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Abstract
Virtual cell modeling predicts molecular state
changes under genetic perturbations in silico,
which is essential for biological mechanism
studies. However, existing approaches suffer
from unconstrained reasoning, uninterpretable
predictions, and retrieval signals that are
weakly aligned with regulatory topology.
To address these limitations, we propose
AROMA, an Augmented Reasoning Over
a Multimodal Architecture for virtual cell
genetic perturbation modeling. AROMA
integrates textual evidence, graph-topology
information, and protein sequence features
to model perturbation-target dependencies,
and is trained with a two-stage optimization
strategy to yield predictions that are both
accurate and interpretable. We also construct
two knowledge graphs and a perturbation
reasoning dataset, PerturbReason, containing
more than 498k samples, as reusable resources
for the virtual cell domain. Experiments show
that AROMA outperforms existing methods
across multiple cell lines, and remains robust
under zero-shot evaluation on an unseen
cell line, as well as in knowledge-sparse,
long-tail scenarios. Overall, AROMA demon-
strates that combining knowledge-driven
multimodal modeling with evidence retrieval
provides a promising pathway toward more
reliable and interpretable virtual cell per-
turbation prediction. Model weights are
available at https://huggingface.co/
blazerye/AROMA. Code is available at
https://github.com/blazerye/AROMA.

1 Introduction

Cells are the fundamental functional units of liv-
ing systems, and predicting how cellular molecu-
lar states change following genetic interventions is
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Figure 1: Limitations of existing virtual cell modeling
methods and an overview of the AROMA framework.

a central problem in modern biology (Karr et al.,
2012; Bunne et al., 2024). Virtual cell modeling
aims to address this problem in silico by forecast-
ing perturbation responses under a specific cellu-
lar context. In this work, we focus on genetic
perturbation prediction at the gene level: given a
cell line context, a perturbation gene, and a target
gene, the model predicts whether the target gene
is upregulated, downregulated, or remains non-
differentially expressed. This task formulation is
motivated by practical needs in biological hypoth-
esis generation and intervention analysis. How-
ever, it remains challenging because perturbation
effects are highly context-dependent and can prop-
agate through multi-step regulatory cascades.

Despite rapid progress in virtual cell modeling,
existing approaches still face three recurring limi-
tations in perturbation prediction and reasoning, as
summarized in the upper panel of Figure 1. First,
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unreliable free-form reasoning under interven-
tions. General Large Language Models (Dubey
et al., 2024; Guo et al., 2025; Hurst et al., 2024;
Comanici et al., 2025; Yang et al., 2025) can gen-
erate fluent explanations, but without explicit bi-
ological constraints, they often yield biologically
implausible or unreliable predictions for genetic
perturbations. Domain-tuned language models (Is-
trate et al., 2025; Phillips et al., 2025) trained on
synthetic or weakly supervised reasoning traces
can improve plausibility, but they may inherit su-
pervision noise and thus remain less reliable. Sec-
ond, prediction without human-interpretable
reasoning. Many existing foundation models and
cell-state predictors (Roohani et al., 2024; Chen
and Zou, 2024; Cui et al., 2024; Hao et al., 2024;
Adduri et al., 2025) primarily return differential
expression scores or labels, without explicit ra-
tionales for why a target gene changes under a
given perturbation, limiting their value for hypoth-
esis generation and intervention analysis where
transparent justifications are required. Third,
retrieval is not structurally grounded in reg-
ulatory mechanisms. Retrieval-augmented ap-
proaches (Wu et al., 2025; Wei et al., 2025) ac-
cess external knowledge, but retrieved evidence
is loosely structured, topology-agnostic, and does
not model regulatory directionality or multi-step
propagation. Consequently, retrieval often offers
general functional context but cannot be systemat-
ically aligned with mechanistic pathways from a
perturbation gene to a downstream target, limiting
mechanistically grounded perturbation reasoning.

To address these issues, we propose AROMA,
an Augmented Reasoning Over a Multimodal
Architecture for virtual cell genetic perturbation
modeling. The core idea of AROMA is that per-
turbation prediction should be grounded in struc-
tured, query-specific biological evidence, explic-
itly modeling the dependency between the per-
turbation gene and the target gene. The overall
framework is illustrated in the lower panel of Fig-
ure 1, which summarizes the data construction,
model design, and training pipeline. Concretely,
AROMA constructs two complementary knowl-
edge resources that provide topology-grounded bi-
ological evidence: a Gene Knowledge Graph
(Gene-KG) capturing gene-gene associations, and
a Pathway Knowledge Graph (Path-KG) encod-
ing biological interaction structures. Given a per-
turbation query, the model retrieves functional de-
scriptions and connectivity evidence centered on

the perturbation and target genes, constraining the
prediction process to biological contexts consis-
tent with regulatory mechanisms. Building on this
structured evidence, AROMA further constructs
both structural and molecular level representations
for the perturbation and target genes, and mod-
els their relationship through an interaction mecha-
nism, enabling query-conditioned multimodal rea-
soning. As a result, predictions are no longer
driven solely by text, but are supported by ex-
plicit structural and molecular evidence. Finally,
we construct a reasoning dataset PerturbReason,
and optimize the model using a two-stage training
strategy to improve predictive accuracy while pro-
viding interpretable explanations in perturbation
predictions.

Building on the above, we summarize our main
contributions as follows:
• Multimodal Knowledge-Driven Framework
for Virtual Cell Perturbation Reasoning. We
propose AROMA, which integrates retrieved bio-
logical knowledge with molecular-level informa-
tion to model perturbation effects. Unlike label-
only predictors, AROMA also generates human-
interpretable reasoning paths explaining why a per-
turbation affects downstream target genes.
• Constructing Two Knowledge Graphs and a
Perturbation Reasoning Dataset. We construct
two scientific knowledge graphs, namely the Gene
Knowledge Graph and the Pathway Knowledge
Graph, as reusable resources that capture gene
functional relationships and regulatory interaction
topology. Building on these resources, we curate
the PerturbReason perturbation reasoning dataset,
contributing structured resources to the virtual cell
modeling community.
• State-of-the-art performance and robust gen-
eralization. Across multiple cell lines, AROMA
consistently outperforms existing models, while
achieving strong zero-shot generalization to un-
seen cell line and remaining robust on knowledge-
sparse, long-tail genes.

2 Related Work

2.1 Genetic Perturbation Prediction

Virtual cell modeling aims to predict cellular
responses under genetic interventions. Earlier
work relied on mechanistic whole-cell simula-
tions (Karr et al., 2012), whereas recent meth-
ods learn perturbation responses from large-scale
perturbation datasets (Bunne et al., 2024), and

31856



mainly differ in how they encode biological priors
and whether they provide explicit perturbation-to-
target evidence. Some methods inject structured
priors through regulatory networks or molecular
interaction graphs, such as GenePT (Chen and
Zou, 2024) and GEARS (Roohani et al., 2024).
Others focus on representation learning or gen-
erative modeling of post-perturbation expression
states across cellular contexts, including scFoun-
dation (Hao et al., 2024) and scGPT (Cui et al.,
2024) and perturbation-specific models such as
CPA (Lotfollahi et al., 2023), STATE (Adduri
et al., 2025), and CellFlow (Klein et al., 2025).
However, these approaches generally lack human-
interpretable mechanistic explanations, limiting
their practical utility in biological analysis and hy-
pothesis validation. Recently, retrieval-augmented
and LLM-based frameworks, such as SUMMER
(Wu et al., 2025) and VCWorld (Wei et al., 2025),
incorporate external textual evidence for pertur-
bation reasoning. However, retrieval is typically
driven by textual similarity and may overlook
structured regulatory topology linking perturba-
tion and target genes. Separately, works such as
SynthPert (Phillips et al., 2025) and rBio-1 (Is-
trate et al., 2025) train models using synthetic or
weakly supervised reasoning traces, where super-
vision noise may lead to unreliable predictions (Ji
et al., 2023). Complementary to these directions,
we retrieve descriptions of genes and their regula-
tory path evidence, and jointly leverage structural
and molecular information within a multimodal ar-
chitecture, thereby enabling evidence-driven and
human-interpretable predictions.

2.2 Multimodal Learning in Biology

Multimodal learning has become increasingly im-
portant in biology, with models integrating se-
quences, structures, and text (Montesinos-Lopez
et al., 2024; Zhang et al., 2025; Fallahpour et al.,
2025; Yuan et al., 2025; Kim et al., 2024). Two
modalities are especially relevant here: gene-
scale KG structure, encoded by structure-aware
graph encoders (Veličković et al., 2017; Ma et al.,
2022), and biomolecular sequences, encoded by
pretrained models (Lin et al., 2023; Ye et al., 2025;
Elnaggar et al., 2021). In perturbation predic-
tion, it remains relatively underexplored to jointly
leverage structure-aware KG representations and
sequence-derived molecular features for modeling
perturbation-target gene interactions, motivating
our interaction-centric multimodal design.

2.3 Knowledge Bases and Benchmarks

Biological knowledge bases provide structured pri-
ors about molecular interactions and functional or-
ganization. STRING (Mering et al., 2003) and
CORUM (Giurgiu et al., 2019) curate gene-gene
associations, while GO (Ashburner et al., 2000)
and Reactome (Croft et al., 2010) capture pathway-
level processes. Gene-level interaction graphs of-
fer local connectivity, whereas pathway resources
provide higher-level organization, and are often
used as evidence sources in perturbation model-
ing. In parallel, benchmarks such as PerturbQA
(Wu et al., 2025) support standardized evaluation
of perturbation reasoning and generalization.

3 Methodology

3.1 Problem Definition and Framework
Overview

This work studies the problem of predicting tar-
get gene expression states under genetic perturba-
tions. Given a cell line context c ∈ C, a pertur-
bation gene gp ∈ G, and a target gene gt ∈ G,
the goal is to predict a differential expression la-
bel y ∈ {Up,Down,Non-diff} for each triplet
x = (gp, gt, c). Model parameters are learned by
maximizing the conditional log-likelihood over a
training set D:

Θ∗ = argmax
Θ

∑

(x,y)∈D
logPΘ(y | x) (1)

where C and G denote the sets of cell line contexts
and genes, Θ and Θ∗ denotes the model parame-
ters, and PΘ(y | x) denotes the conditional label
distribution. Unlike standard classification tasks,
this problem requires the model not only to output
predictions but also to produce biologically mean-
ingful explanations. To address this problem, we
propose AROMA, whose overall pipeline is illus-
trated in Figure 2 and divided into three stages:
• Data stage. AROMA constructs two comple-
mentary knowledge graphs and a large-scale vir-
tual cell reasoning dataset for evidence grounding,
as described in Section 3.2.
• Modeling stage. AROMA adopts a retrieval-
augmented strategy to incorporate query-relevant
information, thereby providing explicit evidence
cues for prediction, as described in Section 3.3. In
addition, it jointly leverages topological represen-
tations learned from graph neural networks (GNN)
and protein sequence representations encoded by
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Figure 2: Overview of the AROMA pipeline. An Augmented Reasoning Over a Multimodal Architecture for
virtual cell genetic perturbation modeling.

ESM-2, and applies a cross-attention module to ex-
plicitly model perturbation-target gene dependen-
cies across modalities, as described in Section 3.4.
• Training stage. AROMA first performs multi-
modal supervised fine-tuning (SFT), and is then
further optimized with Group Relative Policy Op-
timization (GRPO) reinforcement learning to en-
hance predictive performance while generating bi-
ologically meaningful explanations, as described
in Section 3.5.

3.2 Construction of Knowledge Graphs and
Reasoning Dataset

To provide structured biological evidence for gene
perturbation prediction, we construct two knowl-
edge graphs and a perturbation reasoning dataset:
the Gene Knowledge Graph (Gene-KG), the
Pathway Knowledge Graph (Path-KG), and
PerturbReason. Gene-KG integrates STRING
(Mering et al., 2003) and CORUM (Giurgiu et al.,
2019) into a gene-level association network with
over 18k nodes and 700k edges, while Path-KG is
constructed from Gene Ontology (Ashburner et al.,
2000) and Reactome (Croft et al., 2010), whose
nodes span genes, functional terms, and biolog-
ical process entities, with over 80k nodes and
400k edges. The two graphs are complementary in
granularity and coverage, jointly providing multi-

level evidence, where edges are treated as associa-
tive rather than explicit causal relations. Building
on these resources, we construct PerturbReason, a
reasoning dataset with more than 498k samples,
based on the PerturbQA dataset (Wu et al., 2025).
For each instance, we retrieve gene functional de-
scriptions, regulatory paths from the knowledge
graphs, and cell line information, and organize
the evidence into an instruction-style input. Then,
based on the above evidence, we use DeepSeek-R1
(Guo et al., 2025) to generate label-consistent rea-
soning traces and corresponding predictions, form-
ing reasoning data for model training. To reduce
supervision noise, we retain only instances with
label-consistent answers and structurally valid rea-
soning. Details of the data construction prompt
templates, data construction procedure, and data
quality analysis are provided in the Appendix F
and Appendix G. Together, these resources pro-
vide reusable knowledge and training data for vir-
tual cell domain.

3.3 Retrieval-Augmented Contextualization

To provide the model with richer context, we con-
struct a retrieval-augmented textual input Xtext by
combining the query instance q with three types
of external evidence: gene functional descriptions
Tdesc, regulatory paths between genes Tpath, and
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Figure 3: Structural and sequence encoders in AROMA. A: A pretrained GAT on the Gene-KG and the Path-
KG encodes gene-centered subgraphs to obtain structural representations. B: A pretrained ESM-2 model encodes
the amino-acid sequence of each gene’s protein to obtain sequence representations.

cell line descriptions Tcell. The components are
mapped into a unified text representation by Φ(·):

Xtext = Φ
(
q, Tdesc, Tpath, Tcell

)
(2)

• Gene functional descriptions T desc. In the
SUMMER knowledge base (Wu et al., 2025), each
gene has two predefined functional descriptions:
characterizing its roles as a perturbation gene and
as a target gene. We automatically retrieve these
node-level functional summaries to obtain Tdesc.
• Regulatory paths between genes T path. To ex-
pose explicit regulatory structure, we use breadth-
first search (Bundy and Wallen, 1984) on the Path-
KG to extract up to three shortest paths, measured
by hop count, from the perturbation gene gp to the
target gene gt, denoted as Tpath, if no valid path
exists, Tpath is set to be empty.
• Cell line descriptions T cell. We construct a cell
line description repository based on Wikipedia en-
tries and retrieve the corresponding cell line de-
scriptions Tcell, enabling the model to perform rea-
soning under the appropriate cellular context.

3.4 Multimodal Interaction Encoding

While retrieval-based textual context provides
useful semantic cues for perturbation prediction,
structural and molecular representations further
enrich modeling of perturbation-target gene rela-
tionships. To this end, we introduce a multi-
modal interaction encoding module that combines
graph structure and protein sequences to form
perturbation-target gene interaction features.
Structure-Aware Graph Encoders. For the struc-
tural modality, we train two architecturally identi-
cal but parameter-independent GAT encoders on
the Gene-KG and the Path-KG, respectively. With

node states h(l)i at layer l, GAT updates representa-
tions via neighborhood attention aggregation:

h
(l+1)
i = ELU

( ∑

j∈N (i)

αijW
(l)h

(l)
j

)
(3)

where N (i) denotes the neighborhood of node i,
αij is the attention weight, W (l) is a layer-wise
projection, and ELU(·) is the activation function.
We first pre-train the two GAT encoders on their
respective graphs using an edge-prediction objec-
tive, as illustrated in Figure 3A(a). Specifically,
given node embeddings zu and zv, we first com-
pute an edge score suv that predicts whether the
candidate edge (u, v) exists:

suv = MLP
(
[zu; zv]

)
, (4)

where [zu; zv] denotes vector concatenation. The
encoder is then trained with a binary cross-entropy
loss:

Lpre = −
∑

(u,v)∈E
log σ(suv)−

∑

(u,v)/∈E
log
(
1−σ(suv)

)
(5)

where E is the edge set, σ(·) is the sigmoid func-
tion. Detailed implementation settings and exper-
imental results of GAT pre-training are provided
in the Appendix B.2, and Appendix C.3. Then,
at inference stage, as shown in Figure 3A(b), for
each query (gp, gt, c), we extract k-hop subgraphs
around gp and gt from both knowledge graphs.
We encode subgraph nodes with the correspond-
ing pre-trained GAT and mean-pooling the node
representations to obtain perturbation and target-
specific embeddings in each modality, denoted as
H

(p)
gene,H

(t)
gene and H

(p)
path,H

(t)
path. The choice of k is

discussed in the Appendix C.1.
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Protein Sequence Encoder. For the sequence
modality, as shown in Figure 3B, we represent
each gene by its encoded protein sequence. Us-
ing frozen ESM-2, we encode protein sequences
Sp and St and mean-pooling token states to obtain
gene-level embeddings:

hprot
p = MP(Φesm(Sp)) h

prot
t = MP(Φesm(St)) (6)

where Φesm(·) is frozen ESM-2 and MP(·) de-
notes mean-pooling over tokens. We keep ESM-2
frozen to directly reuse its general-purpose protein
representations from large-scale pretraining.
Cross-Modal Interaction Features. To explicitly
model perturbation-target gene interactions, we
apply modality-specific cross-attention for m ∈
{gene, path, protein}, using perturbation as query
and target as key and value. Interaction features
are computed by scaled dot-product attention:

zminter = Softmax

(
Qm,pK

⊤
m,t√

dk

)
Vm,t (7)

where Qm,p, Km,t, and Vm,t are linear projections
and dk is the key dimension. We then project each
interaction feature into the language model’s to-
ken space via a lightweight projector. Let Φm

proj
be the projector and eminter be the embedding of the
modality-specific placeholder token. The replace-
ment operation is formalized as

eminter ← Φm
proj(z

m
inter) m ∈ {gene, path, protein} (8)

By injecting these interaction embeddings at pre-
defined positions, the language model receives ex-
plicit multimodal perturbation-target gene interac-
tion signals in its input, supporting subsequent rea-
soning and prediction.

3.5 Two-Stage Optimization Strategy

To improve predictive performance and regularize
the model’s reasoning behavior, we adopt a two-
stage training scheme.
Multimodal Supervised Fine-Tuning. The first
stage performs multimodal SFT on a domain-
specific perturbation reasoning dataset constructed
in this work, denoted as Dsft, enabling the model
to align information across modalities and adapt
to domain-specific knowledge. Each instance con-
tains the input X , a reasoning sequence Yreason,
and a final answer Yanswer, concatenated into the

output Y . We optimize the standard autoregres-
sive language-modeling objective:

LSFT(Θ) = −
∑

(X,Y )∈Dsft

|Y |∑

t=1

logP (yt | y<t, X; Θ) (9)

where Θ denotes the model parameters, yt is the t-
th token, and y<t is its preceding context. During
this stage, the GNN encoders and ESM-2 encoder
are frozen, the interaction and projection modules
are fully fine-tuned, and the language model is up-
dated via LoRA.
GRPO-Based Reinforcement Learning. In the
second stage, we further refine the model’s reason-
ing with GRPO reinforcement learning, encourag-
ing accurate and well-explained predictions. In
this stage, the large language model is fine-tuned
with LoRA, while all other modules are frozen.
For each instance, we sample multiple reason-
ing trajectories and define a reward that reflects
task accuracy and reasoning quality. Concretely,
a reward of 5.0 is given for correct predictions
and −1.0 otherwise. An additional 0.5 is added
if the reasoning trace follows the predefined for-
mat, and another 0.5 if the answer contains ex-
actly one valid category. Rewards are normalized
within each trajectory group to compute advan-
tages, and the policy is optimized using GRPO
to improve reasoning quality and answer consis-
tency. Additional implementation details of the
two-stage training procedure are provided in the
Appendix D.

4 Experiments

4.1 Experimental Setup and Research
Questions

To systematically evaluate AROMA on gene per-
turbation prediction, we formulate five research
questions, as summarized below:
• Overall Predictive Effectiveness. Can AROMA
outperform existing methods on gene perturbation
prediction? Described in Section 4.2.
• Zero-Shot Generalization. In a zero-shot set-
ting on an unseen cell line, can AROMA avoid
significant performance degradation? Described
in Section 4.3.
• Component Contributions. Do the two-stage
optimization and the retrieval, GNN encoders, and
ESM-2 encoder modules lead to performance im-
provements? Described in Section 4.4.
• Knowledge-Sparse Regions. On low-popularity
and weakly connected genes, can RAG-based tex-
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Table 1: Performance comparison on the genetic perturbation prediction. The reported values are the F1-scores for
Non-differential (ND), Up-regulated (Up), and Down-regulated (Down) predictions across four cell lines.

Category Model K562 HepG2 Jurkat RPE1 Average
ND Up Down ND Up Down ND Up Down ND Up Down

General LLMs

DeepSeek-R1 (Guo et al., 2025) 0.69 0.21 0.07 0.61 0.20 0.22 0.61 0.19 0.19 0.63 0.16 0.14 0.33
OpenAI o4-mini (OpenAI, 2025) 0.71 0.23 0.07 0.64 0.22 0.23 0.63 0.20 0.27 0.68 0.13 0.21 0.35
GPT-5 (OpenAI Team, 2025) 0.76 0.31 0.12 0.71 0.29 0.35 0.69 0.27 0.25 0.72 0.23 0.22 0.41
Gemini-2.5-pro (Google Cloud, 2025) 0.74 0.29 0.13 0.69 0.27 0.26 0.68 0.25 0.22 0.69 0.21 0.21 0.39
Qwen3-235B (Yang et al., 2025) 0.70 0.19 0.07 0.63 0.21 0.22 0.62 0.21 0.19 0.61 0.19 0.13 0.33

Domain-Specific
Foundation Models

SynthPert (Phillips et al., 2025) 0.92 0.27 0.17 0.91 0.21 0.25 0.93 0.15 0.31 0.95 0.23 0.53 0.49
GAT (Veličković et al., 2017) 0.94 0.62 0.21 0.93 0.51 0.57 0.93 0.37 0.59 0.92 0.45 0.58 0.64
STATE (Adduri et al., 2025) 0.95 0.25 0.23 0.96 0.29 0.35 0.95 0.29 0.42 0.96 0.33 0.52 0.54
GEARS (Roohani et al., 2024) 0.94 0.37 0.26 0.95 0.26 0.42 0.96 0.17 0.57 0.92 0.37 0.21 0.53
scGPT (Cui et al., 2024) 0.92 0.52 0.15 0.93 0.46 0.54 0.93 0.34 0.54 0.92 0.42 0.57 0.60
GenePT-Gene (Chen and Zou, 2024) 0.93 0.34 0.24 0.93 0.30 0.55 0.94 0.24 0.60 0.93 0.34 0.57 0.58
GenePT-Prot (Chen and Zou, 2024) 0.94 0.47 0.17 0.94 0.37 0.56 0.95 0.31 0.61 0.93 0.39 0.61 0.60
SUMMER (Wu et al., 2025) 0.94 0.56 0.25 0.94 0.47 0.60 0.94 0.39 0.62 0.92 0.46 0.63 0.64

Ours AROMA 0.96 0.66 0.36 0.97 0.65 0.65 0.97 0.58 0.69 0.97 0.60 0.73 0.73

tual evidence and multimodal structural features
mitigate performance degradation in long-tail sce-
narios? Described in Section 4.5.
• GRPO Sampling Sensitivity. How sensitive is
AROMA to the number of sampled reasoning tra-
jectories in GRPO, and what trajectory count leads
to the most stable performance? Described in Sec-
tion 4.6.

In addition, we present a case study with
sentence-level source-tracing and biological valid-
ity analyses of the model-generated reasoning, de-
tailed in Appendix E.

All experiments are conducted on four human
cell lines: K562 (Andersson et al., 1979), HepG2
(Arzumanian et al., 2021), Jurkat (Gioia et al.,
2018), and RPE1 (Spalluto et al., 2013). Because
the task is a three-class classification problem with
imbalanced labels, we adopt Macro-F1 as the eval-
uation metric. Details of the data processing pro-
cedures and baseline configurations are provided
in Appendix D.

4.2 Overall Predictive Performance

In this task, each sample contains a cell-line con-
text, a perturbation gene, and a target gene, and
the model predicts whether the target gene is Non-
differential (ND), Up-regulated (Up), or Down-
regulated (Down) under the perturbation. All
methods are trained on the PerturbQA training
split and evaluated on its official test split, and the
results on the four cell lines are reported in Ta-
ble 1. AROMA achieves the highest average F1-
score and consistently outperforms all comparison
methods. General-purpose large language models
perform worst due to limited domain-specific in-
ductive bias, while domain-specific models benefit

from structured priors and obtain stronger results,
but their predictions lack interpretability. In con-
trast, AROMA integrates multimodal representa-
tions with retrieval-augmented evidence and a two-
stage training strategy, leading to substantially bet-
ter overall performance.

4.3 Zero-shot Generalization

To assess the zero-shot generalization capability of
AROMA, we design an evaluation setting: unseen
cell line. In this setting, the model is trained on
K562, HepG2, and Jurkat and evaluated on RPE1,
without any RPE1 training data. For comparison,
we also consider a non-zero-shot setting where the
model is trained on all four cell lines. The spe-
cific experimental results are reported in Table 2.
The experiments show that, even in this zero-shot
scenario, AROMA’s overall performance degrades
only slightly, and in most cases it still outperforms
other competing models (see Table 1), indicating
strong cross-distribution generalization and robust-
ness of AROMA. Such behavior is desirable in bi-
ological discovery, where new perturbations and
cellular environments are constantly emerging.

Table 2: Zero-shot performance comparison on the ge-
netic perturbation prediction in the RPE1.

Setting ND Up Down Avg

AROMA (Unseen Cell Line) 0.96 0.57 0.66 0.73
AROMA (Training) 0.97 0.60 0.73 0.77

4.4 Ablation Study

We conduct an ablation study to quantify the con-
tribution of each core component of AROMA. For
each variant, models are trained and evaluated on
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Table 3: Ablation study of different modules. 3 indicates the module is enabled, while 7 indicates it is disabled.

Training
Method

Reasoning
Data

RAG
Module

GNN
Encoders

ESM-2
Encoder

K562 HepG2 Jurkat RPE1 (Zero-shot) Avg
ND Up Down ND Up Down ND Up Down ND Up Down

Qwen3-8B 7 7 7 7 0.52 0.17 0.06 0.52 0.12 0.16 0.54 0.07 0.20 0.57 0.09 0.15 0.26
SFT 3 7 7 7 0.94 0.59 0.31 0.95 0.53 0.55 0.96 0.43 0.57 0.95 0.45 0.54 0.65

SFT + GRPO 3 7 7 7 0.96 0.63 0.33 0.96 0.59 0.57 0.96 0.49 0.62 0.95 0.52 0.61 0.68
SFT + GRPO 3 3 7 7 0.96 0.65 0.35 0.96 0.64 0.65 0.97 0.54 0.68 0.96 0.55 0.63 0.71
SFT + GRPO 3 7 3 7 0.96 0.65 0.35 0.96 0.62 0.62 0.97 0.55 0.64 0.95 0.53 0.65 0.70
SFT + GRPO 3 7 7 3 0.95 0.63 0.33 0.96 0.60 0.60 0.96 0.52 0.63 0.95 0.52 0.63 0.69
SFT + GRPO 3 7 3 3 0.96 0.65 0.36 0.96 0.62 0.63 0.97 0.56 0.66 0.96 0.53 0.65 0.71
SFT + GRPO 3 3 3 3 0.97 0.67 0.39 0.97 0.66 0.69 0.97 0.57 0.69 0.96 0.57 0.66 0.73

the standard K562, HepG2, and Jurkat splits, and
are additionally assessed in a zero-shot setting on
the held-out RPE1 cell line, where no RPE1 data
are used during training. The ablation results are
summarized in Table 3. The vanilla Qwen3-8B
backbone yields relatively low Macro-F1, indicat-
ing insufficient domain-specific inductive bias for
reliable perturbation reasoning. In contrast, SFT
on task-specific perturbation reasoning data yields
substantial gains, suggesting that injecting biolog-
ically grounded knowledge is critical for this task.
Building on SFT, GRPO-based reinforcement
learning further improves performance, suggest-
ing that using task-level feedback to guide the rea-
soning process enhances prediction accuracy. In-
corporating the retrieval-augmented module yields
additional improvements, as query-specific exter-
nal evidence provides complementary external ev-
idence beyond model-internal knowledge. On the
multimodal side, the pretrained GNN encoders
provide topology-aware structural representations,
while the ESM-2 encoder supplies complemen-
tary molecular-level information; removing either
leads to a clear performance drop, highlighting
their complementary roles. With all components
enabled, the full AROMA model achieves the best
overall performance, demonstrating the cumula-
tive benefits of integrating structural, molecular,
and retrieval-based evidence.

4.5 Robustness Under Knowledge Sparsity
To evaluate the robustness of AROMA under vary-
ing knowledge availability, we perform a strati-
fied analysis by grouping genes according to their
popularity and their connectivity. Gene popular-
ity is defined as the frequency of gene mentions in
26M PubMed (White, 2020) titles and abstracts,
and connectivity as node degree in the Path-KG.
For each criterion, test genes are ranked and par-
titioned into High, Mid, and Low groups, corre-
sponding to the top 20%, middle 40%, and bottom

40% of samples. This stratified evaluation uses
models trained on the combined training sets of
all four cell lines, with RPE1 results summarized
in Table 4 and results for the other cell lines re-
ported in Appendix C.4. The stratified analysis
shows that AROMA is more robust in knowledge-
sparse regions: from high-popularity or highly
connected genes to low-popularity or low-degree
genes, its performance degrades much less than
the variant without retrieval and multimodal mod-
ules. This indicates that AROMA’s gains do not
mainly arise from memorizing high-frequency or
highly connected genes, but from jointly model-
ing retrieval-augmented evidence and multimodal
representations, which helps maintain competitive
performance on low-exposure, long-tail genes.

Table 4: Stratified robustness evaluation on the RPE1.

Model Gene Popularity Node Degree

High Mid Low High Mid Low

w/o RAG & Multimodal 0.69 0.62 0.56 0.72 0.63 0.57
AROMA 0.77 0.74 0.71 0.79 0.75 0.69

4.6 Sensitivity to the Number of GRPO
Trajectories

To further analyze the sensitivity of AROMA to
the number of sampled reasoning trajectories in
GRPO, we conducted a comparative experiment
under three settings, where 4, 8, and 16 reason-
ing trajectories were sampled for each query, re-
spectively. The experimental results, shown in Ta-
ble 5, indicate that the overall performance of the
model improves steadily as the number of sam-
pled trajectories increases. In particular, when the
number of sampled trajectories is set to 16, the
model achieves the best or tied-best Macro-F1 on
all four cell lines, yielding the strongest overall
performance. Based on this observation, we adopt

31862



Table 5: Sensitivity analysis of the number of sampled GRPO trajectories.

Model K562 HepG2 Jurkat RPE1 Average
ND Up Down ND Up Down ND Up Down ND Up Down

AROMA (4 trajectories) 0.95 0.61 0.32 0.96 0.61 0.62 0.96 0.53 0.67 0.94 0.57 0.71 0.70
AROMA (8 trajectories) 0.95 0.64 0.35 0.96 0.64 0.65 0.97 0.57 0.69 0.97 0.59 0.73 0.72
AROMA (16 trajectories) 0.96 0.66 0.36 0.97 0.65 0.65 0.97 0.58 0.69 0.97 0.60 0.73 0.73

16 sampled trajectories per query in the main ex-
periments to obtain better overall performance.

5 Conclusion

In this work, we propose AROMA, an Augmented
Reasoning Over a Multimodal Architecture for vir-
tual cell genetic perturbation modeling, aiming
to reliably predict gene-level expression changes
under genetic perturbations while providing bio-
logically meaningful reasoning. Comprehensive
experiments show that AROMA achieves clearly
higher performance than other methods, and that
in zero-shot setting on unseen cell line, its accu-
racy degrades only mildly while remaining com-
petitive. Stratified analyses on low-popularity
and long-tail genes further indicate that AROMA
maintains comparatively stable performance in
knowledge-sparse regions, rather than relying on
the memorization of high-frequency or highly con-
nected genes. These experiments suggest that
explicitly embedding perturbation-target relation-
ships into a joint framework that integrates multi-
modal features, retrieval-grounded evidence, and
a two-stage training strategy provides an effective
pathway toward more reliable and interpretable
virtual cell modeling. Moreover, the two knowl-
edge graphs and the perturbation reasoning dataset
constructed in this work offer reusable data foun-
dations for future research on virtual cell domain.
Looking ahead, as a general and extensible frame-
work, AROMA will be further extended to broader
perturbation settings, including combinatorial ge-
netic perturbations and chemical interventions.

Limitations

Although AROMA achieves stable performance
gains over existing methods on genetic pertur-
bation prediction, demonstrates good cross-cell-
line generalization, and maintains reliable pre-
dictions on low-popularity and low-connectivity
genes where prior knowledge is relatively sparse,
this work still has three main limitations. First, the

current framework is restricted to single-gene per-
turbation modeling and evaluation, and cannot yet
directly handle more complex scenarios such as
multi-gene combinational perturbations with syn-
ergistic effects or chemical interventions with di-
verse molecular targets. Second, AROMA focuses
on three-class prediction at the level of a single
target gene, where each inference outputs the ex-
pression change category for one target gene un-
der a given perturbation and cell context, and it has
not yet been extended to jointly model the pertur-
bation effects on multiple downstream genes. Fi-
nally, the model relies on pre-constructed knowl-
edge graphs and external textual resources to pro-
vide structural and semantic evidence during pre-
diction, for genes that lack reliable annotations or
are not covered in these databases, the available
structural and functional information becomes ex-
tremely limited, which can lead to degraded pre-
diction performance on such samples.

Ethical Considerations

All data used in this study are derived from pub-
licly available and legally compliant datasets and
biological knowledge bases, and do not contain
any personally identifiable information or clini-
cal individual records. We carefully verified the
licensing terms and usage conditions of all data
sources to ensure the compliance and integrity
of the research process. The knowledge graphs
and perturbation reasoning data constructed in this
work are released for research purposes, with the
aim of supporting subsequent studies in virtual cell
modeling. Furthermore, we do not anticipate any
potential risks arising from this work, as it focuses
on methodological contributions and is conducted
entirely on non-sensitive scientific data. In addi-
tion, AI-assisted tools were used only for minor
English grammar refinement and language polish-
ing, and were not involved in any part of the re-
search process, including study design, data pro-
cessing, experimental analysis, or result interpre-
tation.
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A Algorithmic Framework of AROMA

This section provides a formal overview of
the algorithmic framework of AROMA. Algo-
rithm 1 presents a procedural description of the

Algorithm 1 AROMA Multimodal Training
Framework
Require: Multimodal reasoning dataset Dsft; Pre-

trained encoders {Egene, Epath, Eseq}; Base
LLM parameters ΘLLM.

Ensure: Optimized parameters Θ∗ (LLM via
LoRA) and Φ∗ (Interaction & Projectors).

1: Initialize interaction modules Φ =
{CrossAttnm,Φm

proj}m∈{gene, path, prot}
2: Attach LoRA adapters to ΘLLM; Freeze en-

coders {Egene, Epath, Eseq}
3: while not converged do
4: Sample mini-batch B =
{(q, Yreason, Yanswer)} ∼ Dsft

5: Parse perturbation gene gp and target gene
gt from query q
Step 1: Retrieval-Augmented Contextual-
ization (Sec 3.3)

6: RETRIEVECONTEXT(Tdesc, Tpath, Tcell)
for gp and gt

7: Xtext ← Φ(q, Tdesc, Tpath, Tcell)
Step 2: Multimodal Interaction Encoding
(Sec 3.4)

8: H
(p)
m ,H

(t)
m ← Em(gp, gt)

9: for m ∈ {gene, path, protein} do
10: zminter ← CROSSATTNm(H

(p)
m ,H

(t)
m )

11: eminter ← Φm
proj(z

m
inter)

12: end for
13: X ← INJECT(Xtext, {eminter}m) ▷

Combine text and multimodal tokens
Step 3: Two-Stage Optimization (Sec 3.5)

14: if Stage is SFT then
15: LSFT ← −

∑
logPΘ(yt | y<t, X)

16: Update: ΘLLM (LoRA) and Φ;
Freeze: {Egene, Epath, Eseq}

17: else if Stage is GRPO then
18: Sample trajectories τ ; Compute re-

wards R(τ) based on accuracy and format
19: LGRPO ← Eτ∼πΘ [R(τ) −

βKL(πΘ∥πref)]
20: Update: ΘLLM (LoRA) only; Freeze:

all other modules (Φ and E)
21: end if
22: end while
23: return Θ∗,Φ∗

overall model, covering the collaborative work-
flow among retrieval-augmented contextualiza-
tion, multimodal interaction feature injection, and
the two-stage training strategy.
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B Data Processing

B.1 Ternary Label Construction

We normalized raw single-cell gene expression
counts using a log-transformed counts-per-ten-
thousand scheme. For a cell i and gene j with raw
UMI count cij , the normalized expression value is
computed as:

xij = log

(
cij∑
j cij

· 10000 + 1

)
(10)

where xij denotes the normalized expression of
gene j in cell i. For each perturbation and target
gene, we compare perturbation cells with the cor-
responding non-targeting control (NTC) cells by
performing a Wilcoxon signed-rank test, and ap-
ply the Benjamini–Hochberg procedure to obtain
an adjusted p-value p̃. In parallel, we compute
the difference in mean normalized expression be-
tween perturbation and control cells for each target
gene j:

∆µj = meanperturbation(xj)−meanNTC(xj) (11)

where xj denotes the vector of normalized expres-
sion values of gene j across cells, and ∆µj is the
corresponding difference in mean expression be-
tween the perturbation and NTC groups. Based on
p̃ and the sign of ∆µj , each cell line-perturbation-
target gene triplet is mapped to a three-way label:
if p̃ < 0.05 and ∆µj > 0, the sample is labeled as
upregulated (Up); if p̃ < 0.05 and ∆µj < 0, it is
labeled as downregulated (Down); all remaining
cases are labeled as non-differentially expressed
(ND). This yields a ternary classification over {Up,
Down, ND} for downstream modeling. The corre-
sponding class counts for each cell line are shown
in Table 6.

Table 6: Summary of samples for each cell line.

Cell line Split Total ND Up Down

K562 Train 134,467 117,606 11,041 5,820
Test 23,212 20,093 2,530 589

HepG2 Train 101,140 86,883 6,249 8,008
Test 25,749 22,146 1,599 2,004

Jurkat Train 113,684 97,747 5,119 10,818
Test 29,138 25,017 1,379 2,742

RPE1 Train 149,147 127,860 8,381 12,906
Test 37,942 32,577 2,121 3,244

B.2 Sample Construction for GNN Encoders
Pre-training

For GNN encoders pre-training on both the Gene-
KG and Path-KG, we formulate the task as a link
prediction problem and construct samples based
on the connectivity patterns of the knowledge
graphs. Concretely, all observed edges between
nodes in a graph are treated as positive samples.
In parallel, negative samples are generated by sam-
pling node pairs that are not connected in the
graph, and the overall number of negative samples
is controlled such that the ratio between positive
and negative samples is kept at 1:1, yielding a bal-
anced binary classification dataset for link predic-
tion. We split all constructed samples into train-
ing, validation, and test sets with proportions of
80%, 10%, and 10%, respectively. The training
set is used for learning model parameters, the val-
idation set is used for monitoring and evaluating
model performance during training, and the test
set is used for evaluating the final trained model.
The above sample construction and data splitting
procedure is applied independently to each of the
two knowledge graphs, resulting in two separate
link prediction sample sets that are used to pre-
train the GNN encoders on the Gene-KG and Path-
KG, respectively. The numbers of positive and
negative samples constructed for pre-training on
the two knowledge graphs are summarized in Ta-
ble 7.

Table 7: Summary of positive and negative samples
for GNN encoders pre-training on the two knowledge
graphs.

Graph Split Positive Negative Total

Gene-KG

Train 602,090 602,090 1,204,180
Validation 75,261 75,261 150,522
Test 75,261 75,261 150,522
Total 752,612 752,612 1,505,224

Path-KG

Train 352,941 352,941 705,882
Validation 44,118 44,118 88,236
Test 44,117 44,117 88,234
Total 441,176 441,176 882,352

C Supplementary Experimental Results

C.1 Effect of Local Subgraph Range

In the multimodal interaction encoding stage,
AROMA extracts local k-hop subgraphs around
both the perturbation gene and the target gene
from the Gene-KG and the Path-KG, and encodes
these subgraphs with the pretrained GNN en-
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Table 8: F1-scores for different k-hop local subgraphs across cell lines.

Subgraph Range K562 HepG2 Jurkat RPE1 (Zero-shot)

ND Up Down ND Up Down ND Up Down ND Up Down

1-hop 0.97 0.67 0.39 0.97 0.66 0.69 0.97 0.57 0.69 0.96 0.57 0.66
2-hop 0.96 0.69 0.37 0.97 0.63 0.70 0.97 0.56 0.70 0.96 0.55 0.66
3-hop 0.97 0.66 0.40 0.97 0.67 0.69 0.96 0.55 0.69 0.96 0.56 0.65

coders followed by mean pooling to obtain struc-
tural embeddings. To systematically assess how
the neighborhood range affects predictive perfor-
mance, we vary k ∈ {1, 2, 3} when constructing
these local subgraphs. For each setting, we train
and evaluate the model on the K562, HepG2, and
Jurkat cell lines, and additionally perform unseen-
cell-line zero-shot evaluation on RPE1. The exper-
imental results are shown in Table 8. The results
indicate that the F1-scores obtained with 1-hop, 2-
hop, and 3-hop subgraphs are overall very similar
across cell lines, indicating that AROMA is rela-
tively robust to the choice of local neighborhood
size. Nevertheless, 1-hop subgraphs yield slightly
better performance in most cases. Consequently,
all main-text experiments adopt 1-hop local sub-
graphs as the default configuration for structural
evidence extraction.

C.2 Base Model Selection
To select an appropriate base language model
as the backbone of AROMA, we compare three
candidate models: Deepseek-Distilled-Llama-8B,
Llama3-8B, and Qwen3-8B. For each candidate,
we perform supervised fine-tuning on the domain-
specific reasoning dataset, train and evaluate the
model on the K562, HepG2, and Jurkat cell lines,
and additionally conduct zero-shot evaluation on
the unseen RPE1 cell line. The results are summa-
rized in Table 11. The experimental results show
that using Qwen3-8B as the base model yields the
best overall performance, with higher classifica-
tion metrics and a better average score across cell
lines compared to the other candidates. Therefore,
we adopt Qwen3-8B as the base language model
of AROMA and use it as the default backbone in
all subsequent experiments.

C.3 Experimental Results of GNN
Pre-training

The two GNN encoders are pre-trained on the
Gene-KG and Path-KG using a binary edge-
existence prediction objective, and AUROC is
used as the evaluation metric. The experimen-

tal results are reported in Table 9, which show
that the learned topological representations ex-
hibit good discriminative capacity and provide a
reliable structural basis for the subsequent multi-
modal interaction modeling.

Table 9: AUROC of GNN pre-training on the two
knowledge graphs.

Knowledge graph Test AUROC

Gene-KG 0.95
Path-KG 0.92

C.4 Stratified Robustness Results under
Knowledge Sparsity

In Section 4.5, we conduct a stratified robustness
evaluation of AROMA under different gene popu-
larity and node degree groups. The complete re-
sults are reported in Table 10.

Table 10: Stratified robustness evaluation on all cell
lines by gene popularity and node degree.

Cell Model Group High Mid Low

K562
w/o R&M Gene Popularity 0.65 0.57 0.53

Node Degree 0.65 0.59 0.51

AROMA Gene Popularity 0.69 0.64 0.61
Node Degree 0.71 0.62 0.61

HepG2
w/o R&M Gene Popularity 0.76 0.63 0.57

Node Degree 0.73 0.65 0.59

AROMA Gene Popularity 0.78 0.69 0.67
Node Degree 0.79 0.68 0.65

Jurkat
w/o R&M Gene Popularity 0.71 0.65 0.59

Node Degree 0.69 0.67 0.61

AROMA Gene Popularity 0.75 0.72 0.67
Node Degree 0.73 0.72 0.68

RPE1
w/o R&M Gene Popularity 0.69 0.62 0.56

Node Degree 0.72 0.63 0.57

AROMA Gene Popularity 0.77 0.74 0.71
Node Degree 0.79 0.75 0.69

D Experimental Setup

D.1 Model Architecture
Graph Neural Network Encoders. In the struc-
tural modality, all graph encoders used in this
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Table 11: Comparison of different base language models on the genetic perturbation prediction. All models are
fine-tuned on the domain-specific reasoning dataset. Reported values are F1-scores for Non-differential (ND), Up-
regulated (Up), and Down-regulated (Down) predictions across cell lines; RPE1 is evaluated in the unseen-cell-line
zero-shot setting.

Model K562 HepG2 Jurkat RPE1 (Zero-shot) Average
ND Up Down ND Up Down ND Up Down ND Up Down

Deepseek-Distilled-Llama-8B (SFT) 0.94 0.56 0.31 0.95 0.52 0.57 0.95 0.41 0.60 0.94 0.42 0.53 0.64
Llama3-8B (SFT) 0.94 0.51 0.27 0.95 0.47 0.56 0.95 0.38 0.53 0.94 0.36 0.48 0.61
Qwen3-8B (SFT) 0.94 0.59 0.31 0.95 0.53 0.55 0.96 0.43 0.57 0.95 0.45 0.54 0.65

work adopt a unified Graph Attention Network ar-
chitecture. The numbers of layers and the corre-
sponding hyperparameter configurations are sum-
marized in Table 12.

Table 12: Architecture configuration of the pretrained
GAT encoders.

Component Setting

Input feature dimension 1024
Hidden dimension 64
Output embedding dimension 1024
Number of layers 3
Attention heads 4
Activation function ELU
Dropout rate 0.5

Protein Sequence Encoder. For the sequence
modality, we use the pretrained ESM-2 model, and
adopt the esm2_t48_15B_UR50D variant in all ex-
periments.

D.2 Training Hyperparameters
GNN Pre-Training. For structural representation
learning on the Gene-KG and Path-KG, we pre-
train the GNN encoders under a link prediction
objective. The core training hyperparameters used
in the GNN pre-training stage are summarized in
Table 13.

Table 13: Hyperparameters used in GNN pre-training.

Hyperparameter Value

Optimizer AdamW
Learning rate 1e-3
Training epochs 200

Multimodal Supervised Fine-Tuning. In the
two-stage training pipeline, we construct the
GRPO training set by randomly sampling 5000
training instances from each cell-line subset of the
full training corpus. The sampled instances are
used exclusively for the second-stage GRPO opti-
mization, while the remaining training samples are

used for the first-stage multimodal supervised fine-
tuning. The main training hyperparameters used
in the multimodal supervised fine-tuning stage are
summarized in Table 14.

Table 14: Hyperparameters used in multimodal super-
vised fine-tuning.

Hyperparameter Value

Base LLM Qwen3-8B
LoRA rank r 16
LoRA α 32
LoRA dropout 0.1
Target modules All linear layers
Per-device train batch size 4
Gradient accumulation steps 4
Learning rate 1e-4
Training epochs 3
Precision bfloat16

GRPO Reinforcement Learning. The main train-
ing hyperparameters used in the GRPO stage are
summarized in Table 15.

Table 15: Hyperparameters used in GRPO reinforce-
ment learning.

Hyperparameter Value

Learning rate 1e-6
Adam β1 0.9
Adam β2 0.99
Weight decay 0.1
Warmup ratio 0.1
LR scheduler Cosine
Batch size (per device) 2
Gradient accumulation steps 8
Number of generations per query 16
Max completion length 2048
Training epochs 2
Precision bfloat16
Temperature 1.2
Top-p 0.9

D.3 Baseline Configurations

General LLMs For the general-purpose large lan-
guage model baselines reported in Table 1, we use
the official API versions listed in Table 16.
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Table 16: Model versions used for the General LLM
baselines.

Model Version

DeepSeek-R1 DeepSeek-R1-0528
OpenAI o4-mini openai-o4-mini-2025-04-16
GPT-5 gpt-5-2025-08-07
Gemini-2.5-pro gemini-2.5-pro-2025-06
Qwen3-235B Qwen3-235B-A22B-Instruct-2507

Domain-Specific Foundation Models For the
domain-specific foundation model baselines re-
ported in Table 1, we strictly follow the official
implementations and training procedures of each
method when reproducing and evaluating the re-
sults. All models are trained and evaluated using
the standard PerturbQA training-test splits, and we
adopt the best hyperparameter settings reported by
the original authors.

As the models used in this study are computa-
tionally expensive and a single full training run
typically requires more than 30 hours, all experi-
mental results reported in this paper are obtained
from a single full training and evaluation run un-
der the publicly released hyperparameter configu-
ration.

E Case Study

E.1 Reasoning Pipeline and Source Tracing

In this section, we present a case study to illustrate
the complete reasoning and generation pipeline
of AROMA, including the process from the ini-
tial query, to constructing a retrieval-augmented
prompt based on biological evidence, and finally
to generating the model’s reasoning output. In ad-
dition, we perform sentence-level source-tracing
analysis on the generated answer to verify that
each key statement can be grounded in the re-
trieved biological evidence, thereby demonstrat-
ing that the model output is supported by ex-
plicit knowledge sources. A visualization of the
sentence-level source-tracing analysis is shown in
Figure 4.

At first, the model receives the following origi-
nal query:

Example of Original Query.

"Analyze the regulatory effect of knocking down
the TULP1 gene on the ITCH gene in a single-cell
RPE1 cell line using CRISPR interference."

After receiving the original query, AROMA

automatically retrieves biologically relevant evi-
dence from the Pathway Knowledge Graph and ex-
ternal biological databases. The retrieved evidence
includes functional descriptions of the perturba-
tion and target genes, pathway-level regulatory
connections between them, and cell-line-specific
contextual information. An example of the re-
trieved information is shown below.

Example of the retrieved information.

"Perturbation_gene": "TULP1"
"Target_gene": "ITCH"
"Cell_line": "RPE1"
"Perturbation_Gene_summary_1": "Perturbing
TULP1 via gene knockdown disrupts photorecep-
tor synapse development and function, leading
to impaired protein transport and phagocytosis
in photoreceptor cells. This knockdown also af-
fects the long-term survival of photoreceptor cells,
potentially impacting eye function. Furthermore,
the loss of TULP1 function may alter the orga-
nization of the cytoskeleton and lipid dynamics,
given its interactions with these components. Addi-
tionally, the knockdown may influence the activity
of genes involved in dendrite development, detec-
tion of light stimulus, and retina development and
homeostasis, such as ARHGAP26, NRXN1, and
TULP3. Overall, perturbing TULP1 may have far-
reaching consequences for photoreceptor cell biol-
ogy and visual perception."
"Perturbation_Gene_summary_2": "The pri-
mary molecular and cellular function of gene
TULP1 is to regulate photoreceptor synapse devel-
opment and function, as well as facilitate protein
transport and phagocytosis in photoreceptor cells,
through its interactions with cytoskeleton proteins
and lipids. Additionally, TULP1 contributes to
the long-term survival of photoreceptor cells. Per-
turbing gene TULP1 via gene knockdown may dis-
rupt normal photoreceptor function and develop-
ment, leading to impaired photoreceptor cell sur-
vival and potentially affecting eye function."
"Target_Gene_summary_1": "Perturbations that
may impact the levels of ITCH include alterations
in the activity of upstream regulators, such as
SMAD3, or changes in the availability of its bind-
ing partners, including viral proteins and other
cellular substrates. Additionally, perturbations in
the formation or stability of protein complexes that
ITCH participates in, such as the AIP4-DTX3L
complex or the CPSF6-EWSR1-ITCH-NUDT21-
POLR2A-UBAP2L complex, may also affect ITCH
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Figure 4: Visualization of the sentence-level source-tracing analysis.

levels. Furthermore, changes in the ubiquitina-
tion or deubiquitination of ITCH itself, or its sub-
strates, could also influence ITCH levels."
"Target_gene_summary_2": "The primary molec-
ular and cellular function of gene ITCH is to
act as an E3 ubiquitin-protein ligase, transfer-
ring ubiquitin to targeted substrates and facilitat-
ing their degradation, and to interact with vari-
ous proteins and viruses to regulate their activity
and fate. ITCH also participates in the formation
of protein complexes that mediate ubiquitination
and proteasomal degradation of specific targets.
Perturbations that might impact the expression of
gene ITCH include alterations in the activity of up-
stream regulators, such as SMAD3, or changes in
the availability of its binding partners, including
viral proteins and other cellular substrates."
"Pathway_text": "Pathway 1: TULP1 → pho-
toreceptor inner segment → DRAM2 → apop-
totic process → ITCH. Pathway 2: TULP1 →
phosphatidylinositol-4,5-bisphosphate binding→
PFN1→ cell cortex→ ITCH. Pathway 3: TULP1
→ photoreceptor inner segment → SAG → G
protein-coupled receptor internalization→ recep-
tor internalization→ ITCH."
"Cell_line_description": "The RPE1 cell line
is derived from human retinal pigment epithe-
lial tissue, a monolayer of hexagonal, melanin-
containing cells that support photoreceptor func-
tion. These cells absorb stray light, maintain
the blood-retina barrier, regulate ion and nutrient
transport, recycle visual cycle components, phago-
cytose photoreceptor outer segments, and secrete

a wide range of growth factors and immunomodu-
latory molecules. Because of their critical roles in
photoreceptor homeostasis and light-induced ox-
idative stress resistance, RPE1 cells are widely
used as an in vitro model for studying retinal phys-
iology, visual cycle metabolism, and retinal degen-
erative diseases such as age-related macular de-
generation."

Based on the retrieved biological evidence, we
perform prompt augmentation on the original
query and construct a retrieval-augmented prompt
as the input to the model. The enhanced prompt
corresponding to the above example is shown be-
low.

Example of the augmented prompt.

"You are a molecular and cellular biology expert
analyzing gene regulation upon CRISPR knock-
down. Before you start reasoning, additional
biological information will be provided to you,
including functional summaries of the perturbed
gene and the target gene, a description of the
relevant cell line, and pathway-level mechanistic
context linking the two genes. Use this additional
context when forming your reasoning. First,
provide your reasoning process within <think>
</think> tags. Consider relevant pathways (e.g.,
cell-type specific biology, ribosome biogenesis,
transcription, mitochondrial function, stress
response), gene interactions, and cell-specific con-
text. Then, choose one option from the following
and place your choice within <answer></answer>
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tags: ’upregulated’, ’downregulated’, or ’not sig-
nificantly changed’. Example: <think> (Your
reasoning here) </think> <answer> (upregulated
/ downregulated / not significantly changed)
<answer>. Analyze the regulatory effect of
knocking down the TULP1 gene on the ITCH
gene in a single-cell RPE1 cell line using CRISPR
interference.
Perturbation_Gene_Information: Perturbing
TULP1 via gene knockdown disrupts photorecep-
tor synapse development and function, leading to
impaired protein transport and phagocytosis in
photoreceptor cells. This knockdown also affects
the long-term survival of photoreceptor cells, po-
tentially impacting eye function. Furthermore, the
loss of TULP1 function may alter the organization
of the cytoskeleton and lipid dynamics, given its
interactions with these components. Additionally,
the knockdown may influence the activity of
genes involved in dendrite development, detection
of light stimulus, and retina development and
homeostasis, such as ARHGAP26, NRXN1, and
TULP3. Overall, perturbing TULP1 may have
far-reaching consequences for photoreceptor
cell biology and visual perception. The primary
molecular and cellular function of gene TULP1
is to regulate photoreceptor synapse develop-
ment and function, as well as facilitate protein
transport and phagocytosis in photoreceptor cells,
through its interactions with cytoskeleton proteins
and lipids. Additionally, TULP1 contributes to
the long-term survival of photoreceptor cells.
Perturbing gene TULP1 via gene knockdown
may disrupt normal photoreceptor function and
development, leading to impaired photoreceptor
cell survival and potentially affecting eye function.
Target_Gene_Information: Perturbations that
may impact the levels of ITCH include alterations
in the activity of upstream regulators, such as
SMAD3, or changes in the availability of its
binding partners, including viral proteins and
other cellular substrates. Additionally, pertur-
bations in the formation or stability of protein
complexes that ITCH participates in, such as
the AIP4-DTX3L complex or the CPSF6-EWSR1-
ITCH-NUDT21-POLR2A-UBAP2L complex, may
also affect ITCH levels. Furthermore, changes in
the ubiquitination or deubiquitination of ITCH
itself, or its substrates, could also influence
ITCH levels. The primary molecular and cellular
function of gene ITCH is to act as an E3 ubiquitin-
protein ligase, transferring ubiquitin to targeted

substrates and facilitating their degradation, and
to interact with various proteins and viruses
to regulate their activity and fate. ITCH also
participates in the formation of protein complexes
that mediate ubiquitination and proteasomal
degradation of specific targets. Perturbations that
might impact the expression of gene ITCH include
alterations in the activity of upstream regulators,
such as SMAD3, or changes in the availability of
its binding partners, including viral proteins and
other cellular substrates.
Cell_Line_Description: The RPE1 cell line is de-
rived from human retinal pigment epithelial tissue,
a monolayer of hexagonal, melanin-containing
cells that support photoreceptor function. These
cells absorb stray light, maintain the bloodretina
barrier, regulate ion and nutrient transport,
recycle visual cycle components, phagocytose
photoreceptor outer segments, and secrete a wide
range of growth factors and immunomodulatory
molecules. Because of their critical roles in
photoreceptor homeostasis and light-induced
oxidative stress resistance, RPE1 cells are widely
used as an in vitro model for studying retinal
physiology, visual cycle metabolism, and retinal
degenerative diseases such as age-related macu-
lar degeneration.
Pathway_Context: Pathway 1: TULP1 →
photoreceptor inner segment → DRAM2 →
apoptotic process → ITCH Pathway 2: TULP1
→ phosphatidylinositol-4,5-bisphosphate binding
→ PFN1 → cell cortex → ITCH Pathway 3:
TULP1 → photoreceptor inner segment → SAG
→ G protein-coupled receptor internalization →
receptor internalization→ ITCH
Multi_Modal_Interaction_Context: To specif-
ically analyze the relationship between the
Perturbation Gene and the Target Gene, we
provide three fused embedding vectors. These
embeddings are generated via a Cross-Attention
mechanism, capturing the interaction features
between the two genes across different biological
modalities. They are provided below, wrapped
between Embedding_Start and Embedding_End
tags: 1. Interactive Protein Sequence Features:
Represents the physical structure compatibility
and potential binding affinity changes. It high-
lights how the perturbation might physically
impact the target protein structure. <ESM-2_EMB>
2. Interactive Pathway Topology Context: Derived
from the molecular pathway knowledge graph. It
captures the structural signal transduction paths
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and upstream/downstream relationships between
the genes. <Path-KG_EMB> 3. Interactive Gene
Regulatory Context: Derived from the gene-gene
interaction network. It captures the regulatory
distance, co-expression patterns, and network
connectivity in the global regulatory landscape.
<Gene-KG_EMB> Please incorporate these specific
interaction signals into your reasoning process."

The above retrieval-augmented prompt is pro-
vided as input to AROMA, which generates the
following reasoning output for this example.

Example of the AROMA output.

"<think> TULP1 knockdown in RPE1 cells dis-
rupts photoreceptor synapse development and
function, leading to impaired protein transport
and phagocytosis. This disruption may affect the
organization of the cytoskeleton and lipid dynam-
ics, potentially impacting the activity of genes
involved in dendrite development, detection of
light stimulus, and retina development and home-
ostasis. Although TULP1 is involved in regulat-
ing photoreceptor synapse development and func-
tion, its knockdown may not directly impact ITCH
expression. ITCH’s primary function is as an
E3 ubiquitin-protein ligase, transferring ubiqui-
tin to targeted substrates and facilitating their
degradation, and interacting with various pro-
teins and viruses to regulate their activity and
fate. The known pathways connecting TULP1 to
ITCH (Pathways 1, 2, and 3) do not provide a di-
rect link between TULP1 knockdown and ITCH
expression. Furthermore, the cellular context of
RPE1 cells, which are derived from human reti-
nal pigment epithelial tissue, may provide buffer-
ing or compensatory mechanisms that stabilize
ITCH’s expression, leading to a limited overall ef-
fect on its expression. Therefore, the knockdown
of TULP1 in RPE1 cells is unlikely to significantly
change ITCH expression.</think><answer>not
significantly changed</answer>."

To further verify whether the model’s reason-
ing process is genuinely grounded in the retrieved
biological evidence, we conducted a sentence-
level source-tracing analysis on the reasoning text
generated by AROMA after obtaining its output.
Specifically, this analysis aims to assess whether
the reasoning content is supported by evidence
that can be traced back to the retrieved knowledge
sources. The results are presented as follows.

Reasoning sentence 1.

TULP1 knockdown in RPE1 cells disrupts photore-
ceptor synapse development and function, leading
to impaired protein transport and phagocytosis.
Evidence source: This is directly supported by
pert_summary_1 and pert_summary_2, which
state that TULP1 knockdown disrupts photorecep-
tor synapse development and function and leads
to impaired protein transport and phagocytosis in
photoreceptor cells.

Reasoning sentence 2.
This disruption may affect the organization of
the cytoskeleton and lipid dynamics, potentially
impacting the activity of genes involved in den-
drite development, detection of light stimulus, and
retina development and homeostasis.
Evidence source: This is grounded in
pert_summary_1, which notes that loss of
TULP1 function may alter cytoskeleton orga-
nization and lipid dynamics and may influence
the activity of genes involved in dendrite de-
velopment, light stimulus detection, and retina
development and homeostasis.

Reasoning sentence 3.
Although TULP1 is involved in regulating pho-
toreceptor synapse development and function, its
knockdown may not directly impact ITCH expres-
sion.
Evidence source: The first part is supported by
pert_summary_2, which describes TULP1 as reg-
ulating photoreceptor synapse development and
function. The judgment that TULP1 knock-
down may not directly impact ITCH expression
is an inference based on gene_summary_1 and
gene_summary_2, which list upstream regulators
and binding partners of ITCH but do not mention
TULP1 as a direct regulator.

Reasoning sentence 4.
ITCH’s primary function is as an E3 ubiquitin-
protein ligase, transferring ubiquitin to targeted
substrates and facilitating their degradation, and
interacting with various proteins and viruses to
regulate their activity and fate.
Evidence source: This sentence is directly
supported by gene_summary_2, which describes
ITCH as an E3 ubiquitin-protein ligase that trans-
fers ubiquitin to substrates, facilitates their degra-
dation, and interacts with various proteins and
viruses to regulate their activity and fate.

Reasoning sentence 5.
The known pathways connecting TULP1 to ITCH
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(Pathways 1, 2, and 3) do not provide a direct link
between TULP1 knockdown and ITCH expression.
Evidence source: This is based on pathway_text,
which lists three multi-step paths from TULP1 to
ITCH through intermediate compartments, bind-
ing events, and proteins; these paths indicate in-
direct, multi-hop connections rather than a direct
regulatory link from TULP1 to ITCH expression.

Reasoning sentence 6.
Furthermore, the cellular context of RPE1 cells,
which are derived from human retinal pigment ep-
ithelial tissue, may provide buffering or compen-
satory mechanisms that stabilize ITCH’s expres-
sion, leading to a limited overall effect on its ex-
pression.
Evidence source: This sentence is partially sup-
ported by the cell_line_description, which
characterizes RPE1 as a retinal pigment epithelial
cell line with multiple homeostasis-maintaining
functions (such as phagocytosis of photoreceptor
outer segments and secretion of growth factors
and immunomodulatory molecules). The idea of
buffering or compensatory mechanisms that stabi-
lize ITCH expression is a higher-level inference
based on this homeostatic context rather than an
explicit statement in the retrieved text.

Reasoning sentence 7.
Therefore, the knockdown of TULP1 in RPE1 cells
is unlikely to significantly change ITCH expres-
sion.
Evidence source: This conclusion is an integrated
inference from the retrieved evidence: TULP1
summaries focus on photoreceptor synapses, cy-
toskeleton, and lipid dynamics without indicating
direct regulation of ITCH; ITCH summaries de-
scribe regulation by other upstream factors but
do not mention TULP1; and the pathway_text
only provides indirect multi-hop connections from
TULP1 to ITCH. Together with the homeo-
static properties of RPE1 cells described in
cell_line_description, these observations sup-
port the judgment that TULP1 knockdown is un-
likely to strongly and directly alter ITCH expres-
sion.

Final answer.
not significantly changed
Evidence source: This final categorical answer is
consistent with the above reasoning, which sug-
gests that, under the retrieved biological evidence
and RPE1 cellular context, ITCH expression is not

expected to undergo a strong or systematic change
in response to TULP1 knockdown.

Overall, the sentence-level source-tracing re-
sults indicate that the key statements in the model-
generated reasoning text are supported by corre-
sponding biological evidence sources. This sug-
gests that the reasoning produced by AROMA is
not generated arbitrarily, but is instead constructed
upon evidence-based reasoning paths, thereby en-
hancing the credibility and interpretability of the
model’s outputs.

E.2 Biological Validity Analysis
To further verify the biological reliability and ratio-
nality of the model’s generated content, this sec-
tion analyzes the reasoning process produced by
the model under a given genetic perturbation sce-
nario, and examines whether its outputs are consis-
tent with the experimental findings reported in rel-
evant biological research papers. A visualization
of the sentence-level biological validity analysis is
provided in Figure 5.

Specifically, we consider the following case as
the evaluation instance.

Example of Original Query.

"Analyze the regulatory effect of knocking down
the ACSS2 gene on the MT-ND3 gene in a single-
cell RPE1 cell line using CRISPR interference."

Based on this query, we retrieve biologically
relevant evidence and construct an expanded
retrieval-augmented prompt, which is then pro-
vided as input to the model. The resulting model-
generated reasoning output is shown below.

Example of the AROMA output.

"<think> Knocking down ACSS2 disrupts the
synthesis of acetyl-CoA from short-chain fatty
acids, which may impact the overall lipid biosyn-
thetic process. This disruption could lead to
changes in the mitochondrial electron transport
chain, as acetyl-CoA is a crucial intermediate
in the electron transport chain. Specifically,
the knockdown of ACSS2 may affect the avail-
ability of NADH and ubiquinone, which are es-
sential for the activity of MT-ND3. As a re-
sult, the expression of MT-ND3 may increase
to compensate for the altered electron trans-
port chain, ultimately leading to its upregula-
tion.</think><answer>upregulated</answer>."

We choose this sample in this section for two
main reasons. First, compared with cases la-
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Figure 5: Visualization of the sentence-level biological validity analysis.

beled as non-differential, an upregulated label typ-
ically corresponds to more pronounced functional
changes, making it more suitable for step-by-step
mechanistic reasoning and causal pathway anal-
ysis. Second, this case simultaneously involves
the linkage between metabolic pathways (ACSS2-
mediated acetyl-CoA synthesis) and the mitochon-
drial electron transport chain (the complex con-
taining MT-ND3), which requires the model to in-
tegrate multi-level biological knowledge during its
reasoning process. Therefore, by carefully dissect-
ing the reasoning process in this upregulated case,
we can more directly assess whether the models in-
ferred reasoning chain is aligned with the key bio-
logical mechanisms reported in experimental liter-
ature. The sentence-level analysis of the biological
validity of this reasoning trace is presented below.
Reasoning sentence 1.
Knocking down ACSS2 disrupts the synthesis of
acetyl-CoA from short-chain fatty acids, which
may impact the overall lipid biosynthetic process.

Literature support:

• A review on ACSS2 function (Ling et al., 2022)
describes ACSS2 as acetyl-CoA synthetase short-
chain family member 2, a nucleo-cytosolic en-
zyme that converts acetate and other short-chain
fatty acids into acetyl-CoA for lipid metabolism
and energy production.

• The same review further notes that ACSS2 is

widely considered to activate a broad range of
short-chain fatty acids into their corresponding
acyl-CoA forms (e.g., butyrate, crotonate), al-
though the catalytic efficiency can be cell-type de-
pendent.

• A study in mammalian cells and mouse models
(Comerford et al., 2014) shows that knockdown
or loss of ACSS2 decreases intracellular acetyl-
CoA levels, reduces cytosolic protein acetylation,
and induces autophagy, indicating that ACSS2 is a
key source for maintaining the cellular acetyl-CoA
pool.

• A study in hepatic disease models (Moffett et al.,
2020) reports that ACSS2 converts acetate into
acetyl-CoA to fuel de novo lipogenesis and triglyc-
eride synthesis, and that ACSS2-deficient mice on
a high-fat diet display markedly reduced hepatic
lipid accumulation, consistent with impaired lipid
biosynthetic capacity when ACSS2 is absent.

• A study in tumor cells (Comerford et al., 2014)
demonstrates that stable knockdown of ACSS2
significantly reduces incorporation of radiolabeled
acetate into lipids, indicating that ACSS2-derived
acetyl-CoA is essential for acetate-dependent lipid
synthesis.

Taken together, these studies provide conver-
gent evidence that ACSS2 plays a central role
in generating short-chain-fatty-acidderived acetyl-
CoA, and that loss or knockdown of ACSS2 can
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disrupt acetate-dependent acetyl-CoA production
and lipid biosynthetic processes.
Reasoning sentence 2.
This disruption could lead to changes in the mito-
chondrial electron transport chain, as acetyl-CoA
is a crucial intermediate in the electron transport
chain.

Literature support:
• A review on mitochondrial electron transport
in StatPearls (Ahmad et al., 2018) explains that
the citric acid cycle produces NADH and FADH2,
and that these reduced cofactors subsequently feed
electrons into the electron transport chain, thereby
linking TCA-cycle activity to respiratory chain
function.

• A metabolic tracing study in CD8+ T cells (Gao
et al., 2016) shows that acetate-derived acetyl-
CoA contributes carbon both to cytosolic acetyl-
CoA pools and to TCA cycle intermediates, and
that acetate utilization can support mitochondrial
oxidative phosphorylation and effector function.

• A recent metabolic study in ovarian cancer cells
(Sharrow et al., 2024) reports that pharmacologi-
cal inhibition of ACSS2 alters cellular metabolic
programming, with reduced glycolytic activity
and changes in mitochondrial oxygen consump-
tion rates, suggesting that perturbation of ACSS2-
dependent acetyl-CoA production can remodel mi-
tochondrial respiratory chain function.

Taken together, these studies support the notion
that changes in ACSS2-dependent acetyl-CoA
availability can indirectly influence the mitochon-
drial electron transport chain by modulating TCA-
cycle-derived NADH and FADH2, the primary
electron donors for respiratory electron transport.
Reasoning sentence 3.
Specifically, the knockdown of ACSS2 may affect
the availability of NADH and ubiquinone, which
are essential for the activity of MT-ND3.

Literature support:
• A review on mitochondrial respiratory complex I
(NADH:ubiquinone oxidoreductase) (Sharma
et al., 2009) summarizes that complex I oxidizes
matrix NADH and uses the released electrons to
reduce ubiquinone to ubiquinol, thereby directly
coupling NADH and ubiquinone availability to
electron transfer activity in the respiratory chain.
In parallel, MT-ND3 is described as a core subunit
of complex I that belongs to the minimal assembly
required for catalyzing NADH dehydrogenation

and electron transfer to ubiquinone (Cardol et al.,
2006).
• Metabolic studies (Pryor et al., 2006; Kaymak
et al., 2024) have shown that genetic knockdown
or pharmacological inhibition of ACSS2 dimin-
ishes acetate-derived acetyl-CoA production and
leads to reduced mitochondrial oxygen consump-
tion and oxidative phosphorylation, indicating that
ACSS2 activity supports efficient respiratory chain
function.

Taken together, these findings support the no-
tion that ACSS2-dependent metabolic activity
can modulate mitochondrial electron transport
by influencing NADH supply and ubiquinone-
dependent complex I function, providing a mech-
anistic basis for the proposed effect of ACSS2
knockdown on MT-ND3 activity.

Through literature-alignment analysis, we find
that the reasoning chain generated by AROMA is
consistently supported by relevant biological stud-
ies, with key reasoning statements receiving cor-
roborating evidence from multiple levels, includ-
ing metabolic pathways, mitochondrial function,
and the electron transport chain. Overall, these re-
sults indicate that the models reasoning exhibits
strong biological plausibility.

F KGs and Dataset Construction

F.1 Gene Knowledge Graph
The Gene Knowledge Graph (Gene-KG) is used to
characterize functional association structure at the
gene level. We construct an undirected gene-gene
association network by integrating the STRING
and CORUM databases. Specifically, we first
extract human protein-protein interactions from
STRING and map protein identifiers to gene sym-
bols. For any pair of genes with interaction ev-
idence reported in STRING (e.g., experimental,
curated database, or text-mining channels), we
add an undirected edge between the two genes.
We then collect human protein complex annota-
tions from CORUM, expand each complex into
pairwise connections among all of its constituent
genes, and merge these edges into the same graph.
To simplify the graph topology, we do not distin-
guish between different evidence sources or edge
types; instead, all available evidence is collapsed
into a single undirected association edge between
the corresponding gene pair, and edges are inter-
preted as statistical associations rather than ex-
plicit causal regulatory relationships. After node
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normalization and duplicate-edge removal, the re-
sulting Gene-KG contains 18,479 gene nodes and
752,612 edges, with an average degree of 81.46.

F.2 Pathway Knowledge Graph

The Pathway Knowledge Graph (Path-KG) is used
to characterize functional associations and struc-
tural dependencies at the level of biological pro-
cesses and pathways. We construct this graph by
integrating resources from Gene Ontology and Re-
actome, and represent associations between genes
and pathway or process nodes as an undirected
graph. Concretely, from Gene Ontology (GO) we
collect functional and process annotations for each
gene and connect the gene to its associated GO
term nodes. From Reactome, we further link each
gene to the pathway modules or reaction units
in which it participates, and merge the resulting
pathway-level graph with the GO-based graph to
obtain a unified pathway knowledge graph. To
avoid unnecessary relation complexity, we do not
distinguish between different relation sources or
labels; instead, all functional participation and
pathway membership information is collapsed into
a single undirected association edge between the
corresponding gene and pathway or ontology node.
These edges are interpreted as structural and func-
tional statistical associations rather than explicit
causal regulatory dependencies. In addition, we
perform denoising and structural regularization
during preprocessing. On the one hand, we ex-
plicitly discard several overly generic high-level
GO terms, such as GO:0005515 (protein binding)
and GO:0003674 (molecular function), to reduce
the impact of extremely broad concepts on graph
statistics. On the other hand, in the merged graph
we remove all nodes whose degree is greater than
or equal to 1000, in order to suppress the domi-
nance of a small number of hub nodes over local
neighborhood structure and path distributions, and
to obtain a topology that better reflects pathway-
level semantic organization. After merging, dedu-
plication, and hub filtering, the resulting Pathway-
KG contains 80,020 nodes and 441,176 edges,
with an average degree of 11.03. The basic statis-
tics of the two constructed knowledge graphs are
summarized in Table 17.

F.3 PerturbReason Dataset

In constructing the PerturbReason dataset, we first
retrieve, for each perturbation–target–cell-line
triplet, the relevant functional descriptions, path-

based connectivity evidence, and cell-line back-
ground information from the knowledge graphs
and external resources. These signals are orga-
nized into structured fields that provide contextual
support for subsequent reasoning-trace generation.
Below, we present a representative example of the
raw retrieved information.

Table 17: Statistics of the constructed KGs.

Graph Nodes Edges Avg. degree

Gene-KG 18,479 752,612 81.46
Path-KG 80,020 441,176 11.03

Example of retrieved information.

"Perturbation_gene": "AAMP"
"Target_gene": "AGPAT1"
"Cell_line": "Jurkat"
"Perturbation_Gene_summary_1": "Perturbing
gene AAMP via gene knockdown may disrupt
smooth muscle cell migration, potentially affect-
ing the development and maintenance of vascu-
lar structures. This may also impact angiogene-
sis, as AAMP is involved in this process. Addition-
ally, knockdown of AAMP may affect cell differ-
entiation and endothelial cell migration, as it is in-
volved in the positive regulation of these processes.
Furthermore, AAMP’s interactions with proteins
such as EGFR, TBXA2R, and NOD2 may be dis-
rupted, potentially influencing signaling pathways
including EGFR dimerization, thromboxane sig-
naling, and NOD1/2 signaling."
"Perturbation_Gene_summary_2": "The pri-
mary molecular and cellular function of gene
AAMP is to play a role in angiogenesis and cell
migration, particularly in smooth muscle cell mi-
gration, where it may act through the RhoA path-
way. AAMP’s protein product, angio-associated
migratory cell protein, interacts with other pro-
teins such as AAMP and AEN to facilitate these
processes.Perturbing gene AAMP via gene knock-
down may disrupt smooth muscle cell migration,
potentially affecting the development and mainte-
nance of vascular structures."
"Target_Gene_summary_1": "Perturbations that
may impact the levels of AGPAT1 include alter-
ations in the activity or expression of upstream reg-
ulators such as MEOX2 and PLCA, which could
affect the transcriptional regulation of AGPAT1.
Disruptions to the phosphatidic acid biosynthetic
pathway, including changes in the availability
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of substrates such as lysophosphatidic acid, may
also influence AGPAT1 expression through feed-
back mechanisms. Additionally, perturbations in
the endoplasmic reticulum membrane, where AG-
PAT1 is localized, could affect the enzyme’s activ-
ity and subsequent expression levels. Furthermore,
changes in the expression or activity of physically
interacting proteins, such as AGPAT2-5, LCLAT1,
and MBOAT1-2, may also impact AGPAT1 levels."
"Target_gene_summary_2": "The primary molec-
ular and cellular function of gene AGPAT1 is to
catalyze the conversion of lysophosphatidic acid
(LPA) into phosphatidic acid (PA) through the
incorporation of an acyl moiety at the sn-2 po-
sition of the glycerol backbone, thereby playing
a crucial role in phosphatidic acid biosynthesis.
This enzyme activity is essential for the regula-
tion of lipid metabolism and membrane biogene-
sis.Perturbations that might impact the expression
of gene AGPAT1 include alterations in the levels
or activity of upstream regulators, such as MEOX2
and PLCA, or disruptions to the phosphatidic acid
biosynthetic pathway, which could affect the avail-
ability of substrates or the feedback regulation of
AGPAT1 expression."
"Pathway_text": "Pathway 1: AAMP → cy-
tosol→ ABHD5→ 1-acylglycerol-3-phosphate O-
acyltransferase activity → AGPAT1. Pathway 2:
AAMP→ cytosol→ ABHD5→ lysophosphatidic
acid acyltransferase activity → 1-acylglycerol-3-
phosphate O-acyltransferase activity → AGPAT1.
Pathway 3: AAMP → positive regulation of en-
dothelial cell migration → ZNF580 → positive
regulation of interleukin-8 production → positive
regulation of cytokine production→ AGPAT1."
"Cell_line_description": "Jurkat is a human T
lymphocyte cell line derived from the peripheral
blood of a patient with acute T-cell leukemia. It
is widely used as an in vitro model to study T-cell
receptor (TCR) signaling, activation, interleukin-
2 (IL-2) production, and viral infection mecha-
nisms such as HIV. Jurkat cells grow in suspen-
sion, are easily transfected, and can produce IL-2
upon TCR stimulation. They serve as an essen-
tial tool for investigating intracellular pathways
involving calcium signaling, protein kinase C, and
NF-B activation. Due to specific mutations in
genes such as PTEN and INPP5D, Jurkat cells
show altered signal transduction and genomic sta-
bility, which should be considered when interpret-
ing experimental results."

After obtaining the above structured evidence,
we convert it into an instruction-style contextual
input and explicitly constrain the model to gener-
ate outputs solely based on the provided informa-
tion. At the same time, the model is required to
produce a reasoning chain that is consistent with
the ground-truth label and remains well-formatted
and semantically coherent. Below we provide a
prompt example constructed from the above illus-
trative sample.

Example of Prompt for Generating Reasoning
Data.

"You are creating a reasoning dataset for molec-
ular biology. The task is to generate a causal
reasoning chain explaining why the knockdown of
AAMP in jurkat leads to the observed expression
pattern of AGPAT1. All reasoning must be based
solely on the given knowledge below. Even when
evidence is incomplete, you must construct a self-
consistent reasoning chain that logically supports
the provided label. The final output must strictly
follow the dataset format and end exactly with:
<answer>not significantly changed</answer>.
Known Information:
Cell line: Jurkat
Cell line description: Jurkat is a human T lympho-
cyte cell line derived from the peripheral blood of
a patient with acute T-cell leukemia. It is widely
used as an in vitro model to study T-cell receptor
(TCR) signaling, activation, interleukin-2 (IL-2)
production, and viral infection mechanisms such
as HIV. Jurkat cells grow in suspension, are eas-
ily transfected, and can produce IL-2 upon TCR
stimulation. They serve as an essential tool for
investigating intracellular pathways involving cal-
cium signaling, protein kinase C, and NF-B acti-
vation. Due to specific mutations in genes such
as PTEN and INPP5D, Jurkat cells show altered
signal transduction and genomic stability, which
should be considered when interpreting experi-
mental results.
Perturbation gene: AAMP
Target gene: AGPAT1
Functional summary of AAMP: Perturbation
gene AAMP via gene knockdown may disrupt
smooth muscle cell migration, potentially affect-
ing the development and maintenance of vascu-
lar structures. This may also impact angiogene-
sis, as AAMP is involved in this process. Addition-
ally, knockdown of AAMP may affect cell differ-
entiation and endothelial cell migration, as it is in-
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volved in the positive regulation of these processes.
Furthermore, AAMP’s interactions with proteins
such as EGFR, TBXA2R, and NOD2 may be dis-
rupted, potentially influencing signaling pathways
including EGFR dimerization, thromboxane sig-
naling, and NOD1/2 signaling. The primary
molecular and cellular function of gene AAMP
is to play a role in angiogenesis and cell migra-
tion, particularly in smooth muscle cell migra-
tion, where it may act through the RhoA pathway.
AAMP’s protein product, angio-associated migra-
tory cell protein, interacts with other proteins such
as AAMP and AEN to facilitate these processes.
Perturbation gene AAMP via gene knockdown may
disrupt smooth muscle cell migration, potentially
affecting the development and maintenance of vas-
cular structures.
Functional summary of AGPAT1: Perturbations
that may impact the levels of AGPAT1 include al-
terations in the activity or expression of upstream
regulators such as MEOX2 and PLCA, which
could affect the transcriptional regulation of AG-
PAT1. Disruptions to the phosphatidic acid biosyn-
thetic pathway, including changes in the availabil-
ity of substrates such as lysophosphatidic acid,
may also influence AGPAT1 expression through
feedback mechanisms. Additionally, perturbations
in the endoplasmic reticulum membrane, where
AGPAT1 is localized, could affect the enzyme’s
activity and subsequent expression levels. Fur-
thermore, changes in the expression or activity of
physically interacting proteins, such as AGPAT2-
5, LCLAT1, and MBOAT1-2, may also impact AG-
PAT1 levels. The primary molecular and cellular
function of gene AGPAT1 is to catalyze the con-
version of lysophosphatidic acid (LPA) into phos-
phatidic acid (PA) through the incorporation of
an acyl moiety at the sn-2 position of the glycerol
backbone, thereby playing a crucial role in phos-
phatidic acid biosynthesis. This enzyme activity
is essential for the regulation of lipid metabolism
and membrane biogenesis. Perturbations that
might impact the expression of gene AGPAT1 in-
clude alterations in the levels or activity of up-
stream regulators, such as MEOX2 and PLCA, or
disruptions to the phosphatidic acid biosynthetic
pathway, which could affect the availability of sub-
strates or the feedback regulation of AGPAT1 ex-
pression.
Known pathway: Pathway 1: AAMP cy-
tosol ABHD5 1-acylglycerol-3-phosphate O-
acyltransferase activity AGPAT1. Pathway

2: AAMP cytosol ABHD5 lysophosphatidic
acid acyltransferase activity 1-acylglycerol-3-
phosphate O-acyltransferase activity AGPAT1.
Pathway 3: AAMP positive regulation of endothe-
lial cell migration ZNF580 positive regulation of
interleukin-8 production positive regulation of cy-
tokine production AGPAT1.
Output Requirements: 1.Use only the ’Known
Information’. No external knowledge or as-
sumptions. 2.The reasoning <think> must form
a full causal chain that is logically consistent
with the final label. 3.If intermediate evidence
is missing, explain the outcome through plau-
sible buffering, compensation, or feedback ef-
fects. 4.The conclusion (<answer>) must exactly
match ’not significantly changed’. 5.Output for-
mat must be: <think>...</think><answer>not
significantly changed</answer>. Example (for
format reference only, not to be copied):
<think>Knocking down AAMP may weaken the
pathway regulating several downstream transcrip-
tion factors. Although some mediators are miss-
ing, compensatory mechanisms in jurkat could
stabilize AGPAT1’s expression, leading to a
limited overall effect.</think><answer>not sig-
nificantly changed</answer> Reminder: The
model output will be used directly as reasoning
dataset entries. Therefore, ensure your final an-
swer strictly ends with <answer>not significantly
changed</answer> and follows the dataset for-
mat."

Given the above prompt, we query the
DeepSeek-R1-0528 model to generate the reason-
ing data. The <think> segment represents the
reasoning process formed by the model under the
provided evidence constraints, while the <answer>
segment corresponds to the final three-way classifi-
cation output. An example of the model-generated
result for this sample is shown below:

Example of Generated Reasoning Data.

"<think> AAMP’s primary function is to regu-
late smooth muscle cell migration, angiogenesis,
and cell differentiation. In Jurkat cells, AAMP’s
knockdown may disrupt these processes, poten-
tially affecting the development and maintenance
of vascular structures. However, AGPAT1 is pri-
marily involved in phosphatidic acid biosynthe-
sis, which is not directly related to AAMP’s func-
tions. Although AAMP is involved in the posi-
tive regulation of endothelial cell migration, this
pathway is not directly linked to AGPAT1’s expres-
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sion. The known pathways connecting AAMP to
AGPAT1 (Pathways 1-3) involve intermediate en-
zymes and proteins, which may buffer the effects
of AAMP knockdown. In Jurkat cells, the ab-
sence of AAMP may lead to compensatory mech-
anisms that stabilize AGPAT1’s expression, result-
ing in a limited overall effect on its expression lev-
els. Furthermore, the cell line’s specific mutations
in genes like PTEN and INPP5D may also influ-
ence the outcome, potentially mitigating the im-
pact of AAMP knockdown on AGPAT1. Therefore,
it is likely that the knockdown of AAMP in Jurkat
cells will not significantly change the expression of
AGPAT1. </think>." <answer>not significantly
changed</answer>."

G Quality Analysis of the Dataset

To more systematically evaluate the overall quality
of the reasoning data and to further verify that the
generated reasoning content is indeed grounded
in biological evidence retrieved from our knowl-
edge base, we conduct a source-tracing consis-
tency analysis on the reasoning text of the above
example. Specifically, we decompose the model-
generated reasoning output into several key state-
ments, and examine, on a sentence-level basis,
whether each of these statements is supported by
the retrieved evidence in terms of content, logical
direction, and biological interpretation, aligning
each statement with its corresponding evidence
source. In this way, we are able not only to as-
sess whether individual reasoning statements are
evidence-supported, but also to observe whether
the model makes consistent and coherent use of
evidence along the entire reasoning chain. The
detailed sentence-level alignment and evidence-
matching results are presented below.

Reasoning sentence 1. “AAMP’s primary func-
tion is to regulate smooth muscle cell migration,
angiogenesis, and cell differentiation.”
Evidence source: Supported by pert_summary_1
and pert_summary_2, which describe AAMP as
participating in smooth muscle cell migration, an-
giogenesis, and cell differentiation.
Reasoning sentence 2. “In Jurkat cells, AAMP’s
knockdown may disrupt these processes, poten-
tially affecting the development and maintenance
of vascular structures.”
Evidence source: Supported by pert_summary_1
, which states that AAMP knockdown may dis-
rupt smooth muscle cell migration and affect vas-

cular structure development and maintenance, in
the context of the Jurkat cell line.
Reasoning sentence 3. “However, AGPAT1 is pri-
marily involved in phosphatidic acid biosynthesis,
which is not directly related to AAMP’s functions.”
Evidence source: Grounded in gene_summary_2,
which characterizes AGPAT1 as playing a key
role in phosphatidic acid biosynthesis, in contrast
to the migration- and angiogenesis-related func-
tions of AAMP described in pert_summary_1 and
pert_summary_2.
Reasoning sentence 4. “Although AAMP is in-
volved in the positive regulation of endothelial cell
migration, this pathway is not directly linked to
AGPAT1s expression.”
Evidence source: Supported by pathway_text
(Pathway 3), where AAMP connects to AG-
PAT1 through multiple intermediate nodes such as
ZNF580 and cytokine-related regulatory steps, in-
dicating an indirect multi-hop pathway rather than
a direct expression link.
Reasoning sentence 5. “The known pathways
connecting AAMP to AGPAT1 (Pathways 1–3) in-
volve intermediate enzymes and proteins, which
may buffer the effects of AAMP knockdown.”
Evidence source: Based on pathway_text (Path-
ways 1–3), which contain intermediate enzymes
and regulatory proteins including ABHD5 and
acyltransferase-related activities, showing that the
linkage between AAMP and AGPAT1 passes
through multiple intermediary steps.
Reasoning sentence 6. “In Jurkat cells, the
absence of AAMP may lead to compensatory
mechanisms that stabilize AGPAT1’s expression,
resulting in a limited overall effect on its expres-
sion levels.”
Evidence source: Informed by gene_summary_1
and gene_summary_2, which note upstream
regulatory and feedback mechanisms af-
fecting AGPAT1 expression, together with
cell_line_description, which reports altered
signaling in Jurkat cells.
Reasoning sentence 7. “Furthermore, the cell
line’s specific mutations in genes like PTEN and
INPP5D may also influence the outcome, poten-
tially mitigating the impact of AAMP knockdown
on AGPAT1.”
Evidence source: Directly supported by
cell_line_description, which states that
Jurkat cells harbor mutations in PTEN and
INPP5D and exhibit altered signal transduction.
Reasoning sentence 8. “Therefore, it is likely that
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the knockdown of AAMP in Jurkat cells will not
significantly change the expression of AGPAT1.”
(answer: not significantly changed)
Evidence source: Synthesized from the above
functional, pathway, and cell-line context evi-
dence.

Overall, the above source-tracing consistency
analysis shows that the key information in the
reasoning content can be supported by the corre-
sponding evidence sources, which in turn provides
supportive evidence for the reliability and quality
of the constructed reasoning data.
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