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Abstract

We present SCPILOT, the first systematic framework to practice omics-native rea-
soning: a large language model (LLM) converses in natural language while directly
inspecting single-cell RNA-seq data and on-demand bioinformatics tools. SCPI-
LOT converts core single-cell analyses, i.e., cell-type annotation, developmental-
trajectory reconstruction, and transcription-factor targeting, into step-by-step rea-
soning problems that the model must solve, justify, and, when needed, revise with
new evidence. To measure progress, we release SCBENCH, a suite of 9 expertly
curated datasets and graders that faithfully evaluate the omics-native reasoning
capability of SCPILOT w.r.t various LLMs. Experiments with o1 show that iterative
omics-native reasoning lifts average accuracy by 11% for cell-type annotation
and Gemini-2.5-Pro cuts trajectory graph-edit distance by 30% versus one-shot
prompting, while generating transparent reasoning traces explain marker gene
ambiguity and regulatory logic. By grounding LLMs in raw omics data, SCPI-
LOT enables auditable, interpretable, and diagnostically informative single-cell
analyses. 4

1 Introduction
In the era of exponential growth in biological data, the quest for artificial intelligence (AI) that can
function as a true scientific assistant to automate and interpret complex scientific analyses has never
been more urgent. Recently, large language models (LLMs) have demonstrated surprising breadth
in factual recall and reasoning prowess [73, 26, 32, 22], prompting the question: Can LLMs be
harnessed as genuine scientific partners to revolutionize traditional biological discovery pipeline?

Yet, translating these general LLM capabilities into the realm of single-cell biology remains chal-
lenging. The surge of single-cell omics has shifted biology from bulk averages to million-cell
matrices [63, 9, 14], but analysis pipelines still depend on implicit, human-only reasoning [39, 54, 17]
(Figure 1). While LLMs excel at natural-language explanation and reasoning, most current uses
in computational biology utilize LLMs simply as interfaces that invoke existing bioinformatics
tools [75, 11, 31], relying solely on these tools’ inherent functionalities. Other approaches heav-
ily train foundation models to embed single-cell counts into opaque, high-dimensional vector
spaces [77, 15, 67], resulting in less interpretable analyses critical to biological discovery.

We propose to bridge this gap with omics-native reasoning (ONR)—a new interactive paradigm
in which an LLM (i) receives a concise textual summary derived from the single-cell expression
matrix, (ii) explicitly articulates biological hypotheses in natural language, (iii) invokes targeted
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bioinformatics operations directly on the raw data, (iv) evaluates and interprets numerical evidence,
and (v) iteratively refines its reasoning until arriving at biologically coherent conclusions. As shown in
Figure 1, by closely coupling reasoning to raw omics data, ONR generates transparent and auditable
analyses, facilitating interpretability, scientific rigor, and human validation.
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Figure 1: Human-like reasoning + established bioinformatics
tools = hands-free single cell analysis

This paper operationalizes ONR
through SCPILOT, a systematic frame-
work that harnesses the reasoning ca-
pabilities of an off-the-shelf LLM in-
tegrated with a problem-to-text con-
verter and a curated bioinformatics
tool library. SCPILOT explicitly for-
mulates and iteratively refines hy-
potheses, addressing three canonical
single-cell challenges: cell-type an-
notation, developmental-trajectory re-
construction, and transcription-factor
targeting, producing transparent and
biologically insightful reasoning pro-
cesses. To systematically quantify
progress, we further introduce SCBENCH, the first benchmark for omics-native reasoning that scores
numerical accuracy and reveals the biological validity of the model’s narrative across nine expertly
curated single-cell tasks. Our contributions are fourfold:

• LLM-driven single-cell analysis framework. We formulate the first omics-native reasoning,
language-centric workflow that automates key analytic stages—cell-type annotation, trajectory
inference, and gene-regulatory network prediction—while preserving scientific transparency.

• Comprehensive benchmark suit. SCBENCH offers task-specific metrics and expert-verified
ground truth, enabling objective comparison of LLMs on biologically meaningful problems.

• Empirical insights and validation. Comprehensive experiments across nine benchmark datasets
demonstrate the effectiveness of SCPILOT: iterative omics-native reasoning lifts average cell-type
annotation accuracy by 11%, reduces trajectory graph-edit distance by 26%, and improves GRN
prediction AUROC by 0.03 over direct prompting and conventional baselines.

• Biological interpretability and diagnostic reasoning. SCPILOT generates transparent reasoning
traces that expose marker ambiguities, lineage inconsistencies, and tissue-specific regulatory logic,
enabling biologically interpretable and diagnostically informative single-cell analyses.

2 Related Work
Large Language Models in Single-Cell Analysis. Early biomedical LLMs, e.g., BioGPT [48],
BioMedLM [8], and Galactica [66], showed that pre-training on PubMed abstracts or full-text
markedly improves factual recall and zero-shot QA, while newer general LLMs (e.g., GPT-4o,
Claude-3) now rival or exceed them with broader literature coverage. In parallel, a growing family
of single-cell foundation models [77, 21, 15, 67, 59, 25, 58, 41, 6, 65, 37], mostly encoder-style
LLMs that treat genes as tokens to learn gene- and cell-level embeddings for imputation, perturbation
prediction, and cross-dataset transfer. Cell2Sentence and C2S-Scale [41, 56] encode each cell as a
“sentence,” enabling natural-language queries, while other works build LLM interfaces for single-cell
data via fine-tuning [46, 61, 42] or autonomous tool agents [27, 19, 57, 75, 11]. General-purpose
biomedical agents such as Biomni [31] demonstrate autonomous problem-solving across domains.

Despite their progress, these approaches sidestep the core cognitive load of single-cell analysis:
embedding models speak in vectors with no explanations, chat wrappers and tool agents re-package
fixed results from traditional tools. Yet we need more language-native reasoning for single-cell
analysis, the ability for an LLM to argue, justify, and iteratively refine biological conclusions. Prior
work [28] showed GPT-4 can label cell types directly from marker genes. SCPILOT pushes this
paradigm beyond a single downstream task to the entire analytic workflow systematically.

Automated Single-Cell Analysis Pipelines. Modern single-cell workflows rely on comprehensive
toolkits like Seurat and Scanpy [74, 62] as the backbone. Specialized modules like CellTypist (cell-
type annotation), Monocle (developmental trajectory reconstruction), and SCENIC (gene regulatory
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Figure 2: Overview of the SCPILOT framework. The system integrates a problem-to-text converter, an
LLM planner, and a bio-tool library to perform iterative reasoning and tool calls for three workflows:
cell-type annotation, trajectory inference, and gene-regulatory prediction.

networks) [16, 68, 4] address specific subtasks but expose many hyperparameters and opaque defaults.
Web-based platforms (e.g., ASAP [20]) and one-click frameworks (e.g., SPEEDI [71]) simplify
execution yet still embed rigid heuristics that may fail on new tissues or perturbations. Recent LLM
tool agents ease this burden by writing code and invoking domain packages on demand [27, 19, 64,
11, 57]. CellAgent [75], for example, uses GPT-4 to automatically select tools and hyperparameters.
While impressive, these systems mainly wrap default heuristics and offer limited biological insights
behind tool calling. SCPILOT advances from scripted automation to co-piloting: not only to call tools,
the model needs to interpret the output of Monocle or SCENIC and perform profound biological
reasoning for discovery.

Benchmarks for Biological Reasoning Existing benchmarks for single-cell foundation models or al-
gorithms emphasize embedding quality or numeric metrics [44, 7, 47, 60], offering little transparency
for biologically meaningful interpretation [35, 70, 7]. LLM benchmarks such as BioASQ [38],
PubMedQA [34], MedQA-USMLE [33], and recent GPQA [55] and LAB-Bench [40] test factual
recall but not operation on raw omics data. More recent agent-centric suites (BixBench [51], Sci-
enceAgentBench [12], FIRE-Bench [72]) test LLMs to orchestrate code execution across natural
language bioinformatics problems, but their coverage is shallow, and their evaluation is without
domain-deep omics reasoning. Isolated efforts have probed language-native biology, e.g., GPT-4 for
cell-type annotation [28] and LLMs for gene set function discovery [30], yet no public benchmark
covers multiple single-cell workflows with ground-truth answers and demands explicit biological
justification. To fill this gap, our proposed SCBENCH systematically evaluates language-native
reasoning across multiple single-cell workflows with curated datasets, numeric ground truth, and
automatic metrics—providing the first rigorous benchmark for the co-pilot paradigm in SCPILOT.

3 SCPILOT: Automation of Single-Cell Analysis by LLMs

Let X ∈ RG×N be a single-cell expression matrix with G genes and N cells, and let q denote a
biological query (e.g. “What is the cell type of cluster 5?” or “Does TF Z regulate gene Y ?”).

Classical bioinformatics methods typically address query q by executing a predetermined pipeline:

ŷ = gtool
(
X; θ

)
, (1)

where gtool is selected from established bioinformatics tools such as Scanpy or Monocle, and θ is a set
of hyperparameters manually tuned based on implicit biological assumptions and analyst expertise.
Although effective, this traditional practice obscures the underlying biological rationale behind the
chosen parameters, limiting reproducibility, transparency, and interpretability.
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Recent LLM-based “tool agents” tackle bioinformatics tasks by writing code on the user’s behalf:
the model produces a Python or R snippet, executes it, prints the numeric output, and (optionally)
summarizes the result in text. Formally, given a query q and an expression matrix X ∈ RG×N , the
agent generates code src1, . . . , srcK such that

ŷ = gsrcK
(
gsrcK−1

(. . . gsrc1(X) . . . )
)
, (2)

where each function gsrck corresponds to an invoked bioinformatics operator (e.g., clustering via
scanpy.tl.leiden). The model’s reasoning lives mainly in comments and chat text surrounding the
code; intermediate raw data and numerical results are hidden unless explicitly printed. Consequently,
the human analyst must read both Python and text to audit a run, and the causal logic link between
numeric evidence and biological claims is easily lost.

Omics-Native Reasoning (ONR). We instead require the LLM to reason directly over the omics
space and to record every claim, evidence pair in a transparent trace. Let S0 = X. At step k, the
reasoner emits a pair (ck, ok),

Sk = ok(Sk−1), (3)

where ck is a natural-language claim, justification, or decision, and ok is a primitive omics operator,
a single, verifiable action applied to the current data state Sk−1 (e.g. filtering, clustering, scoring,
look-ups, etc). The sequence

R =
[
(c1, o1), . . . , (cK , oK)

]
(4)

constitutes a verbal + computational proof. The final state SK is mapped to a prediction ŷ = h(SK)
that answers q. The final evaluation is conducted by comparing ŷ with a ground truth answer y.

3.1 The SCPILOT Framework
To operationalize omics-native reasoning for large-scale single-cell experiments, we introduce
SCPILOT, a modular framework that systematically transforms high-dimensional omics data into
concise textual summaries, guides reasoning via LLMs, and selectively invokes computational
biology tools to iteratively gather and assess evidence. Formally, given a biological query q and an
expression matrix X, SCPILOT produces a prediction ŷ alongside a transparent reasoning trace R.
The architecture comprises three interacting components (Figure 2):

Problem-to-Text Converter C. Single-cell datasets routinely contain N ∼ 105–6 cells, far beyond
any context window of current LLMs. Thus, for each query q, we implement an algorithmic mapping:

Φq : RG×N −→ Sq, (5)

which produces a semantic sketch sq = Φq(X) digestible by the LLM within a single prompt. The
map is algorithmic, not learned (examples presented in Table 1). Crucially, Φq reduces volume while
preserving biological salience, (e.g., reporting cluster sizes, top-ranked marker genes, developmental
trajectory connections, or transcription factor-target scores) rather than presenting the full expression
matrix, thus significantly reducing data dimensionality while retaining critical biological context.

Bio-Tool Library T . This curated library provides a set of primitive omics operators ok ∈ Ω that
encapsulate well-established bioinformatics routines (e.g., Scanpy, Seurat via Reticulate, Monocle 3,
pySCENIC), and lightweight plotting utilities. Each operator returns structured, machine-parsable
JSON outputs (e.g., numeric scores, ranked gene lists, graphs) accompanied by a succinct natural-
language description, enabling the reasoner to seamlessly integrate fresh computational evidence into
subsequent reasoning steps in ck+1.

LLM Reasoner Rϕ. The reasoning module Rϕ, instantiated by powerful LLMs (such as o1),
receives the textual summary, user-defined biological query, and a structured reasoning scaffold
refined through iterative prompting and domain-expert heuristics. These elements jointly establish a
closed-loop reasoning workflow:

X
C−→ Prompt

Rϕ−−→ {Thoughtk,Callk}Kk=1
T−→ R1:K −→ ŷ. (6)

Design Principles. SCPILOT provides a modular, flexible blueprint that enables researchers to
customize reasoning workflows tailored explicitly to their biological queries. The framework adheres
to three rigorously validated design principles essential for achieving optimal performance: (a) Bio-
logical context first: Prompts consistently incorporate key biological metadata, such as species, tissue
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Table 1: Summary of SCBENCH. Each row defines a computational task, how it’s compressed into
text, datasets used for evaluation, metrics for assessment, and ground truth sources.

Task Compression
(Problem → Text)

Datasets Metric Ground truth

Cell-type annota-
tion

Scanpy–Leiden clusters + top-k
marker genes per cluster (k =
10)

PBMC3k [1], Liver [43], Retina [50] Cluster-level accuracy (1
/ 0.5 / 0) [28]

Author-provided labels

Trajectory infer-
ence

PAGA or Monocle-3 lineage
graph and pseudotime; land-
mark genes varying monoton-
ically

Pancreas [5], Liver [45], Neocortex
[53]

Node-Jaccard ↑, Graph-
Edit ↓, Spectral Dist. ↓

Human-curated lin-
eage tree in original
study

GRN edge predic-
tion

Top-M TF–gene pairs from
pySCENIC with motif support
(M ≤ 150)

GRNdb stomach, liver, kidney [18] +
TRRUST validation [24]

AUROC Experiment-validated
edges from TRRUST
v2 [24]

type, and experimental protocol. Expert knowledge is required to choose the context, from previous
reasoning or tool calls. (b) Iterative reasoning: Reasoning and reflection are unfolded iteratively,
systematically refining hypotheses based on accumulating computational evidence and even pervious
mistakes. (c) Minimal manual heuristics: We seed each task with high-level prompts distilled from do-
main best practices, without task-specific fine-tuning of LLM parameters; performance improvements
arise exclusively through enhanced prompting strategies and richer evidence.

3.2 SCBENCH: Benchmarking SCPILOT with Real-World Biological Meaningful Tasks

We introduce SCBENCH (summarized in Table 1), a comprehensive benchmark designed explicitly
to evaluate the biological reasoning capabilities of SCPILOT across representative single-cell RNA
sequencing (scRNA-seq) analysis tasks. These tasks encapsulate the analytical complexity and
experimental challenges commonly encountered in practical single-cell studies. Datasets included in
SCBENCH are carefully selected from high-quality, publicly available scRNA-seq studies, providing
a realistic and diverse platform for assessing SCPILOT ’s utility and robustness in bioinformatics
discovery. To ensure fairness, reproducibility, and rigorous evaluation, termination conditions for
each task within SCBENCH are pre-specified rather than being autonomously determined by the LLM.

Table 2: Cell type annotation scores across datasets. Values
represent mean ± SD where available. Higher values indicate
better performance. The top three performances for each col-
umn are highlighted with decreasing background intensity.

Method Liver PBMC Retina
CellTypist 0.464 0.563 0.388
GPTCellType 0.404 ± 0.141 0.613 ± 0.228 0.300 ± 0.297
CellMarker 2.0 0.304 0.250 0.632
Biomni (Gemini-2.5 Pro) 0.464 ± 0.047 0.646 ± 0.095 0.570 ± 0.135

Direct (o1) 0.560 ± 0.032 0.667 ± 0.071 0.474 ± 0.045
SCPILOT (o1) 0.518 ± 0.032 0.792 ± 0.071 0.728 ± 0.084

Cell Type Annotation. Given a
scRNA expression matrix, the goal
of this foundational task is to assign
biologically accurate cell-type labels
to each cell. Traditionally, this has
relied heavily on manual annotation
due to limitations in automated tools.
We thus curated manually annotated
scRNA datasets from published pa-
pers: PBMC3k dataset [1] from 10x
Genomics, Liver [43], and Retina [50].
SCPILOT employs a fixed maximum
of three reasoning iterations, provid-
ing the LLM sufficient scope to iteratively refine hypotheses and self-correct without “overthinking”
or excessive computational cost.

Trajectory Inference. This task involves reconstructing cellular developmental progression paths,
typically structured as lineage trees. Conventionally, trajectory reconstruction relies on statistical
tools such as Monocle [10] and manual validation by domain experts. We selected three scRNA-seq
datasets adhering to stringent criteria: 1) datasets representing clear cellular differentiation processes,
2) original studies that explicitly included trajectory analysis, and 3) availability of expert-curated
trajectory lineages as ground truth. The selected datasets are Pancreas [5], Liver [45], and Neocortex
[53]. This task is implemented as a single-pass reasoning process, incorporating an initial trajectory
construction followed by a controlled refinement step guided by Monocle’s output.

Gene Regulatory Network Prediction. Given a transcription factor (TF) and target gene pair,
the task is to predict the existence of a regulatory relationship. Standard approaches typically
utilize computational pipelines like SCENIC [4] for candidate predictions, subsequently validated
through laboratory experiments and consolidated in reference databases such as TRRUST [24]. For
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Table 3: Cell Type Annotation Performance across Different LLMs and Datasets. Values represent
performance metrics with standard deviations. The top three performances for each dataset and task
type are highlighted with decreasing background intensity.

LLM PBMC3k Liver Retina

Direct SCPILOT Direct SCPILOT Direct SCPILOT

GPT-4o 0.604 ± 0.005 0.646 ± 0.017 0.440 ± 0.002 0.512 ± 0.002 0.439 ± 0.002 0.675 ± 0.011

GPT-4o-mini 0.625 ± 0.000 0.604 ± 0.001 0.339 ± 0.003 0.387 ± 0.004 0.404 ± 0.000 0.447 ± 0.026

O1 0.667 ± 0.005 0.792 ± 0.005 0.560 ± 0.001 0.518 ± 0.001 0.474 ± 0.002 0.728 ± 0.007

O1-mini 0.646 ± 0.009 0.521 ± 0.001 0.351 ± 0.000 0.435 ± 0.005 0.456 ± 0.001 0.649 ± 0.003

Gemini 2.0 Pro 0.604 ± 0.005 0.792 ± 0.009 0.494 ± 0.001 0.509 ± 0.008 0.491 ± 0.000 0.763
Gemini 2.0 Flash 0.604 ± 0.001 0.500 ± 0.004 0.411 ± 0.000 0.435 ± 0.001 0.500 ± 0.001 0.623 ± 0.006

Gemini 2.5 Pro 0.583 ± 0.001 0.708 ± 0.021 0.494 ± 0.007 0.488 ± 0.001 0.482 ± 0.001 0.675 ± 0.003

Gemma 3 27B 0.479 ± 0.001 0.500 ± 0.016 0.345 ± 0.000 0.393 ± 0.004 0.526 ± 0.005 0.579 ± 0.002

benchmarking, we compiled GRN data from GRNdb [18], a comprehensive database containing
TF-gene predictions derived from omics data via SCENIC. We selected three representative tissues
from GRNdb—Stomach, Liver, and Kidney—and incorporated experimentally validated TF-gene
pairs from TRRUST as ground truth. This task is structured as a single-pass reasoning exercise, with
all relevant evidence presented upfront for a thorough, integrated reasoning process.

4 Experiments
Benchmarked Models. We evaluated eight models, including seven proprietary and one prominent
open-source model, to represent diverse performance tiers and availability. Proprietary models include
GPT-4o, GPT-4o-mini, o1, o1-mini [52], Gemini-2.0-Pro, Gemini-2.0-Flash-Thinking,
and Gemini-2.5-Pro [13]. The open-source one is Gemma-3-27B [3], among the best available
at the time of experimentation. To facilitate direct comparison, each primary model was evaluated
alongside its lightweight variant (e.g., -mini). Further details regarding model versions are provided
in the Supplementary Material.

Baseline Methods. To rigorously assess performance, we benchmarked SCPILOT against relevant
baseline methods across traditional bioinformatic methods and recent LLM-based methods.

Cell-Type Annotation: Four established baseline approaches were included—traditional machine
learning and database-driven methods (Celltypist 1.7.1 [76], CellMarker 2.0 [29]), and LLM-based
methods (GPTCelltype [28], Biomni [31]).

Trajectory Inference: Two baseline methods were utilized—py-Monocle [10], a conventional trajec-
tory inference method, and Biomni, representing an advanced LLM-driven pipeline.

Gene Regulatory Network (GRN) Prediction: We implemented and evaluated three graph neural
network architectures—Graph Convolutional Networks (GCN) [36], Graph Attention Networks
(GAT) [69], and GraphSAGE [23]—each trained on the GRNdb dataset. Additionally, we compared
our approach with two contemporary LLM-based methods: LLM4GRN [2] and BioGPT [49].

Direct Prompting. To further contextualize SCPILOT’s performance, we implemented straightforward
direct LLM-prompting baselines for each task. All prompts are provided in Appendix.

• Cell-type annotation: A single LLM call directly assigns cell-type labels based on differentially
expressed genes per cluster, supplemented by high-level dataset descriptions.

• Trajectory inference: Consists of three sequential, independent LLM calls: initial cell-type an-
notation, subsequent trajectory inference using the annotations, and a joint reconsideration step
informed by py-Monocle results.

• GRN prediction: A single-step LLM prompt directly predicts TF-gene regulatory relationships
without iterative refinement.

4.1 Main Result Analysis

Cell-type Annotation. Table 2 demonstrates that both direct prompting and the SCPILOT framework
outperform traditional annotation tools. Table 3 summarizes the mean accuracy ± variance across
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Table 4: Trajectory reconstruction performance across different LLMs. Values represent mean ±

standard deviation. For Jaccard, higher values (↑) are better; for GED-nx (10s) and Spectral Distance, lower
values (↓) are better. The top three performances for each column are highlighted with decreasing
background intensity.

LLM Pancreas Liver Neocortex

Direct SCPILOT Direct SCPILOT Direct SCPILOT

Jaccard (↑)

GPT-4o 0.923 ± 0.077 0.872 ± 0.118 0.956 ± 0.032 0.978 ± 0.032 0.792 ± 0.095 0.917 ± 0.071

GPT-4o-mini 0.923 ± 0.134 0.718 ± 0.045 0.889 ± 0.138 0.778 ± 0.100 0.792 ± 0.130 0.875 ± 0.110

O1 1.000 ± 0.000 1.000 ± 0.000 1.000 ± 0.000 1.000 ± 0.000 1.000 ± 0.000 0.833 ± 0.071

O1-mini 0.846 ± 0.155 0.744 ± 0.221 0.956 ± 0.077 0.911 ± 0.077 0.708 ± 0.032 0.813 ± 0.063

Gemini 2.0 pro 0.949 ± 0.089 1.000 ± 0.000 0.978 ± 0.032 1.000 ± 0.000 0.958 ± 0.032 1.000 ± 0.000

Gemini 2.0 Flash 0.974 ± 0.045 0.923 ± 0.134 0.933 ± 0.063 1.000 ± 0.000 0.854 ± 0.145 0.958 ± 0.071

Gemini 2.5 Pro 0.949 ± 0.089 1.000 ± 0.000 1.000 ± 0.000 1.000 ± 0.000 0.949 ± 0.089 1.000 ± 0.000

GED-nx (10s) (↓)

GPT-4o 13.0 ± 4.00 10.67 ± 1.53 10.0 ± 2.00 8.67 ± 4.04 14.0 ± 5.29 16.33 ± 4.04

GPT-4o-mini 19.33 ± 8.08 20.67 ± 5.77 12.67 ± 1.15 16.00 ± 3.61 17.33 ± 5.03 15.33 ± 5.13

O1 6.67 ± 2.31 5.33 ± 1.15 10.67 ± 5.77 8.00 ± 3.46 14.00 ± 6.93 13.33 ± 1.15

O1-mini 22.67 ± 2.31 12.00 ± 5.57 10.67 ± 3.05 13.00 ± 1.73 18.00 ± 2.65 18.00 ± 0.00

Gemini 2.0 pro 8.33 ± 2.08 7.00 ± 1.41 10.00 ± 3.46 6.67 ± 2.31 14.00 ± 2.00 12.67 ± 1.15

Gemini 2.0 Flash 16.33 ± 8.02 13.33 ± 1.53 11.00 ± 1.00 11.33 ± 6.43 17.00 ± 6.08 14.00 ± 2.65

Gemini 2.5 Pro 8.33 ± 2.08 5.00 ± 1.73 8.00 ± 4.00 3.33 ± 2.31 13.33 ± 1.15 9.50 ± 2.12

Spectral Distance (↓)

GPT-4o 0.640 ± 0.295 0.772 ± 0.447 0.469 ± 0.105 0.383 ± 0.286 1.313 ± 0.346 0.946 ± 0.622

GPT-4o-mini 1.704 ± 0.640 1.482 ± 0.462 0.745 ± 0.447 1.072 ± 0.362 1.428 ± 0.363 1.055 ± 0.510

O1 0.271 ± 0.077 0.271 ± 0.077 0.634 ± 0.158 0.567 ± 0.451 1.005 ± 0.032 1.261 ± 0.265

O1-mini 1.993 ± 0.288 1.219 ± 0.564 0.670 ± 0.155 0.636 ± 0.412 1.624 ± 0.045 1.576 ± 0.071

Gemini 2.0 pro 0.453 ± 0.192 0.431 ± 0.190 0.362 ± 0.349 0.192 ± 0.000 0.842 ± 0.454 1.064 ± 0.071

Gemini 2.0 Flash 1.026 ± 1.123 0.901 ± 0.148 0.501 ± 0.197 0.289 ± 0.138 1.137 ± 0.497 0.561 ± 0.479

Gemini 2.5 Pro 0.453 ± 0.192 0.310 ± 0.029 0.388 ± 0.205 0.199 ± 0.032 0.977 ± 0.134 1.052 ± 0.055

Table 5: AUROC Scores for Gene Regulatory Network Inference.

LLM Stomach Liver Kidney

Direct SCPILOT Direct SCPILOT Direct SCPILOT

GPT-4o 0.623 ± 0.001 0.800 ± 0.001 0.577 ± 0.001 0.743 ± 0.000 0.570 ± 0.001 0.707 ± 0.002

GPT-4o-mini 0.583 ± 0.000 0.697 ± 0.001 0.600 ± 0.004 0.683 ± 0.001 0.567 ± 0.000 0.733 ± 0.001

O1 0.827 ± 0.002 0.873 ± 0.004 0.753 ± 0.001 0.760 ± 0.000 0.777 ± 0.000 0.797 ± 0.001

O1-mini 0.690 ± 0.001 0.783 ± 0.002 0.660 ± 0.001 0.700 ± 0.000 0.640 ± 0.000 0.727 ± 0.001

Gemini 2.0 Pro 0.949 ± 0.008 1.000 ± 0.000 0.600 ± 0.000 0.737 ± 0.000 0.600 ± 0.000 0.743 ± 0.001

Gemini 2.0 Flash 0.690 ± 0.009 0.697 ± 0.003 0.690 ± 0.001 0.753 ± 0.003 0.683 ± 0.003 0.730 ± 0.004

Gemini 2.5 Pro 0.610 ± 0.006 0.820 ± 0.000 0.637 ± 0.000 0.753 ± 0.001 0.623 ± 0.001 0.727 ± 0.002

three benchmark datasets. Among direct approaches, o1 achieved the highest overall accuracy (0.667
on PBMC3k, 0.560 on Liver, 0.474 on Retina), underscoring the importance of model capacity.

Table 6: Trajectory metrics across methods
Metric SCPILOT

Gemini-2.5 Pro
Biomni Gemini-2.5

Pro
py-Monocle

Jaccard (↑) 1 1 1
GED-nx (10 s) (↑) 3.33 ±2.31 8.33 ±3.21 20
Spectral Distance (↓) 0.199 ±0.033 0.482 ±0.379 0.469

Implementing the SCPILOT’s pipeline
further improved accuracy for 19
out of 24 model–dataset combina-
tions. The Retina dataset showed
the most significant median accuracy
gain (+0.180), followed by PBMC3k
(+0.042) and Liver (+0.024). The sub-
stantial improvement in Retina is largely attributed to SCPILOT’s iterative reasoning process, which
effectively differentiated major cell populations such as rod photoreceptors, Müller glia, and bipolar
cells by accessing the data and evaluating based on dotplot expression. Conversely, the one-step direct
approach, limited to top marker genes, struggled with such detailed distinctions. Overall, SCPILOT
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implementations using the o1 and Gemini-2.0-Pro models ranked highest (0.792 on PBMC3k,
0.728/0.763 on Retina, 0.518/0.509 on Liver).

Trajectory Inference. Table 6 demonstrates SCPILOT’s superior performance compared to baseline
methods Biomni and Monocle. Comprehensive evaluation metrics—including node overlap (Jaccard),
graph-edit distance (GED)-structure-aware scores, and spectral distance—are summarized in Table 4.
For the direct approach, the o1 model and Gemini-2.5-Pro achieved the best performance, with o1
obtaining perfect Jaccard scores (1.000) and superior structural accuracy on Pancreas and Neocortex.

When adopting the SCPILOT pipeline, structural errors were further reduced in 10 of 21 model–metric
pairs (median improvements: GED -2.0, spectral distance -0.14). Gemini-2.5-Pro consistently
delivered optimal results, closely followed by Gemini-2.0-Pro.

Table 7: GRN prediction perfor-
mance on Stomach dataset across
methods. Note that BioGPT* refers
to BioGPT-Large-PubMedQA

Method AUROC
(Stomach)

GCN 0.723 ±0.071

GraphSAGE 0.713 ±0.063

GAT 0.683 ±0.071

LLM4GRN 0.727 ±0.025

BioGPT* 0.660

Direct (o1) 0.827 ±0.002

SCPILOT (o1) 0.873 ±0.004

GRN TF-Gene Prediction. Average AUROC results for
GRN prediction across three tissues are summarized in Ta-
ble 5. Table 7 provides baseline comparisons against two types
of methods: graph neural network (GNN) models trained on
GRN data and LLM-based tools (LLM4GRN, BioGPT). The
SCPILOT pipeline consistently outperformed these baseline
methods, except when utilizing smaller models (GPT-4o-mini,
Gemini-2.0-Flash). Compared to direct prompting, SCPI-
LOT demonstrated an average AUROC improvement of +0.098.

Again, the o1 model under the SCPILOT pipeline achieved
the highest overall accuracy (AUROC: 0.873 stomach, 0.760
liver, 0.797 kidney), with Gemini-2.5-Pro ranking second.
GPT-4o exhibited the greatest relative improvement (+0.162
average AUROC), underscoring the effectiveness of iterative
reasoning in harnessing latent regulatory insights.

Cross-Task Trends. Three consistent patterns emerged across
tasks: (1) Superior results arise from combining large-scale
models (e.g., o1, Gemini 2.0/2.5 Pro) with structured, iterative reasoning in SCPILOT. (2) Mini
or latency-optimized variants frequently produced unreliable outputs, including over-generation and
hallucination, during extended reasoning chains. Overall, the results clearly indicate that iterative,
reflective prompting significantly elevates state-of-the-art LLMs from competitive to decisively
outperforming traditional bioinformatics methods in annotation, trajectory inference, and GRN
prediction. (3) In rare cases, simpler direct prompting surpassed SCPILOT; these instances, though
uncommon, offer valuable insights, discussed systematically in Appendix C.1.

Challenges with Local Open-Source LLMs. While open-source LLMs offer model transparency
and data control advantages, our assessment of Gemma-3 for automated annotation tasks highlighted
critical limitations. Performance evaluations revealed consistent inferiority to proprietary models such
as GPT-4o and Gemini (Table 3), suggesting that significant domain-specific fine-tuning is essential
for accurate biological reasoning. Computational efficiency posed additional challenges: inference on
the PBMC3k dataset required 135.7 seconds per evaluation using four NVIDIA A100 (80 GB) GPUs,
compared to only 8.8 seconds for GPT-4o—a more than 15-fold difference. The combination of
high hardware demand, prolonged runtime, and limited predictive accuracy renders fully on-premise
deployments financially and operationally impractical for most laboratories. Thus, SCPILOT employs
API-based models as its backbone, while local open-source LLMs were not pursued further.

Efficiency and Cost Analysis. To evaluate the practical accessibility of SCPILOT, we conducted a
detailed cost and efficiency analysis using Gemini-2.5-Pro. As summarized in Table 13, executing
the most complex tasks requires minimal financial outlay—mere cents per task—highlighting the
affordability and scalability of our framework. Token counts were approximated using tiktoken, with
cost rates of $1.25 per million input tokens and $10 per million output tokens, without caching.
Furthermore, compared to the general-purpose agent Biomni, SCPILOT achieves up to 30× lower
cost and substantially faster performance due to its targeted reasoning and optimized toolchain
(Table 20). Importantly, SCPILOT consistently succeeds in complex tasks like GRN prediction, where
Biomni often fails, underscoring SCPILOT’s advantage in specialized biological reasoning. Overall,
our analyses demonstrate that SCPILOT offers an accessible and economically viable platform,
significantly outperforming general-purpose methods in efficiency, cost, and reliability.
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4.2 Ablation Studies
We performed three ablation experiments (Figure 3, Figure 4) rigorously assess the contributions of
contextual metadata, domain context-Gene Ontology (GO) knowledge, and trajectory priors to the
overall accuracy and robustness of SCPILOT ’s reasoning.

Figure 3: Ablation on metadata and GO context.

Contextual Metadata Ablation. We first investi-
gated the impact of dataset-level contextual meta-
data (such as dataset size, tissue origin, and exper-
imental conditions) on cell-type annotation accu-
racy using the PBMC3k dataset. The full SCPILOT
pipeline achieved strong baseline accuracy, with
scores of 0.792 (o1), 0.646 (GPT-4o), and 0.604
(4o-mini). Removing contextual metadata led
to noticeable declines in accuracy: 0.104 points
(o1), 0.063 points (GPT-4o), and 0.188 points
(4o-mini). Despite these performance drops, all models continued to outperform traditional single-
cell baselines, indicating intrinsic robustness of LLM reasoning even with incomplete metadata.
These findings underscore two critical observations: (i) high-capacity models such as o1 significantly
depend on contextual information for precise biological interpretation, and (ii) smaller models, no-
tably 4o-mini, exhibit heightened sensitivity to absent metadata. Thus, comprehensive contextual
metadata integration is crucial, particularly for smaller or mid-sized LLMs, to facilitate biologically
coherent reasoning.

Gene Ontology Perturbation. Next, we assessed the significance of accurate Gene Ontology (GO)
information by perturbing the GO database utilized in the GRN prediction module. Specifically,
genuine transcription-factor–gene annotations were randomized to simulate erroneous overlaps. This
perturbation resulted in substantial reductions in GRN prediction accuracy: in the Stomach dataset,
AUROC decreased from 0.873 to 0.813 (o1), from 0.800 to 0.710 (GPT-4o), and from 0.697 to 0.617
(GPT-4o-mini). Although accuracy declined, all models maintained higher performance compared
to direct-prompting baselines, suggesting even perturbed GO data provides partial structural guidance.
These results highlight that precise GO annotations between TFs and target genes are essential for
robust GRN inference, with smaller models disproportionately affected by annotation inaccuracies.

Figure 4: Ablation on trajectory inference input.

Trajectory Input Perturbation. Finally, we
evaluated the role of trajectory priors by cor-
rupting the py-Monocle input used in the liver
dataset’s trajectory inference task. Py-Monocle
typically provides statistical insights into inter-
cluster relationships and pseudotime hierarchy,
crucial for informing accurate trajectory rea-
soning. The corrupted Monocle inputs led to
reduced reasoning accuracy for both o1 and
GPT-4o-mini based SCPILOT models relative to unperturbed conditions. These findings con-
firm the importance of accurate trajectory cues—specifically cluster connectivity and pseudotime
structure—in enhancing LLM-based biological reasoning. Consequently, robust integration with
established computational tools like Monocle is essential for high interpretability and analytical
performance.

4.3 Biological Interpretability and Insights
We further investigated how SCPILOT transforms benchmark accuracy into biologically interpretable
insights across representative single-cell analysis tasks using the SCBENCH evaluation suite.

Multi-gene logic resolves marker ambiguity. In cell-type annotation tasks, SCPILOT leverages an
iterative propose → filter → solve reasoning loop, enabling systematic construction and validation
of combinatorial marker hypotheses (Figure 5). Specifically, on the PBMC3k dataset, the o1-based
SCPILOT model initially proposed candidate marker sets (e.g., NK cells: NKG7, GNLY, GZMB;
CD8 T cells: CD3D, CD8A), filtered out absent markers (e.g., excluding plasma cells due to missing
SDC1), and resolved marker expression ambiguity through dotplot reasoning. This meticulous process
resulted in correct annotation for 7 out of 8 clusters. The model notably identified that NKG7 alone is
insufficiently specific; however, combining it with CD3D and GNLY reliably distinguishes NK cells
from cytotoxic T cells—an important distinction often overlooked by single-marker methodologies,
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particularly when CD8A exhibits weak expression. Further qualitative analysis and case studies are
detailed in Appendix D.1.

Top gene of clusters using scanpy

LLM propose cell types of interest, with
their marker genes:

Filtering with data → Plasma Cell genes
removed: they are not in data

LLM analyze gene expression in data

LLM finalize
annotation:

Eval: 7 correct,
1 incorrect

Annotate this PBMC dataset

Figure 5: Example of SCPILOT multi-
gene reasoning in PBMC3k annotation.

Self-auditing via monocle diagnostics sharpens tra-
jectory accuracy. For trajectory inference tasks,
Gemini-2.5-Pro-based SCPILOT first constructed an
initial lineage tree and subsequently self-audited the in-
ferred structure utilizing py-Monocle diagnostic outputs.
Through targeted refinements—including correction of
the tree root, restoration of canonical hepatic lineage se-
quences, and hierarchical adjustments—SCPILOT substan-
tially improved trajectory accuracy, reducing the GED-nx
metric by six edits and decreasing the Spectral Distance
by 0.32. These improvements resulted in a trajectory struc-
ture closely aligned with the developmental topology es-
tablished in original biological studies. Comprehensive
edge-level analyses are provided in Appendix D.2.

Tissue-specific TF reasoning in GRN prediction. In
GRN prediction, SCPILOT effectively employed a tissue-
specific retrieval module that filtered out spurious Gene
Ontology (GO) overlaps, seamlessly integrating expres-
sion context with known regulatory pathway informa-
tion. This approach demonstrated biologically informed,
context-sensitive reasoning. For instance, in predicting
Stat1’s regulation of Irf7, SCPILOT accurately captured the
GO functional overlap. The prediction of Klf4 regulating
Muc5ac illustrated the model’s nuanced tissue-specific un-
derstanding. More examples of successful and unsuccess-
ful predictions are discussed thoroughly in Appendix D.3.

In summay, SCPILOT not only achieved competitive ac-
curacy (e.g., a score of 0.789 on the retina atlas) but also
elucidated the mechanistic bases underlying its predictions.
By clearly identifying ontology gaps, marker ambiguities,
and rare-cell misclassifications, SCPILOT delivers diagnos-
tic transparency, significantly advancing biological inter-
pretability. This transparency not only enhances biological discovery but also informs the iterative
development of future omics-native reasoning models.

5 Conclusions
We introduced Omics-Native Reasoning (ONR), a novel LLM scientific reasoning paradigm wherein
LLMs directly inspect raw single-cell data, invoke specialized analytic tools, and clearly articulate
every biological inference in natural language. Operationalized through SCPILOT, ONR redefines
critical analytical processes—cell-type annotation, trajectory inference, and gene regulatory network
prediction—by transitioning them from opaque, black-box methods to transparent and interpretable
conversational workflows. Our newly established benchmark, SCBENCH, quantitatively demonstrates
significant improvements: iterative reasoning via SCPILOT employing the o1 model boosts annotation
accuracy by 11%, while using Gemini-2.5-Pro reduces trajectory graph-edit distance by 30%
compared to traditional one-shot prompting approaches. By shifting analytical processes from
implicit heuristics to explicit, data-informed reasoning, SCPILOT offers a robust, transparent, and
continually improving foundation for single-cell biological discovery, paving the way for AI systems
that actively reason alongside scientists as genuine scientific partners.

Limitations and Future Work. Despite progress, significant challenges persist. Current data
compression may miss subtle signals from rare cell populations, requiring enhanced representation
methods. Scaling ONR to billion-token contexts and integrating retrieval-augmented reasoning chains
pose major scalability issues. Furthermore, ensuring trustworthiness requires robust methods to
mitigate LLM hallucinations and incorrect claims. Finally, a key future direction is integrating exper-
imental wet-lab feedback to validate computational predictions in vitro, confirming the biological
validity of ONR frameworks.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: Yes, the abstract and introduction of this paper faithfully and accurately reflect
the paper’s contributions and scope.
Guidelines:

• The answer NA 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 No or
NA 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]
Justification: Yes, we thoroughly discuss the limitations and potential future improvements
in the supplementary.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No 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?
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Answer: [NA]

Justification: [TODO]
Guidelines:

• The answer NA 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 disclose all details to reproduce the main experiments across both the
main text and the supplementary.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No 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
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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: [Yes]

Justification: Yes, we open-source and upload our code and data in the supplementary.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.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 “No” 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:
//nips.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.

• 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 URLs 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, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Yes, we specify all experiment details across the main text and the supplemen-
tary.

Guidelines:

• The answer NA 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: [Yes]

Justification: Yes, we report the statistical significance of the experiments.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence 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).
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• 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).

• 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: Yes, we report the running cost in our supplementary to reproduce our experi-
ments.

Guidelines:

• The answer NA means that the paper does not include experiments.
• 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).

9. 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: Yes, we strictly follow the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, 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).

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

Answer: [NA]

Justification: [TODO]
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
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• 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).

11. 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., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: [TODO]
Guidelines:

• The answer NA 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: Yes, we assign proper credits to all assets used in this paper.
Guidelines:

• The answer NA 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.
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• 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: [Yes]
Justification: Yes, we thoroughly document our data and code in the supplementary.
Guidelines:

• The answer NA 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
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: [NA]
Justification: [TODO]
Guidelines:

• The answer NA 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.

15. 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: [NA]
Justification: [TODO]
Guidelines:

• The answer NA 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.
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16. Declaration of LLM 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 rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: Yes, our framework is built on top of the reasoning capability of LLMs as a
reasoning engine for the framework.
Guidelines:

• The answer NA 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 (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Data and Code Availability

All of the raw and processed single-cell RNA-seq datasets used in SCPILOT are publicly sourced
collections. The Cell type annotation datasets are detailed in Table 9, the Trajectory inference
collections in Table 10, and the GRN TF–gene prediction cohorts in Table 11. For each dataset, we
release the processed objects (H5AD format for scRNA datasets, and csv format for GRN data),
along with cell-type labels, trajectory gold-standards, and GRN reference networks.

The complete source code for dataset preprocessing, automatic graders, evaluation metrics, and
benchmark drivers is released under the MIT license and available at our SCPILOT github https:
//github.com/maitrix-org/scPilot.

B Additional Details of SCPILOT and SCBENCH

B.1 Model zoo

We specify the exact versions of the 7 proprietary models and 1 open-source model in the SCPILOT.
This model zoo spans both large-scale multimodal systems and lightweight, inference-optimized
variants, ensuring a comprehensive evaluation of performance trade-offs in single-cell analysis tasks.

Table 8: Large Language Model Zoo: Current State-of-the-Art Models

Model Name Version/ID Description
OpenAI Models

GPT-4o gpt-4o-2024-08-06 Omni model with multimodal capabilities
GPT-4o-mini gpt-4o-mini-2024-07-18 Lightweight variant of GPT-4o
O1 o1-2024-12-17 Advanced reasoning model
O1-mini o1-mini-2024-09-12 Efficient version of O1

Google DeepMind Models

Gemini 2.0 Pro gemini-2.0-pro-exp-02-05 Experimental professional model
Gemini 2.0 Flash gemini-2.0-flash-thinking-exp-01-21 Optimized for fast inference
Gemini 2.5 Pro gemini-2.5-pro-exp-03-25 Latest pro model iteration

Google Open Models

Gemma 3 27B — 27B parameter instruction-tuned model

B.2 Dataset description

We elaborate on the details of the dataset in SCBENCH.

Cell Type Annotation. We selected 3 datasets, and their details are in 9. The "# Cell types" column
refers to the number of ground truth cell types. The "Celltypist Model" column refers to the Celltypist
model we used to evaluate Celltypist baseline performance on this dataset.

Table 9: Summary of Cell Type Annotation Datasets

Dataset Tissue Size # Cell Types CellTypist Model Source
Liver Mouse liver 41,000 cells × 2,000 genes (HVGs) 31 Healthy_Mouse_Liver [43]
PBMC3k Human PBMC 2,638 cells × 13,714 genes 8 Immune_All_Low [1]
Retina Human retina 20,091 cells × 19,719 genes 9 Fetal_Human_Retina [50]

Trajectory Inference. We selected 3 datasets, and their details are in 10. The "# Timepoints"
column represents the innate developmental stage design in the single-cell sequencing experiment.
For example, in the Pancreas dataset, there are 4 timepoints, from E12.5 to E15.5, corresponding to
Day 12.5 to Day 15.5 in the embryo. The "# Trajectory Nodes" represents the number of cell type,
and thus the number of nodes on the trajectory tree.

GRN TF-gene Prediction. From the GRNdb database, we selected 3 tissues, and their details are in
11. For each tissue, we compared its SCENIC-generated TF-gene pairs with the CHiP-Seq verified
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Table 10: Summary of Trajectory Datasets

Dataset Tissue Size # Timepoints # Trajectory Nodes Source
Pancreas Mouse pancreas 36,351 cells × 17,327 genes 4 14 [5]
Liver Mouse liver 44,010 cells × 2,000 genes (HVGs) 4 15 [45]
Neocortex Human neocortex 33,976 cells × 35,543 genes 2 16 [53]

database TRRUST. If this pair exists in TRRUST, we recognize it as a positive edge. Then, we
randomly sample another gene that does not result in a verified or SCENIC-generated TF-gene edge.
So we have half questions as positive (answer is yes, TF-gene relationship exists) and half as negative
(answer is no, there is no regulation).

B.3 Evaluation Metrics

B.3.1 Cell Type Annotation

The key to calculating the Cluster-level accuracy is similarity based on the GO database.
Table 11: GRN task summary by held-out context

Dataset name Verified TF–gene Edge Total Questions Unique TFs

Stomach 23 46 10
Liver 71 142 21
Kidney 49 98 21

Cleaning and Standardizing Cell
Type Names. Raw cell type names
often exhibit inconsistencies such as
mixed casing, redundant suffixes, or
ambiguous abbreviations. To address
this, a cleaning and standardization process was applied:

• Automatic Cleaning: Plural forms (e.g., “cells”) were converted to singular (e.g., “cell”), redundant
whitespace and punctuation were removed, and biologically meaningful symbols (e.g., slashes “/”)
were retained.

• Standardized Mapping: Cleaned names were first matched against a predefined dictionary of
known cell type nomenclature. For names not found in the dictionary, a language model was used
to generate standardized mappings dynamically, ensuring coverage of uncommon or ambiguous
terms.

This process harmonized all cell type names, enabling consistent downstream analysis.

Mapping to Cell Ontology Identifiers. Standardized cell type names were mapped to terms in the
Cell Ontology (CL) to integrate annotations with structured biological knowledge:

• Ontology Querying: Names were queried against the Cell Ontology using an automated search
tool, retrieving corresponding identifiers (CLIDs) and high-level categories.

• Handling Unmapped Names: Names that could not be mapped directly to the ontology were
retained for further review or additional processing.

This mapping ensured systematic alignment between predicted and reference annotations.

Construction of the Ontology Tree. The hierarchical relationships within the Cell Ontology were
leveraged to evaluate lineage-based relationships between predicted and reference annotations:

• Ontology Hierarchy Parsing: The Cell Ontology was downloaded in OWL format, and parent-
child relationships between ontology terms were extracted.

• Graph Construction: A directed acyclic graph (DAG) was built, where nodes represented CLIDs,
and edges denoted parent-child relationships.

This hierarchical structure enabled evaluation beyond direct matches, incorporating extended lineage-
based relationships.

Ontology-Based Scoring Framework. Inspired by the ontology-based scoring methodology in
GPTcelltype, a scoring framework was developed to incorporate both exact and hierarchical matches:

• Exact Match: A score of 1.0 was assigned if the predicted CLID(s) exactly matched the reference
CLID(s).
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• Partial Match: A score of 0.5 was assigned if the predicted CLID(s) overlapped with the reference
CLID(s) or their relatives (parent or child terms) in the ontology hierarchy.

• No Match: A score of 0.0 was assigned if no overlap was observed.

This scoring framework ensured biologically meaningful comparisons while accounting for the
hierarchical structure of the Cell Ontology.

Biological Context Validation. To ensure the biological relevance of predictions, an additional layer
of validation was performed:

• Relative Identification: Using the ontology graph, predictions were cross-checked against all
known relatives of the reference CLIDs, including parents and children.

• Broad Type Consistency: Predictions were compared at higher categorization levels (e.g., “im-
mune cells,” “stromal cells”) to ensure consistency with the broader biological context.

Summary. The evaluation methodology integrates systematic name cleaning, dynamic mapping,
and ontology-aware scoring to ensure biologically accurate assessments. By leveraging both direct
matches and hierarchical relationships within the Cell Ontology, the framework provides a robust and
biologically meaningful evaluation of cell type annotations.

B.3.2 Trajectory Inference

To evaluate the predicted trajectory tree against the ground truth, we employ three distinct metrics
capturing structural and spectral similarities:

Jaccard Similarity (Nodes). We quantify the structural similarity between predicted and ground
truth trees at the node level using the Jaccard similarity coefficient. For two trajectory graphs with
node sets Vpred and Vgt, representing the predicted and ground truth trees, respectively, the Jaccard
similarity is defined as:

J(Vpred, Vgt) =
|Vpred ∩ Vgt|
|Vpred ∪ Vgt|

(7)

where | · | denotes set cardinality. This metric ranges from 0 to 1, with higher values indicating greater
overlap between the node sets of the two trees.

Graph Edit Distance (GED). Graph Edit Distance (GED) quantifies the structural dissimilarity
between two graphs by measuring the minimum number of edit operations required to transform one
graph into another. For predicted and ground truth graphs Gpred = (Vpred, Epred) and Ggt = (Vgt, Egt),
the GED is formally defined as:

GED(Gpred, Ggt) = min
γ∈Γ(Gpred,Ggt)

∑
e∈γ

c(e) (8)

where Γ(Gpred, Ggt) denotes the set of all possible edit paths transforming Gpred into Ggt, and
c(e) represents the cost of edit operation e (node/edge insertion, deletion, or substitution). For
computational tractability, we impose a timeout constraint of 10 seconds. Lower GED values indicate
greater structural similarity between the graphs.

Spectral Distance (Euclidean). Spectral distance captures global structural properties of graphs by
comparing the eigenvalue distributions of their normalized Laplacian matrices. For graphs Gpred and
Ggt, let Lpred and Lgt denote their respective normalized Laplacian matrices. The spectral distance is
defined as the Euclidean distance between their ordered eigenvalue spectra:

dspectral(Gpred, Ggt) = ∥λpred − λgt∥2 =

√√√√ n∑
i=1

(λpred
i − λgt

i )
2 (9)

where λpred = (λpred
1 , . . . , λpred

n ) and λgt = (λgt
1 , . . . , λ

gt
n) are the eigenvalues of Lpred and Lgt

arranged in ascending order. Lower spectral distances indicate greater similarity in the global
topological structure of the graphs.
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B.3.3 GRN TF-gene Prediction

We evaluate the prediction performance of Gene Regulatory Network (GRN) transcription factor
(TF)-gene interactions using standard binary classification metrics:

Area Under the ROC Curve (AUROC). The AUROC quantifies the classifier’s discriminative
ability across all possible decision thresholds. For a binary classifier with varying threshold τ , the
AUROC is computed as:

AUROC =

∫ 1

0

TPR(t) dFPR(t) (10)

where the True Positive Rate (sensitivity) and False Positive Rate (1-specificity) are defined as:

TPR(τ) =
TP(τ)

TP(τ) + FN(τ)
, FPR(τ) =

FP(τ)
FP(τ) + TN(τ)

(11)

Confusion Matrix. The confusion matrix provides a comprehensive breakdown of prediction
outcomes for a given threshold, capturing the counts of true negatives (TN), false positives (FP), false
negatives (FN), and true positives (TP):

C =

[
TN FP
FN TP

]
=

[
|ŷ = 0, y = 0| |ŷ = 1, y = 0|
|ŷ = 0, y = 1| |ŷ = 1, y = 1|

]
(12)

where y and ŷ denote the ground truth and predicted labels, respectively.

C Additional Results

C.1 Occasional suboptimal performance

Occasionally, a simpler ‘Direct’ prompt can outperform SCPILOT. These cases are rare, systematic,
and informative. SCPILOT overwhelmingly outperforms the baseline (wins in 87 of 108 total
comparisons). The rare losses are systematic: 13 of 21 (62%) are from less-capable "mini" models.
Their limited capacity for sustained logic leads them to "over-explore" and make mistakes with
SCPILOT’s extended reasoning.

Table 12: Runtime of various LLMs.
LLM Runtime Std. Dev.
GPT-4o 3.9701 0.1045
GPT-4o-mini 3.7513 0.1673
o1 11.4210 0.4140
o1-mini 4.0072 0.1827
Gemini-2.0-pro 30.6115 0.4351
Gemini-2.0-flash 11.0586 0.1445
Gemini-2.5-pro 29.7689 0.2197

For the few remaining cases with powerful models, the
cause is high dataset nuances, inducing "overthinking."
The only two powerful-model losses in cell-type annota-
tion occurred on our most complex dataset, Liver. The
characteristics of our datasets explain this pattern:

PBMC3k contains 8 clusters and 8 cell types. It is a sim-
ple dataset characterized by a clear 1:1 mapping between
clusters and cell types, with distinct marker genes. SCPI-
LOT performs well on this dataset, although mini models
may already saturate its performance ceiling.

Retina consists of 18 clusters and 9 cell types. It has
moderately clear cell types with slight ambiguity. On this
dataset, SCPILOT consistently improves accuracy over simpler baselines.

Liver includes 28 clusters and 31 cell types. This dataset is highly complex, with overlapping
developmental lineages and noisy expression patterns. On such data, SCPILOT can sometimes
“overthink” and merge distinct subtypes, reducing performance.

In the complex Liver dataset, SCPILOT using the powerful o1 model achieved a score of 0.518,
while the simpler Direct method scored 0.560. A key error involved confusing developmentally
related hepatocytes and hepatoblasts. Because they share many markers, SCPILOT’s deep reasoning
amplified this ambiguity and wrongly merged them, whereas the Direct method was incidentally
correct by ignoring this nuance.

This analysis delineates the boundaries for applying LLMs to complex biological data and will be
incorporated into the manuscript. Future improvements include adaptive reasoning depth and marker
clarity assessments.
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C.2 Time Cost Analysis

In Table 12, we recorded average time cost of different LLM API calls, during the TF-gene prediction
task. The OpenAI family consistently returns results in 3.8 - 4.0s except o1, whereas the full-scale
Gemini-2.0-pro and Gemini-2.5-pro take about 30s per run—way slower than OpenAI models.
Even Gemini “flash-thinking” (≈11s) is still nearly three times slower than OpenAI’s baseline models.
o1 reasoning took 3x extra time compared with its mini variant.

LLM propose cell types of interest, with
their marker genes:

Filtering with data

LLM analyze gene expression in data

LLM finalize
annotation:

Eval: 
3 correct, 3 partial,

2 incorrect
Confusion in NK / CD8 T

Overwhelmed in Cluster 5

Top gene of clusters using scanpy

Annotate this PBMC dataset

Problem in reasoning: too many cell types
proposed! but missing Monocyte subtypes...

Figure 6: SCPILOT GPT-4o-mini reasoning in
PBMC3k annotation, with problem noted

This significant runtime gap indicated clear
trade-offs among reasoning depth, inference la-
tency, and model scale. Gemini’s substantial de-
lay likely arose from Google AI’s more complex
internal processing or longer input handling,
as even its optimized "flash-thinking" variant
failed to match OpenAI’s baseline speed. Mean-
while, o1’s roughly threefold increase in latency
compared to its mini variant suggested that de-
tailed step-by-step reasoning incurs notable over-
head, potentially due to longer context handling
and more elaborate token-by-token generation.
Thus, selecting appropriate LLMs for biological
tasks involved balancing performance demands:
faster models like GPT-4o or mini variants for
efficiency, versus slower, larger models when
sophisticated reasoning outweighs runtime con-
siderations. While Gemini was substantially
slower in its AI infrastructure.

C.3 Accessibility
and Financial Cost Analysis

Our novel omics-native reasoning (ONR)
paradigm is inherently more demanding than
standard text analysis and requires powerful
LLMs, a point confirmed by our experiments
on Gemma 3 27B (the best open-source model
testable on 8xH100s at the time). Our experi-
ments reveal two reasons why ONR is challeng-
ing for current open-source models:

Insufficient Domain Knowledge: Weaker models lack the nuanced, pre-trained understanding of
biology, such as raw markers and pathways, to interpret omics data correctly.

Poor Instruction Following: Weaker models often fail to follow complex instructions and adhere to
biologist-defined formats (e.g., JSON), breaking the reasoning chain.

These insights are a key contribution, offering guidance for future model development. How-
ever, the cost of using powerful models via SCPILOT is negligible. Our detailed cost analysis for
Gemini-2.5-Pro shows that a complete run for our most complex tasks costs only a few cents,
making the framework accessible 13. Token counts were approximated with tiktoken. Cost for
Gemini-2.5-Pro is 1.25 / 1M input, 10 / 1M output; no caching was used in the cost analysis.
The negligible cost allows any lab to leverage state-of-the-art AI without expensive local GPUs.
Developing cheaper, specialized open-source models for ONR is a promising future direction; in
parallel, our framework provides an immediate, accessible tool for the community.

C.4 Additional ablation studies

C.4.1 Sensitivity analysis on Cell type annotation marker gene selection

For cell-type annotation, a key hyperparameter is K, the number of top marker genes. We tested
performance sensitivity on the PBMC3k dataset for K = 5, 10 (our default), and 20 in table 14.
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Task (single run) In token Out token In $ Out $ Total
Cell-type annotation (retina) 6,155 2,197 0.008 0.022 0.03
Trajectory inference (neocortex) 8,221 2,702 0.010 0.027 0.04
GRN TF→gene (stomach, 46 pairs) 17,877 9,276 0.022 0.093 0.12

Table 13: Cost analysis of SCPILOT on all three tasks (Gemini-2.5-Pro)

Performance peaks at our chosen K = 10. More importantly, the strong results across different
values demonstrate that our approach is robust and not highly sensitive to this hyperparameter.

Table 14: Annotation Accuracy (PBMC3k) vs. Number of Top Genes (K)

K Model Avg Accuracy Variance
5 o1 0.771 0.001
5 GPT-4o-mini 0.500 0.016

10 (Default) o1 0.792 0.005
10 (Default) GPT-4o-mini 0.604 0.001

20 o1 0.750 0.016
20 GPT-4o-mini 0.542 0.009

C.4.2 Validation of Intermediate Tool Calls

To validate that SCPILOT’s reasoning is grounded in its tool outputs, we performed perturbation
studies on two critical components. We will add these results to the manuscript.

1. Perturbation of Gene Ontology (GO) Database in GRN Prediction To test dependency on
the GO database for Gene Regulatory Network (GRN) prediction, we shuffled its term associa-
tions with random noise 15. Corrupting GO data significantly degrades AUROC (e.g., p = 0.044
for GPT-4o-mini), confirming that SCPILOT’s reasoning relies on accurate information from this
intermediate step.

Table 15: Impact of GO Perturbation on GRN Prediction (AUROC)

Model AUROC (Original) AUROC (GO Shuffled) ∆ AUROC
o1 0.873 0.813 -0.060

gpt-4o 0.800 0.710 -0.090
GPT-4o-mini 0.697 0.617 -0.080

2. Perturbation of py-Monocle Output in Trajectory Inference We tested dependency on
py-Monocle by providing SCPILOT with a corrupted report (randomized cluster relationships and
pseudotime order) for the liver dataset 16. The performance drop across metrics demonstrates that
accurate outputs from tools like Monocle are critical for SCPILOT.

Summary: These experiments prove that SCPILOT’s success is fundamentally dependent on the
integrity of the data provided by the bioinformatics tools it integrates.

C.4.3 Additional Experiments in Error Propagation and Uncertainty Assessment

1. Error Propagation via Input Perturbation We highlight the input perturbation experiments
from our main text (Figure 4a), where we removed all contextual metadata (e.g., tissue type) from the
input prompt for the PBMC3k annotation task. In the Supplementary experiment, we removed the
key input context, witnessing significant performance drops, and confirming that rich metadata is
critical for reliability 17.

2. Uncertainty and Reliability Assessment We performed a new reliability analysis on the GRN
prediction task (Stomach dataset). We calculated 95% confidence intervals (CIs) from 10 trials,
performed 1000-bootstrap resampling, and assessed calibration using Expected Calibration Error
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Table 16: Impact of Monocle Perturbation on Trajectory Inference (o1 model)

Metric Original Avg Perturbed Avg Performance Change
Jaccard 1.000 0.933 Worse

GED-nx (10s) 8.00 11.33 Worse
Spectral Distance 0.567 0.593 Worse

Table 17: Results of Context Removal on PBMC Dataset Annotation Accuracy

Model Accuracy (Original) Accuracy (No Context) Performance Drop
o1 0.792 0.688 ↓ 0.104

GPT-4o 0.646 0.583 ↓ 0.063
GPT-4o-mini 0.604 0.416 ↓ 0.188

(ECE) and Brier scores. The o1 model is more accurate, stable (tighter CI), and reliable (lower ECE
and Brier scores) 18.

Table 18: Uncertainty & Calibration Metrics for GRN Prediction

Model 95% CI (10 runs) Bootstrap (±) ECE Brier Score
o1 0.84–0.90 ±0.05 0.05 0.14

GPT-4o-mini 0.65–0.75 ±0.10 0.12 0.20

C.5 SCPILOT vs. A General-purpose Biomedical Agent Biomni

We conducted a detailed qualitative and quantitative comparison against Biomni, a powerful state-of-
the-art general-purpose biomedical LLM agent. This comparison highlights the value of SCPILOT’s
specialized, reasoning-first approach.

Contrasting Design: Reasoning-First vs. Tool-First The core difference is our design philosophy.
SCPILOT is a specialized, reasoning-first agent, whereas Biomni is a general-purpose, tool-first agent.
We described in detail in table 19.

Figure 7: SCPILOT o1 Liver Trajectory

Impact on Scientific Accuracy This design difference
leads to significant accuracy gaps. In all 3 tasks, SCPILOT
significantly outperformed Biomni. The results have been
included in the main text tables 2, 6 and 7.

For two specific reasoning differences: In Retina anno-
tation: SCPILOT correctly distinguishes fine-grained sub-
types (e.g., ON- vs. OFF-bipolar cells), whereas Biomni
makes clear errors, mislabeling Müller glia as amacrine
cells. In Liver trajectory inference: SCPILOT correctly
identifies the Epiblast root and reconstructs faithful lin-
eages, while Biomni misplaces cell types (e.g., “Cardiac
muscle”) in the lineage, ignoring gene evidence.

Value in Efficiency and Cost SCPILOT’s specialized ap-
proach is also vastly more efficient and cost-effective. As
shown in table 20, SCPILOT is up to 30× cheaper and
significantly faster because its curated toolchain and reasoning-first method avoid costly, broad tool
searches. It also succeeds on the complex Gene Regulatory Network (GRN) prediction task, where
the general-purpose agent fails. This comparison shows that while general-purpose agents are flexible,
SCPILOT’s specialized reasoning delivers higher scientific fidelity at a fraction of the cost.
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Table 19: Design comparison of SCPILOT (reasoning-first) and Biomni (tool-first).

Dimension SCPILOT (Reasoning-First) Biomni (Tool-First)
Workflow Hypothesis formulation → Omics-

native reasoning → Iterative refine-
ment

Run tool → Keyword lookup →
Hard-coded template

Error Handling Self-diagnoses biologically implau-
sible steps and revises

Falls back to heuristics on Python
errors; no biological validation

Output Transparent Chain-of-Thought:
Explanations, confidence scores

Data Dump: Dictionaries, tables,
templated outputs

Table 20: Efficiency and cost comparison between SCPILOT and Biomni.

Task (vs. Biomni on Gemini-
2.5 Pro)

SCPILOT
Time

SCPILOT
Cost

Biomni Cost Cost Ratio

Cell-type annotation 1–3 min $0.03 $0.80–$1.00 ∼27–33×
Trajectory inference 1–3 min $0.04 $0.80–$1.00 ∼20–25×
GRN prediction 3–5 min $0.12 Unsuccessful N/A

D Biological Insights

D.1 Annotation

Figure 8: SCPILOT GPT-4o Retina Annotation

Figure 8 analyzes the component impact on
retina annotation. SCPILOT GPT-4o scored
0.789 on retina, correctly annotating 14 clus-
ters (e.g., Rod Photoreceptors), with 2 partially
matched and 3 incorrect (e.g., Cluster 19). In
cluster 0,1,7,8, the model correctly picked up
rod-specific phototransduction cascade genes.
Then, in cluster 14, the model demonstrated its
ability to resolve low-abundance cones, despite
a much larger rod pool. In cluster 17, SCPILOT
successfully found horizontal Cells with expres-
sions of genes like PROX1 and GAD1, meaning
it was capable of correctly identifying rare cell
types (≈ less than 1% of retina cells).

In the main text, we displayed the superior annotation reasoning of SCPILOT in SCPILOT using the o1
model. Here we present the inferior GPT-4o-mini reasoning proposed too many T cell subtypes and
confused by multiple gene expressions 6: labeling NKG7/GZMB/FCGR3A + with CD8 T (Cytotoxic
T Cells), and NKG7, CXCR4, CD3E with a broad T cell. In cluster 5, GPT-4o-mini collected 8
distinct highly expressed genes, and failed to find their relationship, labeling it with T cell again
incorrectly.

D.2 Trajectory Inference

Figure 7 shows a sample trajectory tree analysis in a liver dataset with SCPILOT utilizing the o1
model. It compares the prediction to the ground truth, with shared edges annotated in solid black.
The sharing 10 edges, with 3 missing (false negatives, blue) and 5 extra (false positives, red), showing
SCPILOT’s role in structural accuracy. In Table 21, these ten faithful edges preserve the global
skeleton of liver organogenesis: extra-embryonic tissues split early, mesoderm feeds into hepatic and
vasculogenic branches, and the hepatoblast lineage matures correctly down to terminal hepatoblasts.

In Table 22, collectively, three missed and five extra edges all cluster around the mid-level mesodermal
hub (nodes 7, 9, 12, 0, 4). The predictor correctly recognized the existence of these cell types (so
Jaccard = 1) but mis-ordered their emergence, compressing or swapping developmental stages.
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Key Changes

Correcting the developmental root
I01 / PA01 – flagged that Primordial Germ Cells were
erroneously set as the root; insisted Epiblast/Pluripotent
cells are the true somatic origin 
Root now contains two Epiblast/Pluripotent branches (Utf1⁺,
Pou5f1⁺) and PGCs have disappeared entirely from the main
soma‑lineage graph.

Eliminating biologically impossible jumps
I04, I08 – called out hepatoblast → cardiomyocyte,
hepatoblast → endothelial, and other time‑reversal edges
Those cross‑germ‑layer edges are gone; cardiomyocytes now sit on
their own mesoderm‑derived branch under Primitive Streak, and
endothelial cells descend from Hemangioblasts rather than
hepatoblasts.

Reconstructing canonical hepatic lineage
I02, I03 – laid out the correct step‑wise path (Epiblast → Definitive Endoderm → Foregut →
Hepatic Endoderm → Hepatoblast → Fetal Hepatocyte)
The branch Epiblast (Utf1⁺) → Krt8⁺ Def. Endoderm → Krt8/18⁺ Early Hepatoblast →
Ttr/Spink1⁺ Early Hepatic Prog. → Ttr/Dlk1⁺ Developing Hepatoblast → Afp⁺ Maturing
Hepatocyte mirrors the textbook chronology and marker progression.

Refining terminal‑state definition
I05 / PA03 – noted that early progenitors were mis‑classified as terminals
Terminal leaves are now genuine differentiated states (Afp⁺ hepatocytes,
Cdh5⁺ endothelial cells, Gata1⁺ erythroid cells, Col3a1⁺ fibroblasts,
cardiomyocytes), while progenitors (e.g., hemangioblasts) are internal
nodes.

Jaccard Similarity (nodes): 1GED-nx (10s) = 2Spectral Distance = 0.1799

Jaccard Similarity (nodes) = 1
GED-nx (10s) = 8

Spectral Distance = 0.5088

Analysis

Figure 9: Gemini-2.5-Pro omics-driven reasoning in Trajectory Inference, with/without py-
Monocle

Table 21: Strengths of the prediction

Developmental
branch

Correct edge(s) Biological interpretation

Early extra-
embryonic lineage

root→13 (visceral en-
doderm)

Visceral-endoderm branch is captured exactly.

Primitive streak II
cascade

root→10→14, 10→7
(primitive streak II →
yolk sac/mesoderm)

Temporal progression from primitive streak II
into yolk-sac lineage and generic mesoderm re-
produced.

Hepatic trajectory 12→3→8→6, 12→11 splanchnic mesoderm→ gut-tube endoderm
→ migrating→ definitive hepatoblasts; side
branch to septum transversum mesenchyme
Full liver lineage—including side mesenchymal
branch—recovered without error.

Hemangioblast bi-
furcation

4→2, 4→5 (endothe-
lium / hematopoietic)

Correct divergence of endothelial vs. hematopoi-
etic fates from hemangioblast.

Concluding the biological picture in this predicted tree: Early specification (root → primitive streak
II / visceral endoderm) and late hepatic maturation (hepatoblast lineage) were handled very well.
Mesodermal diversification, the branching that creates cardiac, vasculogenic, and early streak I
derivatives, was the main failure point, leading to an over-connected mesh among mesodermal
descendants. Outside this mid-zone, no errors occurred. Thus, SCPILOT’s largest contribution to the
errors (3 FN + 5 FP) was a localized mis-routing rather than global disorganization.

In short, the predictor gave an accurate outline of liver development but compresses the timeline of
mesodermal commitment, underscoring the need for finer temporal cues to distinguish closely related
mesoderm-derived cell types. SCPILOT successfully integrated functional relevance, expression
context, and known regulatory pathways to make accurate predictions, demonstrating their potential
for biologically informed inference when provided with sufficient cues.

D.3 GRN Prediction

The correct predictions in Table 23 were explained in the main text.
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Table 22: Weak spots in the prediction

Issue Edge(s) concerned Error type Consequence
Primitive streak I or-
phaned

root→9 (primitive
streak I)

Missing
(FN)

Early streak I appears later than it
should, breaking its parallel origin
with streak II.

Mesodermal
diversification
under-represented

7→0, 7→4 (cardiac
mesoderm, heman-
gioblast)

Missing
(FN)

Fails to branch cardiac and vasculo-
genic fates directly from mesoderm.

Spurious fan from
mesoderm

7→12, 7→9 Extra (FP) Mesoderm now feeds splanchnic meso-
derm and streak I, conflating separate
temporal stages.

Mis-routing via
splanchnic meso-
derm

12→0, 12→9 Extra (FP) Pulls cardiac mesoderm and streak I
into a downstream compartment.

Looping of vasculo-
genic branch

9→4 (heman-
gioblast)

Extra (FP) Places hemangioblast downstream of
streak I instead of mesoderm, forming
an artificial detour.

The incorrect predictions 24 frequently arose from insufficient search for domain knowledge or
misleading biological signals. For instance, the prediction of Usf2 regulating Pigr occurred when
models lacked detailed searching for their relationship, limiting their ability to justify or reject a link.
In predicting Fos regulating Hmox1, shared GO term annotations between a TF and its candidate
target gene falsely suggested functional association, leading to incorrect reasoning.

D.4 Conclusion on SCPILOT accelerating discovery.

1. Transparent agent loops. All intermediate outputs and reasoning steps are logged, letting biologists
audit each decision.

2. Cross-task generality. The same kernel framework solved annotation, trajectory inference, and
GRN prediction tasks, hinting at broad utility.

3. Plug-and-play tool integration. The agent can ingest outputs from Monocle, SCENIC, and more
traditional bioinformatics analysis tools without code changes, making it easy to layer domain
heuristics on top of LLM reasoning.

E Prompt Templates

E.1 Cell Type Annotation Direct Prompting

Below is the one-step prompting for cell type annotation, purely based on the top marker genes for
each cluster, and the context.

Direct Prompt for Cell type Annotation

system role = "You are expert in scRNA sequencing cell type annotation."
content = this is background information: self.config["initial_hypothesis"]
look at this dict: cluster_gene_dict. This is cluster number and the corresponding top
differential genes of each cluster. Please provide cell type annotation for each cluster.
Output in text dict format just like the input dict. Keys are number of cluster, and Values are
strings of cell type names. Output should be text dict, no other word should exist.

E.2 Cell Type Annotation SCPILOT

Below are the prompts in the multi-agent framework for SCPILOT cell type annotation. In the
hypothesis generation, SCPILOT integrates the top marker genes per cluster, dataset context and
potentially, information from previous iterations to create hypothesis about the dataset.
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Table 23: SCPILOT o1 successful reasoning in TF-Gene Prediction

TF → Gene
(Tissue)

Reasoning Why the reasoning succeeded

Stat1 → Irf7
(Stomach)

Stat1 is a key regulator of interferon
signaling, and Irf7 is essential for
type I interferon induction. Both
genes share the GO term defense
response to virus, suggesting func-
tional overlap. Although direct evi-
dence in stomach tissue is limited,
shared antiviral pathways make di-
rect regulation plausible.

The answer recognizes that STAT1 sits
at the hub of type-I interferon signaling
and that IRF7 is the master amplifier of
the same pathway. It explicitly points out
their shared GO term “defense response
to virus”, connecting transcription-factor
activation, downstream gene induction,
and antiviral state. That functional con-
vergence is exactly what experimental
immunologists rely on when mapping
STAT1–IRF7 regulatory cascades in mu-
cosal tissues.

Klf4 →
Muc5ac (Stom-
ach)

Klf4 is known to maintain epithe-
lial homeostasis and can regulate
mucin genes in the gastrointesti-
nal tract. Muc5ac is the principal
mucin in the stomach and is crucial
for gastric barrier function. Given
Klf4’s role in controlling mucin ex-
pression (e.g., Muc2) and epithelial
differentiation, it is plausible that it
may also directly regulate Muc5ac.
However, definitive experimental
evidence for direct regulation in the
stomach remains limited.

Instead of merely noting that both are “ep-
ithelial,” the model explains that KLF4
maintains gastric epithelial homeostasis
and has precedent for activating mucin
genes (e.g., Muc2 in the intestine). It
then argues that MUC5AC is the prin-
cipal gastric gel-forming mucin, mak-
ing KLF4-driven regulation biologically
plausible. By marrying KLF4’s differ-
entiation role with the barrier function
of MUC5AC, the reasoning shows a nu-
anced grasp of gastric physiology.

SCPILOT Prompt for Cell type annotation - hypothesis

content = f"Top {len(self.top_genes)} differentially expressed genes: {self.top_genes}"
if self.reference_dict:
content += f"You can refer to the possible cell types of these top genes in this dictionary-
self.reference_dict"
content += f"Current Hypothesis:self.hypothesis"
if annotation_dict:
content += f"The cell type annotation from previous iterations annotation_dict"
if no_gene_cluster: content += f"Clusters without need to be focused on: {no_gene_cluster}"
if iteration_summary:
content += f"This is summary of previous iteration annotation, with information of next steps
to take. iteration_summary"
system_role = "You are a research assistant specializing in cell biology. Based on top
differentially expressed genes, previous cell type annotation (if provided), Clusters without
need to be focused on (if provided), summary of previous iteration annotation (if provided),
and failed genes (if provided), refine the given hypothesis to be more accurate and specific."

In the marker gene proposal step, SCPILOT specifically proposes a marker gene list for the cell types
of interest.

SCPILOT Prompt for Cell type annotation - marker gene proposal

prompt = f”’ You are a bioinformatics expert specializing in liver cell annotation. Your task
is to propose an experiment for cell type annotation based on the following information:
Refined hypothesis: self.hypothesis
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Table 24: SCPILOT o1 failed reasoning in TF-Gene Prediction

TF → Gene
(Tissue)

Reasoning Why the reasoning failed

Usf2 → Pigr
(Stomach)

Usf2 is a bHLH-LZ tran-
scription factor best character-
ized for regulating metabolic
and some housekeeping genes.
Pigr encodes an immunoglob-
ulin receptor primarily active
in mucosal immunity.
There is no known func-
tional overlap or evidence of
co-regulation between Usf2
and Pigr in stomach tissues.
Hence, a direct Usf2 → Pigr
regulation in the stomach is
unlikely.

The model claimed ’no known functional over-
lap’ because PIGR is a mucosal-immunity
gene and USF2 ’mostly regulates metabolic
genes’. In reality, USF family bHLH factors
bind canonical E-box motifs present in the Pigr
promoter and are documented activators of
several immune-related transporters. By re-
stricting USF2 to ’metabolic housekeeping’,
the explanation ignored promoter architecture
studies that tie USF2 to Ig-transport regulation
in gut epithelium—hence the false negative.
Actually, one published journal [? ] has ex-
plicitly mentioned this TF-gene relationship,
indicating that the current SCPILOT is not an
expert in searching literature.

Fos → Hmox1
(Stomach)

Fos is a key component of the
AP-1 complex, known to reg-
ulate stress-responsive genes,
including those involved in
cellular response to cadmium
ion. Hmox1 is upregulated
by oxidative and heavy metal
stress and shares this func-
tional pathway with Fos tar-
gets. This overlap suggests
moderate potential for direct
regulation of Hmox1 by Fos
in the stomach.

The model argued that both genes are
“stress-responsive” and share the GO term
cellular response to cadmium ion, con-
cluding a plausible AP-1–driven induction.
HMox1 transcription is, in fact, dominated
by NRF2/KEAP1 and small-Maf binding at
antioxidant-response elements, not by AP-1
sites. While AP-1 motifs exist in the far up-
stream enhancer, they are not functional in gas-
tric tissue for HMox1. The explanation, there-
fore, over-generalized “stress overlap” without
checking the principal regulatory axis, yield-
ing a false positive.

Instructions:
0. We have already labeled some of clusters, the information is in annotation_dict
1. a) The most important unsolved clusters are no_gene_cluster.
b) Other cell types in annotation_dict is cell types we labeled with high or low confidence.
We first need to decide whether we should annotate them again.
2. For the cell types we have already successfully used, the gene marker list is success-
ful_genes.
For large cell types like hepatocyte or B cell, the remaining clusters might still contain them,
but for smaller cell types you don’t need to think about them again. For the marker genes we
already used but did not detect any expression, the list is failed_genes. So you don’t need to
try these gene and related cell type again.
3. Do not specify the cluster with cell type here. You can just output cell type and related
marker genes.
4. Only provide proposal of unlabeled clusters, consider potential overlaps in marker gene
expression between cell types:
a) Name of the cell type b) 3-5 marker genes
Output format: 1. List of cell types with their markers: [Cell Type 1]: Gene A; Gene B; Gene
C [Cell Type 2] ...
2. Python list of all marker genes: MARKER_GENES = [’GeneA’, ’GeneB’, ’GeneC’, ...]
Remember: - Be specific and concise in your descriptions. - Ensure all cell types have at least
3 marker genes. - Include the Python list of all marker genes at the end of your response,
don’t use any backtick. ”’
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system_role = "You are an AI trained to design scientific experiments based on hypotheses
and background information."

In the evaluation step, SCPILOT analyze the dotplot expression data, and make comprehensive
evaluation about the expression and thus perform prediction.

SCPILOT Prompt for Cell type annotation - evaluation

content = f”’ Context: You are working on a single-cell RNA sequencing cell type annotation
task. The goal is to identify distinct cell types based on gene expression patterns. You have
created a dotplot using a set of marker genes to visualize gene expression across different
clusters.
MUST remember: you should list the cell types here. All cell types you refer to, should be in
here. possible_cell_types
Data: For each cluster, the top genes are in this dictionary: marker_genes The clusters
cannot find top genes are: empty_keys These are the genes that are successfully (highly)
expressed in some clusters: success_list These are the genes that are failed to express in any
clusters: fail_list There are some clusters that have similar expression, so we did differential
expression analysis for these cluster pairs. The pairs and top differential genes are in:
similar_clusters_dict
Add-on: Duplet and Contamination in dotplot: duplet_rule Any other important instructions:
contamination_rule
Please give greatest attention to the Add-on part, if they are provided. Make sure to use them
in your analysis.
Instructions: Please analyze the provided data and answer the following questions:
1. Gene-level analysis: a) Which genes are highly expressed in specific clusters? Provide a
detailed description. b) Are there any genes that show differential expression across clusters
(high in some, low in others)? c) Are there any genes that are not informative for cell type
annotation (low expression across all clusters)? You should answer this question based on
negation of 1b.
2. Cluster-level analysis: a) Are there any clusters that lack high expression of any marker
gene? If so, list the cluster numbers. There are in total cluster_size clusters, index from 0.
3. Overall assessment: a) Based on the gene expression patterns, are there distinct clusters that
potentially represent different cell types? b) Can you assign specific cell type identities to any
of the clusters based on the marker gene expression? If so, provide your cell type annotations.
You should only assign one cell type to each cluster. No doublet or contamination here. c) To
refine the cell type annotation, recommend possible additional cell types. d) To refine the cell
type annotation, recommend any particular cluster to perform subgrouping.
4. Confidence assessment: a) What are confidence levels of your annotation? Please also
assign a confidence score to the process name you selected. This score should follow the
name in parentheses and range from 0.00 to 1.00. A score of 0.00 indicates the lowest
confidence, while 1.00 reflects the highest confidence. This score helps gauge how accurately
the annotation is. Your choices of confidence score should be a normal distribution (average
= 0.5) You should consider if the annotation is widely seen, using deterministic wording
and following background of dataset. For instance, if you label a doublet, or using word
"probable", the score should be lower.
b) Based on confidence levels, what are the annotation results that you want to "stabilize",
that is not change in next steps? if iteration is 1, you should choose top 1/3 confident clusters.
if iteration is 2 and beyond, you should choose top 2/3 or more clusters. You can choose this
threshold.
Please provide your answers in a structured JSON format, addressing each question separately
using "1a" "2a" etc.
Remember, this is one iteration cell type annotation for a liver scRNA-seq dataset. Your
insights will guide further refinement of the analysis. ”’ system_role = "You are an expert
bioinformatician specializing in single-cell RNA sequencing data analysis and cell type
annotation."
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E.3 Trajectory Inference

Both Direct prompting and SCPILOT use the same simple annotation prompt to generate annotated
clusters for trajectory analysis.

Direct and SCPILOT Prompt for Trajectory - annotate

query = f""" You are analyzing single-cell RNA-seq data. The dataset contains clusters of
cells identified by Leiden clustering. Given these clusters and reference cell types, predict
the most likely annotation for each cluster. First, read the context. Then, use the top 5 genes
to annotate each cluster. Finally, refine the annotation with the percentage of timepoint in
each cluster, so you will know the cell type in the cluster is more likely in the proliferating or
mature stage.
Please refer to the context information of the dataset: context Please base your annotation on
the top 5 genes of each cluster: top5_dict Here is the percentage of timepoint in each cluster:
day_percentage
Remember, every cluster is a distinct cell type.
First output your chain of thought, then provide output as a dictionary mapping cluster IDs
to cell type annotations. For the dictionary, ONLY output a python code dictionary, do not
include “‘python “‘. """

The Direct Prompting use a one-step tree construction prompt, trying to connect all annotated clusters
in one tree.

Direct Prompt for Trajectory - build tree

query = f""" Construct a developmental trajectory tree for the clusters in the single-cell
dataset. Here is the context: context Ensure: 1. The tree starts from the root (youngest stage).
2. Progression follows biologically meaningful paths. 3. Misplaced branches are flagged.
Data: 4. Cell Type annotation for each cluster: annotated_clusters 5. Developmental stages:
day_percentage
In your trajectory tree, do not include any time stage, only use the Cell clusters. We need
to set a dummy node as root (use the name "root"), and then add all cell types iteratively as
leaves and leaves of leaves. DO NOT include any other node except root and cell types.
First output your chain of thought, then provide output trajectory tree as a nested dictionary at
the END. For the nested dictionary, ONLY output a python code dictionary, no backslash n to
make new line. do not include “‘python “‘. Do not put anything else after the nested dict. """

SCPILOT adopts a multi-step tree construction prompting. First, find the root node (initial cell type).
Then iteratively add the leaves to the tree and then finalize the trajectory.

SCPILOT Prompt for Trajectory - multi-step tree reconstruction

root_query = f""" You are analyzing a single-cell RNA-seq dataset with developmental
progression. Context: context
Given the following: - Cell Type annotation for each cluster: annotated_clusters - Develop-
mental stages as percentage across timepoints: day_percentage
Task: Identify the single most appropriate root cluster for a developmental trajectory tree.
This should represent the developmentally earliest or least differentiated cell population.
Only return the name of the root cluster as a string. Do not include any additional explanation.
"""
tree_query = f""" Construct a developmental trajectory tree starting from the root cluster:
"root_cluster".
Context: context
Given: - Cell Type annotation for each cluster: annotated_clusters - Developmental stages:
day_percentage
Task: Iteratively construct a trajectory tree: 1. The tree should begin at the root cluster:
"root_cluster". 2. Add directional edges from the root to other clusters based on develop-
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mental progression. 3. Each edge should represent a biologically meaningful transition.
4. Continue expanding the tree until all clusters are connected. 5. Flag any biologically
implausible transitions (e.g., backward differentiation).
Output Format: Return a Python dictionary where: - Keys are parent nodes (clusters). -
Values are lists of child clusters. Ensure every cluster appears at least once in the tree.
In your trajectory tree, do not include any time stage, only use the Cell clusters. We need
to set a dummy node as root (use the name "root"), and then add all cell types iteratively as
leaves and leaves of leaves. DO NOT include any other node except root and cell types. """
finalize_query = f""" Please extract the trajectory tree inside the input. The input containing
the tree is whole_tree IN YOUR REPLY, ONLY output python code tree, DO NOT include
“‘python “‘. You can represent a tree using nested dict. DO NOT USE any square brackets.
ALWAYS use nested curly brackets.

After receiving the report from py-Monocle, SCPILOT will generate an analysis summarizing how to
improve based on Monocle suggestions.

SCPILOT Prompt for Trajectory - analysis monocle

analysis_prompt = f""" Analyze these components for trajectory improvement: 1. Biolog-
ical context: context 2. Current trajectory: trajectory_tree 3. Cluster annotations: anno-
tated_clusters 4. Analytical report: trajectory_report Identify: - Missing progenitor rela-
tionships - Cluster-cell type mismatches - Marker gene contradictions - Structural hierarchy
errors - Root node completeness """

Then, SCPILOT will reconsider the cell type annotation and trajectory with the Monocle analysis.

SCPILOT Prompt for Trajectory - reconsider with monocle

query = f""" Perform comprehensive validation of cell trajectory and annotations using
biological context and analytical report insights.
Requirements: 1. Analyze context to identify key gene markers for cell fate determination. 2.
Validate hierarchical structure in trajectory_tree matches differentiation pathways. 3. Resolve
any inconsistencies in annotated_clusters using markers from trajectory_report. 4. Ensure
root node contains all initial progenitor states. 5. Remove temporal references, focus on
lineage relationships.
Current trajectory structure: trajectory_tree
Existing cluster annotations: annotated_clusters
This is the analysis about how to improve: analysis
No matter how you modify, you should make sure all the cell types in the final cell type
annotation dict are in the final trajectory structure, and vice versa.
Output Format requirement: - DO NOT use “‘python“‘ to wrap your python code. - Return
as string of two dictionaries: trajectory_dict and annotation_dict. - Trajectory must be
hierarchical dict. set a dummy node as root (use the name "root"), and then add all cell types
as leaves. - In your trajectory, do not include any square brackets. use ’str’ to contain nodes,
and curly bracket to show tree trajectories. - In the trajectory, Leaf node values should always
be empty dictionaries (empty curly brackets) - Annotation dict must map ALL cluster IDs to
terminal cell types.
ONLY output the string of two dictionaries, no additional text/formatting. Be extra careful
with the format of curly brackets in the nested dict of trajectory_dict. """

SCPILOT will have a final synthesis step that keep all the reconsidered results consistent.

SCPILOT Prompt for Trajectory - final synthesis

synthesis_prompt = f""" Current adjusted trajectory and refined annotations: response
You may see it is a string containing one nested dictionary for trajectory, and one dictionary
for annotation. We want to extract these dictionary from the string.
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Make sure to output the current input materials in correct format: Make sure all the cell types
in the final cell type annotation dict are in the final trajectory structure, and vice versa.
Output Format requirement: - DO NOT use “‘python“‘ to wrap your python code. - Return as
a single Python tuple with (trajectory_dict, annotation_dict) - Trajectory must be hierarchical
dict. set a dummy node as root (use the name "root"), and then add all cell types as leaves. -
In your trajectory, do not include any square brackets. use ’str’ to contain nodes, and curly
bracket to show tree trajectories. - In the trajectory, Leaf node values should always be empty
dictionaries (empty curly brackets) - Annotation dict must map ALL cluster IDs to terminal
cell types
ONLY output the Python tuple (trajectory_dict, annotation_dict), no additional text/formatting.
"""

For GRN TF-gene prediction, the Direct Prompting only asks a simple question regarding this
TF-gene relationship.

Direct Prompt for GRN prediction

prompt = f""" Decide how much possible tf directly regulates gene in (ctxB):
The possibility is a number from 0 to 1.
Return exactly: Reasoning: <your reasoning> Possibility is: <your possibility> """.strip()

For SCPILOT, the GRN TF-gene prediction incorporates more inputs. There is more context about
the tissue of TF and gene, and the GO database functional overlap for TF and gene.

SCPILOT Prompt for GRN prediction

prompt = few_shot_block() + f""" *Task*: • TF: tf and Context A tissues (ctxA) • Functional
overlap (shared GO BP terms): overlap
Decide how much possible tf directly regulates gene in (ctxB):
The possibility is a number from 0 to 1.
Think step by step: 1. Recall TF tf’s biological role. 2. Compare gene with known tf targets.
3. Conclude which statement fits better (<= 4 sentences).
Return exactly: Reasoning: <your reasoning> Possibility is: <your possibility> """.strip()

38


	Introduction
	Related Work
	scPilot: Automation of Single-Cell Analysis by LLMs
	The scPilot Framework
	scBench: Benchmarking scPilot with Real-World Biological Meaningful Tasks

	Experiments
	Main Result Analysis
	Ablation Studies
	Biological Interpretability and Insights

	Conclusions
	Data and Code Availability
	Additional Details of scPilot and scBench
	Model zoo
	Dataset description
	Evaluation Metrics
	Cell Type Annotation
	Trajectory Inference
	GRN TF-gene Prediction


	Additional Results
	Occasional suboptimal performance
	Time Cost Analysis
	Accessibility and Financial Cost Analysis
	Additional ablation studies
	Sensitivity analysis on Cell type annotation marker gene selection
	Validation of Intermediate Tool Calls
	Additional Experiments in Error Propagation and Uncertainty Assessment

	scPilot vs. A General-purpose Biomedical Agent Biomni

	Biological Insights
	Annotation
	Trajectory Inference
	GRN Prediction
	Conclusion on scPilot accelerating discovery.

	Prompt Templates
	Cell Type Annotation Direct Prompting
	Cell Type Annotation scPilot
	Trajectory Inference


