therefore naturally requires parallel coordination of two domain workflows followed by a join step,
making it a direct test of whether AGENTCO-OP can synthesize a coherent cross-modality workflow
across existing domain repositories with different inputs and execution environments.

The inputs to the task include the Seurat and Signac GitHub repositories and official tutorials, the
10x PBMC multiome data files, the Hao PBMC reference data [Hao et al.| [2021]], and two marker
databases, CellMarker 2.0 and PanglaoDB. AGENTCO-0OP compiles a parallel-then-join workflow
with repository profiling, sandbox preparation, agent registration, data inspection, independent Seurat
and Signac execution, broker validation, marker set evaluation, integration, and reporting. The broker
records two valid typed handoffs, so the cross-modality result is evaluated through structured artifacts
rather than free text.

18



Table 8: PBMC workflow and marker discovery summary.

Quantity Value

Dataset 10x Genomic multiome dataset for human PBMCs
Assays Gene expression and chromatin accessibility
Raw cells 11909

Post-QC cells 11070

Annotated cells before marker filter 5000

Cells used for marker discovery 4777

Cell types used for marker discovery 22

RNA marker rows 26353

ATAC gene activity marker rows 45731

Top markers per modality and cell type 50

Mean RNA and ATAC intersection size ~ 11.55

Mean RNA and ATAC union size 88.45

Mean Jaccard index 0.133

Table 9: Macro precision and recall results for the PBMC case study.

Database Cell types Pr Prna Patac Ry RrNna  Ratac
CellMarker 2.0 22 0.303  0.195 0.110  0.124  0.102 0.061
PanglaoDB 22 0.333  0.231 0.131 0.117  0.097 0.054

The intended annotation path transfers celltype.12 labels from the Hao reference. This path
does not complete on the execution host, triggering AGENTCO-OP’s self-correction, which switches
to a SingleR-based fallback with the MonacolmmuneData reference. The fallback produces 5000
annotated cells with 27 fine immune labels. After applying a minimum of 30 cells per label to ensure
stable marker discovery, 4777 cells across 22 labels are retained for marker discovery. As a result,
the quantitative evaluation reflects Monaco-derived immune labels rather than Hao celltype.12
labels. A summary of the workflow and marker discovery statistics is provided in Tab.[8]

For each evaluated cell type, the evaluator constructs four marker sets, namely RNA markers, ATAC
gene activity markers, their intersection, and their union. For a predicted marker set M/ and a database
marker set D, precision is computed as |M N D|/|M| and recall as |M N D|/|D|. The precision
comparison uses the intersection, RNA, and ATAC marker sets, and the recall comparison uses the
union, RNA, and ATAC marker sets. The macro-averaged scores across cell types are summarized in
Tab.[9] At the per-cell-type level, on CellMarker 2.0, the intersection improves precision over both
single modalities for 17 of 22 cell types, and the union improves recall over both single modalities for
16 of 22 cell types. On PanglaoDB, the intersection improves precision for 15 of 22 cell types, the
union improves recall for 18 of 22 cell types. AGENTCO-OP thus composes two specialized domain
repositories into coordinated parallel execution nodes and aligns their cross-modality marker outputs.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [Yes], ,or [N/A].

* [N/A] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for [IN/A]).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will also be asked to include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While [Yes] is generally preferable to , it is perfectly acceptable to answer provided a
proper justification is given (e.g., error bars are not reported because it would be too computationally
expensive” or “we were unable to find the license for the dataset we used”). In general, answering

or [N/A] is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
¢ Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims of the paper are demonstrated by the theoretical and experi-
mental results in Sections 3 and 4, which are consistent with the claims made in the abstract
and introduction. The paper does not make any claims that are not supported by the results.

Guidelines:
e The answer [N/A ] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: The limitations are discussed in the Limitation and future works section.
Guidelines:
* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.
* The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [N/A]
Justification: The paper does not include any heoretical results.
Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

¢ All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Yes, we have provided detail method descriptions and figure of the workflow
pipeline.

Guidelines:
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The answer [N/A] means that the paper does not include experiments.

If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: The data is open-sourced and the code will be released upon publication. The
instructions for reproducing the main experimental results are provided in the paper.

Guidelines:

The answer [N/A| means that paper does not include experiments requiring code.

Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

While we encourage the release of code and data, we understand that this might not
be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.
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* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: The datasets and benchmarks are fully open-sourced. We use the same data
processing method and split as previous work.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [N/A]
Justification: We do not show the error bars in the experiments.
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

o If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide cost analysis in the experiment section.
Guidelines:

* The answer [N/A] means that the paper does not include experiments.
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9.

10.

11.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: We have reviewed the NeurIPS Code of Ethics and confirm that our research
conforms to it in every respect.

Guidelines:

e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We provide the broader impacts of our work in the discussion.
Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?
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Answer: [N/A]
Justification: The paper does not have any safety risk.
Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All the code, data, and models used in or related to this work are properly cited
and discussed.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]
Justification: This paper does not release new assets during the review process.944
Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
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15.

16.

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]

Justification: The paper does not involve crowdsourcing nor research with human subjects.
The datasets used in this paper are publicly available.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research

with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]
Justification: The core method development in this research does not involve LLMs.
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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