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Abstract
Evaluating machine learning in scientific domains
requires separating correct predictions from cor-
rect reasons under distribution shifts. We in-
troduce PertReasonQA, a knowledge-grounded
benchmark for cell-state–conditioned reasoning
about perturbation effects. It tests whether models
can generate mechanistically faithful explanations
and assesses their robustness against complex
shifts, such as new cells and unseen perturbations.
PertReasonQA combines multiple single-cell ge-
netic and chemical perturbation data with knowl-
edge graphs, and dynamically conditions path-
ways on cell-specific basal states to avoid generic
memorization. Evaluations on state-of-the-art
models reveal systematic gaps between outcome
prediction and mechanistic reasoning, exhibiting
failure modes invisible to standard benchmarks.
As a reference probe, we present PertReasonLM,
a large language model that aligns outcome pre-
dictions with context-specific regulatory reason-
ing. PertReasonQA thus provides a rigorous diag-
nostic benchmark for studying faithful, generaliz-
able reasoning in data-rich scientific systems.

1. Introduction
Modeling complex systems remains a fundamental chal-
lenge in machine learning. Virtual cell models offer a de-
manding testbed for assessing whether AI can reason and
generalize while accelerating drug discovery and disease
modeling. Recent approaches use foundation models to
predict transcriptomic changes induced by chemical or ge-
netic perturbations (Cui et al., 2024; Theodoris et al., 2023;
Roohani et al., 2024). Despite this progress, their utility
remains limited by two issues. First, many models lack
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mechanistic reasoning: by bypassing established biolog-
ical pathways (Novakovsky et al., 2023; Dimitrov et al.,
2026), they cannot fully exploit shared causal mechanisms
for generalization to unseen perturbations (Lotfollahi et al.,
2023; Wei et al., 2025; Ahlmann-Eltze et al., 2025). Second,
label-centric evaluation judges models mainly by final
predictions (Wu et al., 2025a; Wei et al., 2025; Wu et al.,
2025b), making it difficult to distinguish genuine biological
reasoning from spurious correlations.

To address these challenges, we introduce PERTREA-
SONQA, a knowledge-grounded question-answering (QA)
benchmark for evaluating mechanistic reasoning about per-
turbation effects. PERTREASONQA pairs cell-specific per-
turbation outcomes with faithful gene-regulatory pathways
derived from knowledge graphs (Türei et al., 2016; Bach-
man et al., 2023). By dynamically conditioning these path-
ways on the basal state of each cell, the benchmark avoids
generic memorization and ensures that reference reasoning
reflects valid, context-specific mechanisms. This design
makes it possible to identify cases where models reach cor-
rect answers through flawed logic and to test their robustness
under distribution shifts.

We also present PERTREASONLM, a reference large lan-
guage model trained to align outcome predictions with
context-specific pathways. Unlike existing methods based
on fixed embedding lookups (Adduri et al., 2025) or
static graphs (Roohani et al., 2024; Wenkel et al., 2025),
PERTREASONLM can translate novel experimental con-
ditions into actionable regulatory states. By learning to
generate mechanistically grounded reasoning, it shifts per-
turbation modeling from numerical regression toward ex-
plainable and biologically plausible inference.

We evaluate state-of-the-art models on PERTREASONQA
across unseen cells and novel perturbations. Using
reasoning-centric metrics, we find that existing approaches,
including Retrieval-Augmented Generation baselines (Wu
et al., 2025a) and general-purpose language models (Yang
et al., 2025), often produce flawed or directionally incon-
sistent mechanisms even when their final predictions are
correct. PERTREASONLM mitigates these failures, sug-
gesting that explicit alignment between predictions and
context-specific regulatory reasoning can improve mech-
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Figure 1. PERTREASONQA integrates multi-source data (left) featuring diverse chemical and genetic perturbations in ID and OOD
contexts. It dynamically constructs a cell-state–conditioned subgraph (center) based on basal states to prevent generic memorization. This
structured knowledge is then translated into prompts (right) to evaluate faithful mechanistic reasoning that aligns with the ground truth.

anistic faithfulness. Ultimately, PERTREASONQA serves
as a rigorous diagnostic tool to foster the development of
models that genuinely understand causal biological systems.

Our main contributions are threefold. First, we introduce
PERTREASONQA, a knowledge-grounded benchmark for
evaluating perturbation reasoning with cell-conditioned
pathways (§2). Second, we present PERTREASONLM, a
reference language model that aligns perturbation outcomes
with context-specific regulatory mechanisms (§3). Third, we
show that reasoning-centric evaluation reveals systematic
failures in existing models (§4).

2. Benchmarking of Perturbation Reasoning
We present PERTREASONQA, a novel question-answering
(QA) benchmark to evaluate knowledge-grounded mecha-
nistic reasoning about cellular responses to perturbations.
Further details can be found in Appendix B.

2.1. Background and Pipeline
Cellular systems respond to perturbation p through cas-
cades altering the expression of an effect gene ge. Be-
cause these cascades depend on the cell’s basal state,
mechanistic reasoning requires identifying a cell-specific
causal chain from p to the observed ge change. We
formulate PERTREASONQA as a knowledge-grounded
QA task by the following pipeline. First, given a cel-
lular context, p, and ge, we extract the differential ex-
pression label y ∈ {unchanged, up, down}. Second, we
pair each outcome with a reference reasoning path r =
[(p, e1, g1), . . . , (gk−1, ek, ge)], where each ei denotes a

regulatory interaction from knowledge graphs. This evalu-
ates whether valid reasoning supports the correct outcome.

2.2. Constructing Question-Outcome Dataset
We construct outcome-only QA samples by aggregating
chemical and genetic (CRISPRi) perturbation data from
multiple large-scale sources (Srivatsan et al., 2020; Szał ata
et al., 2024; Replogle et al., 2022; Nadig et al., 2024), cov-
ering 10 cell lines: K562, MCF7, A549, HepG2, Jurkat,
RPE1, B cells, Myeloid cells, NK cells, and T cells. In-
dividual cells are aggregated into pseudobulks and paired
with average basal expression profiles. To evaluate out-
of-distribution generalization, we partition the data across
cell lines and perturbations, using a cluster-based split to
reduce pathway leakage based on gene network embed-
dings (Türei et al., 2016; Liberzon et al., 2015). Finally,
following PerturbQA (Wu et al., 2025a), we compute differ-
ential expression against controls using the Wilcoxon signed-
rank test (Wilcoxon, 1945) with Benjamini-Hochberg cor-
rection (Benjamini & Hochberg, 2000), assigning Up or
Down-regulation to genes with adjusted p-value < 0.01 and
Unchanged to genes with p-value > 0.1.

2.3. Synthesizing Knowledge-Grounded Reasoning
We synthesize knowledge-grounded reasoning paths by link-
ing empirical perturbation outcomes to context-conditioned
biological knowledge graphs.

Cell-Specific Basal Activity Thresholding To express
cellular context in natural-language reasoning, we dis-
cretize basal expression into “low,” “medium,” and “high”
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Table 1. Summary statistics of the PERTREASONQA, including the number of unique perturbations, cell lines, labels (unchanged, up,
down), and pathways across training, validation, and all test splits.

Train ID Cell Valid ID Cell Test ID Cell Test OOD Cell
Chem. Gen. Chem. Gen. ID Chem. ID Gen. OOD Chem. OOD Gen. ID Chem. ID Gen. OOD Chem. OOD Gen.

Perturbation 135 1172 17 137 15 131 25 518 15 125 25 481
Cell Lines 5 3 5 3 5 3 5 3 2 1 2 1

Outcome
Samples

Unch. 62730 212524 7583 24042 8298 24564 11682 91561 3094 7957 4575 30204
Up 32304 179141 2600 22951 3825 28308 3130 35646 2140 11348 1668 28788
Down 53412 282868 6653 31775 8140 31910 8963 67015 2493 16421 4114 45947

Reasoning
Samples

Unch. 19156 36755 2906 4715 2316 1275 1913 62 809 192 815 24
Up 17985 28313 1562 4700 1579 1265 628 133 803 396 496 64
Down 29901 54387 3857 7104 3252 1939 3203 464 1406 692 1935 273

Avg. Pathway Length 5.98 4.91 6.06 4.62 6.25 4.68 5.29 3.95 6.05 4.89 5.07 4.35

states. We define cell-specific thresholds using Kolmogorov-
Smirnov (KS) statistics: τlow separates unchanged genes as
noise from changed genes as signal, while τhigh estimates
the saturation point of functionally active genes.

Cell-State–Conditioned Path Extraction Because
global knowledge graphs include interactions that may
be inactive from gene silencing in a cell, we condition
edge weights on the basal expression b(c) of genes. For
each gene edge (u, v), we use w

(c)
uv = wbase

uv · gsrcu · gtgtv ,
where g· ∝ sigmoid(b(c)

· − τlow) penalizes edges involving
inactive genes. We then convert these activities into inverse
traversal costs and run Dijkstra searches on the resulting
KG to extract high-confidence paths (Paull et al., 2013).

Reference Paths via Filtering We filter extracted paths
to retain mechanisms that support the observed expression
outcome. Regulatory signs are assigned from INDRA Co-
GEx (Bachman et al., 2023), and differentially expressed
genes keep only paths whose cumulative sign propagation
matches the observed up- or down-regulation (Algorithm 1).
For unchanged genes, we retain paths whose signals are
blocked by cellular boundary conditions, such as inhibition
of already silent genes (Algorithm 2).

Path-to-Text Reasoning Synthesis Finally, we convert
validated causal paths into natural-language reasoning using
Qwen3-4B (Yang et al., 2025). A post-generation quality
control step removes low-quality samples through keyword
matching, ensuring that obvious unsupported or refusal-like
generations are removed.

Dataset Statistics PERTREASONQA contains 1.4M
outcome-only QA samples and 237k reasoning samples.
Detailed statistics are summarized in Table 1.

2.4. Evaluation Metrics

We report the balanced accuracy on the 3-way outcome clas-
sification (up, down, and unchanged). We also introduce
Mechanistic Faithfulness to verify the pathway and biologi-
cal correctness of context-specific reasoning, specifically,

• Edge Recall: We evaluate pathway correctness by the
fraction of reference paths correctly covered by the gen-
erated reasoning paths. Note that we distinguish sur-
face natural-language reasoning from structured mech-
anism matching. Our faithfulness metrics are com-
puted on canonical signed triplets extracted from the
<triplets> block. Thus, Edge Recall measures re-
covery of structured regulatory edges rather than lexical
overlap with LLM-generated prose.

• Path Connectivity: To further ensure pathway correct-
ness, this verifies whether the generated intermediate
nodes do not form a broken chain.

• Gene-Ontology Similarity: To assess biological correct-
ness, we account for generated chains that are functionally
similar to references without matching edge-by-edge. We
build IDF-weighted Gene-Ontology (GO) Biological Pro-
cess profiles from intermediate genes and score predicted
chains against references using cosine similarity.

3. Models and Experimental Setup
We present PERTREASONLM, a reference probe for
reasoning-centric perturbation modeling. PERTREA-
SONLM is trained through supervised fine-tuning (SFT)
followed by group relative policy optimization (GRPO). De-
tailed specifications can be found in Appendix C.1 (SFT)
and C.2 (GRPO). This section also describes benchmarking
configurations.

3.1. Perturbation Reasoning Model

Supervised Fine-Tuning The SFT stage builds biological
knowledge and structured reasoning in PERTREASONLM
through a curriculum. We first use outcome-only supervi-
sion, where the model predicts differential expression labels
from cellular contexts and perturbations, to learn broad do-
main priors on entities. We then add mechanistic reasoning
supervision, training PERTREASONLM to generate natural
language Chain-of-Thought (CoT) reasoning (Wei et al.,
2022; Chung et al., 2024) that supports the final outcome
with context-specific regulatory pathways. Target responses
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Table 2. Balanced accuracy for 3-way outcome prediction in ID and OOD test splits of cells and perturbations. GEARS, scGPT, and
STATE are evaluated only on the genetic subset by design, and their averages are computed over genetic-only slices (See §D.1).

ID Cell OOD Cell
Model Average ID Chem. ID Gen. OOD Chem. OOD Gen. ID Chem. ID Gen. OOD Chem. OOD Gen.

GEARS 0.356 - 0.357 - 0.405 - 0.341 - 0.320
scGPT 0.359 - 0.374 - 0.390 - 0.350 - 0.323
STATE 0.411 - 0.510 - 0.407 - 0.403 - 0.324

BioMistral 7B 0.309 0.305 0.307 0.313 0.319 0.324 0.294 0.315 0.293
NatureLM 8x7B 0.334 0.336 0.332 0.334 0.333 0.331 0.337 0.335 0.333
SUMMER-4B 0.404 0.444 0.389 0.421 0.360 0.442 0.416 0.392 0.367

Qwen3-4B 0-shot 0.366 0.418 0.330 0.358 0.358 0.400 0.372 0.325 0.370

PERTREASONLM-4B
Outcome SFT 0.636 0.713 0.690 0.612 0.622 0.653 0.646 0.543 0.611
+ CoT SFT 0.709 0.749 0.722 0.678 0.708 0.705 0.697 0.669 0.743
+ GRPO 0.736 0.772 0.756 0.721 0.745 0.668 0.763 0.680 0.786

are formatted with specialized tags, such as <thinking>,
<answer>, and <triplets>, and data mixing (Guo
et al., 2025; Mitra et al., 2023) is used to combine rea-
soning samples with outcome-only data. Finally, relation
direction self-supervision masks and predicts causal edge
signs (Teru et al., 2020a; Zhang et al., 2024), helping the
model learn activation and inhibition patterns from cellular
and pathway contexts. This curriculum connects abundant
outcome labels with scarce high-fidelity reasoning signals.

Reinforcement Learning with GRPO We apply Group
Relative Policy Optimization (GRPO) (Shao et al., 2024) on
top of the SFT model as a post-training alignment. It aims to
tighten the agreement between the final expression label and
the generated causal chain. To do so, the reward combines
answer correctness with structured triplet-level feedback, so
that the model is encouraged to produce responses that are
both label-correct and mechanistically grounded.

Backbone Models We use the Qwen3-4B (Yang et al.,
2025) as the primary backbone for PERTREASONLM due
to its robust reasoning performance at a moderate scale.

3.2. Baselines

We compare PERTREASONLM with state-of-the-art gene-
space and text-space baselines. Detailed descriptions and
configurations for all baselines are provided in Appendix D.

Gene-Space Baselines with Numerical Outputs We
adopt state-of-the-art models that only generate numerical
outputs: (1) GEARS (Roohani et al., 2024), (2) scGPT (Cui
et al., 2024), and (3) STATE (SE+ST) (Adduri et al., 2025).
We restrict these baselines to the genetic subset for evalua-
tion due to their architecture limitation.

Text-Space Baselines based on LLMs We compare
against: (1) the Qwen-3 4B base model (Yang et al.,

2025), (2) domain-specific LLMs on biology, BioMistral
7B (Labrak et al., 2024) and NatureLM 8x7B (Xia et al.,
2025), (3) SUMMER (Wu et al., 2025a) with Qwen3-4B
backbone, a state-of-the-art Retrieval-Augmented Genera-
tion (RAG) model for perturbation responses.

4. Results
In this section, we assess PERTREASONQA from both pre-
dictive and reasoning standpoints.

Benchmarking Outcome Prediction and Generalization
We evaluate models under the cell-conditioned path setting,
where predictions must be made through noisy, context-
specific regulatory environments. Table 2 reports bal-
anced accuracy across test folds. For gene-space baselines,
GEARS and scGPT show unstable behavior across genetic
splits; all degrade most clearly under OOD-cell settings.
STATE reaches 0.510 balanced accuracy in-domain, yet
drops in distribution shifts, showing the limited generaliza-
tion of non-textual representations. Similarly, Qwen3-4B
(0-shot), BioMistral, and NatureLM struggle without ex-
plicit alignment to regulatory pathways, often failing to
convert biological knowledge into context-specific predic-
tions. PERTREASONLM shows stronger predictive perfor-
mance and robustness. PERTREASONLM-SFT (Outcome)
achieves an average balanced accuracy of 0.636, while
adding reasoning in PERTREASONLM-SFT improves it
to 0.709. PERTREASONLM-GRPO further increases perfor-
mance to 0.736 and outperforms SFT in seven out of eight
folds, suggesting that RL-based alignment better captures
biological logic. Its ID-to-OOD degradation is also small,
indicating improved stability across distribution shifts.

Benchmarking Reasoning Faithfulness We test whether
predictive gains come from faithful reasoning. Table 3
reports mechanistic faithfulness and outcome metrics aver-
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Table 3. Comparing outcome accuracy and mechanism faithfulness across models, using averages over test folds.

Outcome Reasoning Failure ModesPathway
Contexts Model Bal. Acc. Edge Recall Path Conn. GO Sim. Answer × Reason ✓ Answer ✓ Reason ×

SUMMER-4B 0.374 0.090 0.230 0.326 0.003 0.348
Qwen3-4B 0.338 0.134 0.873 0.614 0.624 0.266
PERTREASONLM-4B SFT 0.689 0.345 0.992 0.754 0.294 0.468No Paths

+ GRPO 0.707 0.397 0.992 0.780 0.272 0.427
SUMMER-4B 0.404 0.837 0.922 0.946 0.502 0.036
Qwen3-4B 0.366 0.852 0.994 0.897 0.592 0.024
PERTREASONLM-4B SFT 0.709 0.979 0.978 0.938 0.269 0.037

Cell-Cond.
(Default)

+ GRPO 0.736 0.979 0.990 0.938 0.258 0.016

aged across test folds. With cell-conditioned context, path-
way information improves reasoning metrics for most mod-
els, but PERTREASONLM converts this context into both
accurate outcomes and faithful mechanisms. PERTREA-
SONLM-GRPO achieves 0.979 edge recall and 0.938 GO
similarity, while also reducing the “right answer with wrong
reason” failure mode from 3.7% in PERTREASONLM-SFT
to 1.6%. In contrast, Qwen3-4B and the RAG-based SUM-
MER often extract plausible chains but fail to link them
to the correct downstream effect. The gap widens in the
no-path setting. Without pathway context, SUMMER and
Qwen3-4B show low or unstable edge recall and GO sim-
ilarity, and Qwen3-4B reaches 62.4% in the “wrong an-
swer with right reason” category. PERTREASONLM retains
stronger reasoning faithfulness and outcome accuracy even
without explicit contextual clues, indicating that it has in-
ternalized transferable regulatory logic rather than simply
copying provided pathways.

5. Limitations and Future Work
PERTREASONQA constructs reference mechanisms from
curated knowledge graphs and public perturbation datasets,
and therefore inherits their incompleteness, coverage bias,
and occasional ambiguity; its pathways should be inter-
preted as biologically grounded mechanistic proxies rather
than complete causal explanations or substitutes for ex-
perimental validation. In addition, our current pipeline
uses Qwen3 both to verbalize filtered structured paths into
natural-language reasoning traces and as the primary back-
bone of PERTREASONLM, while Qwen3 is also included
among the evaluated text-space baselines. Although out-
come labels, cell-state conditioning, and sign-based path
filtering are determined before text generation, this design
may introduce a surface-form imitation channel in which
PERTREASONLM benefits partly from matching the prose
style of the generator used to synthesize reference expla-
nations. Future work should decouple structured path con-
struction from textual realization more strongly by using
multiple non-Qwen generators and adding expert-curated
subsets for path-level validation.

6. Conclusion
We introduced PERTREASONQA, a knowledge-grounded
QA benchmark for evaluating cell-state–conditioned mech-
anistic reasoning about perturbation effects. By pairing
perturbation outcomes with context-specific regulatory path-
ways, PERTREASONQA moves beyond label-centric eval-
uation and exposes failure modes that are invisible to end-
point accuracy alone, including predictions that are correct
but supported by flawed or context-insensitive mechanisms.
We also presented PERTREASONLM as a reference probe
for reasoning-centric perturbation modeling, showing that
explicit alignment between outcome prediction and struc-
tured regulatory evidence can improve both predictive per-
formance and mechanistic faithfulness. Overall, our results
suggest that progress in virtual-cell modeling should be as-
sessed not only by how accurately models predict cellular
responses, but also by whether they can justify those pre-
dictions through biologically plausible and generalizable
mechanisms.
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A. Related Work
Benchmarking and Modeling Cellular Perturbation Prediction The landscape of cellular perturbation prediction
encompasses advancements in modeling and benchmarking. On the modeling front, architectures have evolved from
gene embeddings (Du et al., 2019) and generative models (Lopez et al., 2018; Grønbech et al., 2020) to latent space
arithmetic (Lotfollahi et al., 2023; Hetzel et al., 2022) and single-cell foundation models (Yang et al., 2022; Cui et al.,
2024; Theodoris et al., 2023; Rosen et al., 2023; Adduri et al., 2025). To evaluate these systems, standardized benchmarks
initially focused on the numerical regression of expression profiles (Peidli et al., 2024; Szał ata et al., 2024; Wei et al., 2025;
Wu et al., 2025b; Wenteler et al., 2025). However, optimizing strictly for regression yields black-box models that lack
mechanistic reasoning, causing them to frequently underperform linear baselines (Ahlmann-Eltze et al., 2025) or exhibit
biological hallucinations (Radig et al., 2025). To incorporate semantic context and structural grounding, recent modeling
approaches have explored graph augmentations, synthetic trace imitation, and multi-agent pipelines (Zhao et al., 2025;
Phillips et al., 2025; Kim et al., 2026). Concurrently, within benchmarking, PerturbQA (Wu et al., 2025a) pioneered the
use of natural language evaluation, though its scope currently remains constrained to discrete factual question-answering
rather than tracing complex causal mechanisms. PERTREASONQA addresses these gaps by explicitly shifting the evaluation
paradigm from static predictions to the rigorous assessment of mechanistically faithful perturbation reasoning.

Knowledge Graphs and Large Language Models in Biomedical Applications Researchers have used Knowledge
Graphs (KGs) to decipher complex interactions between biological entities (Chandak et al., 2023; Zitnik et al., 2018; Roohani
et al., 2024; Ni et al., 2024). However, the static nature of predefined KG schemas limits inductive generalization to novel
entities (Teru et al., 2020b). Large Language Models (LLMs) bridge this semantic gap by offering transformative biomedical
reasoning (Luo et al., 2022; Singhal et al., 2025) and translating transcriptomics into linguistic constructs (Singhal et al.,
2022; Nori et al., 2023; Levine et al., 2024). To anchor these models in factual biology, recent frameworks integrate
LLMs with external knowledge via Retrieval-Augmented Generation (Lewis et al., 2021; Wu et al., 2025a) or specialized
agents (Su et al., 2025; Gao et al., 2025). Despite these synergies, current approaches prioritize discrete fact retrieval
over dynamic simulation. To address this, PERTREASONQA evaluates mechanistically faithful reasoning beyond static
predictions. Concurrently, PERTREASONLM dynamically aligns flexible language models with context-specific pathways,
overcoming the structural limitations of standard graph retrieval.

B. Data Details
B.1. Splits

To evaluate generalizability, we partition cell lines designed to measure out-of-distribution (OOD) performance. Specifically,
we set OOD cells as T cells and A549 for chemical perturbations, RPE1 for genetic perturbations.

To rigorously evaluate generalization, we implement a functional splitting strategy for both genetic and chemical pertur-
bations. By partitioning perturbations based on biological function rather than random assignment, we ensure the test
set evaluates true extrapolation to novel mechanisms rather than memorization of overlapping pathways. We construct a
heterogeneous directed biological graph from OmniPath (Türei et al., 2016) and augment it with Gene Ontology (GO) gene
sets from MSigDB (v2023.2) (Liberzon et al., 2015). We then compute Personalized PageRank (PPR) scores across the
gene interaction network and aggregate them onto connected GO term nodes, yielding a gene-to-GO continuous vector
encoding each gene’s functional and structural context.

Based on cosine similarity of these functional vectors, we apply KMeans clustering (k = 30) to group genes sharing similar
biological roles, then randomly partition entire clusters into ID and OOD sets. Chemical perturbations are aligned to this
functional split by mapping drugs to their target genes via INDRA CoGEx (Bachman et al., 2023); a drug is assigned to
the OOD test set if more than 10% threshold of its target genes fall into OOD gene clusters. This formulation guarantees
that both genetic and chemical OOD splits systematically evaluate the model’s capacity to extrapolate to unseen biological
mechanisms.

B.2. Knowledge-Grounded Reasoning Details

B.2.1. CELL-SPECIFIC BASAL ACTIVITY THRESHOLDING

A fundamental step in modeling cell-specific mechanisms is interpreting the continuous spectrum of basal gene expression.
Raw transcriptomic data frequently suffer from technical noise and systemic batch effects across different experimental
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runs, making fixed global thresholds highly unreliable. To robustly categorize expression levels across diverse contexts, we
establish adaptive, cell-specific thresholds. Biologically, we identify two critical transition points in the data density. The low
threshold (τlow) separates true biological signal from technical background noise, ensuring we only consider functionally
active genes. Conversely, the high threshold (τhigh) marks the saturation point of active expression, identifying genes that
are fully transcribed or operating at maximum biological capacity. This dynamic thresholding mitigates batch effects and
provides a normalized context for the PERTREASONQA task.

To determine the low threshold (τlow), which isolates meaningful biological activity from background noise, we employ
a maximum separability criterion using a two-sample Kolmogorov-Smirnov (KS) statistic. We treat the basal expression
values of genes labeled as unchanged after a perturbation p as a background noise distribution (Xbg), and those labeled as
changed as a signal distribution (Xsig). By evaluating their empirical cumulative distribution functions (ECDFs), F̂bg(x)

and F̂sig(x), the threshold is defined as the value that maximizes the signed KS statistic:

τlow = argmax
x

(
F̂bg(x)− F̂sig(x)

)
This objective effectively identifies the precise decision boundary that optimally separates the background distribution from
the active signal.

To capture the upper bounds of typical expression dynamics, we define the high threshold (τhigh), which represents
the biological saturation point of gene expression. For genes exhibiting active expression (Xact > τlow), we apply a
normalization mapping ϕ : Xact → [0, 1]:

zi = ϕ(xi) =
xi −min(Xact)

max(Xact)−min(Xact)

Let F̂act(z) denote the ECDF of these normalized values. We compare this empirical distribution against the cumulative
distribution function of a standard Uniform distribution, FU (z) = z, which acts as a constant density baseline. The high
threshold is determined by calculating the one-sample Kolmogorov-Smirnov (KS) statistic against this linear baseline:

z∗ = argmax
z∈[0,1]

∣∣∣F̂act(z)− z
∣∣∣ , τhigh = ϕ−1(z∗)

In the context of heavy-tailed biological data, this geometric knee point effectively localizes the structural transition from
the main body of active expression to a state of saturation.

B.2.2. CELL-STATE-CONDITIONED SUBGRAPH EXTRACTION

A fundamental challenge in biological modeling is that general KGs contain the superset of all possible interactions, many
of which are physically impossible in specific cell types due to gene silencing. The static architecture of a general KG must
be dynamically refined to reflect the functional connectivity unique to a given transcriptomic state.

Let G = (V,A) be the global knowledge graph derived from OmniPath, where each node v ∈ V denotes a gene, and each
directed edge (u, v) ∈ A denotes a regulatory relation. For a specific cell state c, we retrieve its basal gene expression profile
b(c) ∈ R|V|.

Using the established low threshold τlow, we implement an asymmetric basal activity gating mechanism that modulates edge
traversability based on gene expression context. For each edge (u, v), we define a structural base weight wbase

uv , which is
then modulated using sigmoid-based gating functions with asymmetric treatment of source and target nodes:

gsrcu = max
(
σ
(
β(b(c)

u − τlow)
)
, δsrc

)
gtgtv = δtgt + (1− δtgt) · σ

(
β(b(c)

v − τlow)
)

where σ(·) denotes the logistic sigmoid function, β is a steepness parameter controlling the gate’s sensitivity, and δsrc and
δtgt are floor constants that maintain minimum traversability. The final context-conditioned edge weight is:

w(c)
uv = wbase

uv · gsrcu · gtgtv + ϵw

where ϵw is a small constant to prevent weights from becoming exactly zero. This asymmetric design reflects biological
reality: the source floor δsrc allows signal propagation through weakly-expressed genes (modeling de-repression or
inducibility), while the target floor δtgt ensures downstream genes remain inducible even when they are basally silent.
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B.2.3. DIVERSITY-AWARE CAUSAL PATH-FINDING

To construct robust reasoning chains from perturbation sources to differential expression targets, we adopted the TieDIE
framework, which was originally designed to connect genomic events to transcriptional states through network diffusion.
Our approach extends TieDIE with three key modifications: (1) cell-state conditioned edge weights, (2) explicit path
extraction rather than subnetwork identification, and (3) iterative penalty-based diversification.

Given the weighted graph G(c) = (V,A, {w(c)
uv }), we follow influence propagation by estimating a perturbation-centered

flow score over nodes using Personalized PageRank (PPR). Let S(p) denote the set of start nodes associated with perturbation
p:

S(p) =


{t : t is a known target of chemical p}, if p is chemical,
{p}, if p is a single-gene perturbation,
{p1, . . . , pm}, if p = p1 + · · ·+ pm is a gene combination.

We define a personalization vector s(p) ∈ R|V| by assigning equal mass to valid start nodes:

s(p)v =

{
1

|S(p)| , if v ∈ S(p),
0, otherwise.

Let P(c) be the row-normalized transition matrix induced by the edge weights w(c)
uv . The node flow score p(c,p) is computed

as the fixed point of:
p(c,p) = (1− α)s(p) + α(P(c))⊤p(c,p)

where α is the damping factor representing the probability of continuing the random walk. The resulting scores define a flow
field quantifying each node’s mechanistic relevance to the perturbation.

Next, we extract explicit causal paths from S(p) to the effect gene ge using Dijkstra search on a PPR-informed cost function.
For each traversable edge (u, v), the search cost is defined as:

cost(c,p)uv =
1

w
(c)
uv p

(c,p)
u p

(c,p)
v + ϵc

where ϵc is a small cost constant ensuring numerical stability. This cost formulation ensures that paths traverse high-flow
regions identified by network diffusion while respecting cell-state structurally plausible edges. The extracted shortest path
P⋆ is the one minimizing cumulative resistance L(P) =

∑
cost

(c,p)
vivi+1 , subject to a maximum hop-depth constraint Dmax.

To capture the multifaceted nature of perturbation mechanisms—such as compensatory signaling axes—we employ iterative
penalty-based diversification. After extracting a path, we apply multiplicative penalties to its visited edges in a temporary
graph copy, dividing their weight by a penalty factor λ to encourage the exploration of alternative mechanistic routes.
Duplicate paths and paths that are complete supersets of other selected paths are pruned. This procedure yields a focused,
perturbation-anchored bag-of-paths representation tailored to the queried response gene.

B.2.4. REFERENCE PATHS VIA EVIDENCE AUGMENTATION AND FILTERING

The primary objective of this stage is to filter the extracted causal paths to eliminate mechanistically invalid reasoning
trajectories. However, the paths extracted from OmniPath merely establish structural connectivity and frequently contain
edges where the regulatory direction is unknown or functionally ambiguous. To enable the rigorous causal inference
required for logical filtering, we must first maximize directional certainty. We achieve this by cross-referencing these
unspecified edges with directive literature evidence from INDRA CoGEx. By adopting the majority consensus from the
literature, we resolve the ambiguous relations into explicit activating (+1) or inhibitory (−1) interactions. This evidence
augmentation transforms the candidate subgraph into a functionally signed causal network, laying the necessary groundwork
for subsequent validation.

Then, we apply deterministic filtering criteria based on the observed differential expression labels. For samples exhibiting
significant differential expression (labels up or down), a biologically valid path must possess a cumulative polarity that
matches the observed outcome. We formalize this using a Sign-Reachability criterion (Algorithm 1). Biologically, a
perturbation initiates a specific signal cascade. As this signal propagates through the network, inhibitory edges invert the
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Algorithm 1 Sign-Reachability Filter for Differential Expression

1: Input: Extracted path π = (a1, . . . , aL), initial perturbation sign sign0(pi), observed label ℓi ∈ {up,down}, ambiguity
budget B0

2: Output: Validity of the path (True/False)
3: S0 ← {sign0(pi)}
4: bcount ← 0
5: for t← 1 to L do
6: if sign(at) = +1 then
7: St ← St−1

8: else if sign(at) = −1 then
9: St ← {−s : s ∈ St−1}

10: else
11: St ← St−1 ∪ {−s : s ∈ St−1}
12: bcount ← bcount + 1
13: end if
14: end for
15: if bcount > B0 then
16: return False // Path exceeds allowable ambiguity
17: end if
18: target sign← +1 if ℓi = up else −1
19: return target sign ∈ SL

polarity. A path is retained only if the terminal signal polarity logically aligns with the observed gene expression shift. Paths
that accumulate excessive ambiguity or fundamentally contradict the observed differential state are pruned.

Explaining an unchanged transcriptomic response presents a unique biological challenge, as a lack of differential
expression does not necessarily imply an absence of causal interaction. It frequently stems from biological boundary
conditions, such as ceiling or floor effects in gene transcription. To model this phenomenon, we introduce a Sign-Consistency
framework (Algorithm 2) that directly integrates the propagated causal signal with the basal transcriptomic state. Utilizing
the hysteresis thresholds τlow and τhigh defined in previous sections, we discretize the basal expression of the target gene
into distinct functional states: silent, active, or saturated. The algorithm then evaluates whether the incoming perturbation
signal can physically alter this state. Crucially, if an activating signal reaches a gene already at its saturation point (τhigh), or
if an inhibitory signal reaches a basally silent gene (τlow), the mechanistic outcome is correctly classified as unchanged.
This basal context integration prevents the false rejection of valid causal pathways that are simply masked by physiological
constraints.

B.2.5. PATH-TO-TEXT REASONING SYNTHESIS

To systematically translate structured causal graphs into natural language, we implement a multi-stage prompt construction
and generation pipeline. This process ensures that the resulting text maintains strict fidelity to the underlying biological
mechanisms and properly grounds the language model in the defined cellular context.

For a given cell state c, the generation module requires the perturbation p, the effect gene ge, the observed differential
expression label y ∈ {unchanged, up, down}, and the filtered causal paths. To present this graph-structured data to the
language model, we serialize the pathways using a flat breadth-first search traversal initialized at the perturbation root
p. This topological ordering ensures that upstream regulatory events are structurally prioritized in the prompt before the
downstream interactions that converge on ge.

To provide the language model with an accurate representation of intermediate regulator availability, we discretize the
continuous basal expression values of the genes along the selected paths. Leveraging the adaptive hysteresis thresholds
τlow and τhigh defined previously, we map the basal expression of each relevant gene into explicit qualitative states of
low, medium, or high availability. This contextual translation allows the model to correctly deduce whether a specific
signaling route is mechanistically viable, attenuated, or entirely insufficient to induce a change in ge within the initial cellular
environment.
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Algorithm 2 Sign-Consistency Filter for Unchanged Targets

1: Input: Extracted path π = (a1, . . . , aL), perturbation initial state z0 ∈ {0, 1}, target basal expression xyi,ci , thresholds
τlow, τhigh

2: Output: Consistency of the path (True/False)
3: if xyi,ci ≤ τlow then
4: b← 0 // Basally silent
5: else if xyi,ci ≥ τhigh then
6: b← 1 // Basally saturated
7: else
8: b← ∅ // Active state without boundaries
9: end if

10: Z0 ← {z0}
11: Propagate binary activity states
12: for t← 1 to L do
13: if sign(at) = +1 then
14: Zt ← Zt−1

15: else if sign(at) = −1 then
16: Zt ← {1− z : z ∈ Zt−1}
17: else
18: Zt ← {0, 1}
19: end if
20: end for
21: Evaluate physiological constraints
22: if (b = 1 ∧ 1 ∈ ZL) ∨ (b = 0 ∧ 0 ∈ ZL) then
23: return True // Ceiling or floor effect observed
24: end if
25: return False

The comprehensive prompt integrates five core components: the cell type, the perturbation p, the effect gene ge, the expanded
text of the observed label y, and the serialized path evidence. We apply specific encoding rules for perturbations to maintain
mechanistic integrity. The prompt instructs the model to synthesize a single predictive paragraph that derives y purely as a
logical consequence of the provided pathways, actively resolving ambiguous regulatory relations into defined polarities
without relying on external or unsupported mechanisms.

Text generation is executed using Qwen3-4B configured with bfloat16 precision. Because language models can occasionally
fail to ground their outputs in the provided physical constraints, we enforce a strict post-generation quality control protocol.
Paragraphs containing semantic markers of mechanistic failure or refusal, such as explicit statements indicating the path
does not support the observed label (e.g., “cannot be explained”, “not mechanistically supported”, or “cannot be logically
explained”), are aggressively filtered out. The surviving high-fidelity reasoning samples are assigned deterministic identifiers
based on the unique combination of cell type, perturbation, and effect gene, which are subsequently compiled into the final
PERTREASONQA dataset.

B.2.6. HYPERPARAMETERS

In our implementation, the structural base weight wbase
uv was set to a uniform value of 1.0. The gating steepness parameter β

was set to 10. To maintain appropriate baseline traversability, the source floor δsrc was configured to 0.05, and the target
floor δtgt was configured to 0.5. The small weight constant ϵw = 10−9 was added to the final weight computation to prevent
exact zeros.

For the PageRank diffusion process, we utilized a damping parameter α = 0.85, capped at a maximum of 50 iterations
with a tolerance of 10−4. In the path extraction phase, the edge cost formulation included a small constant ϵc = 10−4. The
maximum hop-depth constraint Dmax was restricted to 4 (which is reduced to 3 internally for chemical perturbations after
prepending the drug-target edge). To construct the final Bag-of-Paths, the pipeline iteratively extracted up to K = 4 diverse
paths, where K is the path budget, penalizing visited edges by a factor of λ = 2.0.
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For all path-to-text reasoning generations, we use Qwen’s recommended configurations, specifically, temperature 0.7, top-p
sampling 0.8, and top-k sampling 20.

C. Model and Training Details
C.1. SFT Training

We cast supervised fine-tuning as a standard causal language modeling objective. Let x denote the input instruction and
y the target output. We minimize the negative log-likelihood over response tokens using a completion-only loss strategy,
where only the assistant tokens contribute to the gradient:

LSFT = −
|y|∑
t=1

logPθ(yt | x, y<t) ,

where θ represents the trainable Low-Rank Adaptation (LoRA) parameters.

Outcome-Only Supervision The primary objective of this initial stage is to enable PERTREASONLM to acquire domain
knowledge regarding the broad associations among a perturbation p, a cellular context c, an effect gene ge, and the expression
outcome y. Because high-quality knowledge graph triplets for reasoning are scarce for many perturbations and effect gene
pairs, outcome-only samples are significantly more abundant within PERTREASONQA. Consequently, this phase acts as
a crucial knowledge acquisition step, allowing the model to internalize biological entity representations and perturbation
response priors. By predicting the final outcome without requiring a full mechanistic explanation, this stage provides a
stable initialization that primes the model for the subsequent, more complex reasoning supervision. In practice, the input
sequence is constructed using the cell type, the perturbation p, the effect gene ge, and the basal expression contexts. The
corresponding output consists exclusively of the final differential expression label y ∈ {unchanged, up, down}, without any
intermediate reasoning paths or retrieved pathway evidence.

Mechanistic Reasoning Supervision Following the initial knowledge acquisition phase, we train PERTREASONLM to
generate Chain-of-Thought (CoT) reasoning in natural language (Wei et al., 2022; Chung et al., 2024; Magister et al., 2023)
that elucidates the causal pathways from the perturbation p to the effect gene ge. This supervision forces the model to align
the “broad associations” learned in the previous stage with structured, step-by-step “causal mechanisms”. By doing so, we
mitigate shortcut predictions and ensure that the final concluded outcome y is explicitly justified by established biological
pathway evidence. Crucially, the model learns to jointly interpret retrieved pathway knowledge and the basal cell state c to
select the correct context-specific regulatory mechanism. We also employ a data mixing that combines complex reasoning
samples with the outcome-only samples (Guo et al., 2025; Mitra et al., 2023). The target output is then formatted as a
tag-structured response, including a <thinking> block of the mechanistic reasoning, a final <answer> block explicitly
stating the predicted expression change y, and a <triplets> block detailing the used causal edges.

Relation Direction Self-Supervision Despite the integration of multiple KG sources, the precise regulatory direction of
certain gene-gene interactions often remains unknown or ambiguous. To address this, the final stage of our SFT pipeline
introduces a biologically inspired self-supervised learning objective. We formulate a “relation masking and prediction” task
designed to teach the model edge-level mechanistic primitives, enabling it to accurately distinguish between activation and
inhibition (Teru et al., 2020a; Zhang et al., 2024). Here, the model is explicitly tasked with inferring the causal sign of
ambiguous edges based on the cell and KG contexts. To ensure the model learns genuine context-based disambiguation
rather than simply copying localized text, we mask the directionality of a subset of well-defined, clear relations during
training. This strategy forces PERTREASONLM to actively use the provided cellular and pathway contexts to deduce the
correct causal direction, thereby significantly reinforcing its foundational mechanistic understanding.

Multi-Stage SFT Curriculum The comprehensive SFT process is structured as a progressive curriculum that system-
atically advances from simpler task adaptations to mechanistically richer forms of supervision. Specifically, the training
sequence unfolds across four distinct phases: outcome-only adaptation, outcome-plus-reasoning alignment, relation-direction
specialization, and a final multi-objective consolidation. This concluding consolidation stage ensures that the three distinct
forms of prior supervision do not manifest as isolated capabilities, but are instead seamlessly integrated into a single,
cohesive perturbation reasoning within PERTREASONLM. By carefully ordering these learning objectives, our curriculum
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Table 4. Hyperparameters for Supervised Finetuning

Hyperparameter Value

Common Settings

Precision BFloat16
Learning Rate 2× 10−4

LR Scheduler Cosine
Warmup Ratio 0.03
Max Sequence Length 4096
Training Technique Gradient Checkpointing, Completion-only Loss
LoRA Rank (r) 32
LoRA Alpha (α) 64
LoRA Dropout 0.05

Stage-Specific Settings

Outcome-Only Supervision
Epoch 1
Effective Batch Size 512

Mechanistic Reasoning Supervision
Epoch 1
Effective Batch Size 128

Relation Direction Supervision
Epoch 2
Effective Batch Size 128
Clear Relation Masking Ratio 20%

effectively mitigates the inherent data trade-off in PERTREASONQA, bridging the gap between a large but shallow pool of
outcome supervision and a small but high-fidelity set of mechanistic reasoning signals.

Due to the diverse nature of PERTREASONQA, the outcome-only, reasoning, and relation-direction samples exhibit
significant disparities in both quantity and sequence length. Simple uniform batching across these distributions leads to
objective and memory imbalances. To ensure stable optimization, we employ dynamic batch sampling. We construct
homogeneous micro-batches containing samples from exclusively one supervision type and then mix these types at the
gradient accumulation block level. This strategy maintains the required effective batch size for each specific objective type.
Additionally, we apply oversampling based on the perturbation modality and outcome label to mitigate data skewness.

Training is implemented using the TRL library (von Werra et al., 2020) with DeepSpeed ZeRO-2 (Rasley et al., 2020)
for memory efficiency on two NVIDIA A100 GPUs (40 GB each) with 128 GB system memory. All SFT stages share a
common set of hyperparameters, which, along with stage-specific effective batch sizes, epochs, and masking ratios, are
detailed in Table 4.

C.2. GRPO Training

Distributed training loop. Each RL epoch runs as a five-phase workflow: (1) Prepare — load JSONL data from
default-context and no-path-context pools, apply two-stage oversampling, append /no think to disable the backbone’s
native thinking mode.(2) Generate — shard prompts across nodes and decode K=8 completions per prompt with vLLM;
(3) Rewards — optionally inject the ground-truth response as the final rollout (GT injection), compute scalar rewards, and
normalize into group advantages; (4) Train — attach a fresh LoRA adapter to the epoch-start merged checkpoint, compute
reference log-probabilities with adapters disabled, and optimize with DeepSpeed ZeRO-2; (5) Merge — fold the learned
adapter back into the checkpoint for the next epoch.

Our GRPO runs on an 8-node cluster with 16 NVIDIA A100-40GB GPUs in total, and each epoch completes in under 10
hours. This hardware configuration supports the distributed rollout, reward, and DeepSpeed training pipeline used for the
official model.
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Table 5. GRPO implementation settings.

Component Setting

Initialization Pre-merged SFT checkpoint
Training data default-context and no-path-context JSONL pools
Rollouts per prompt 8 completions
Sampling Temperature 0.85, top-p = 0.9, max completion length 768
Objective Clipped GRPO with KL coefficient β = 0.02 against epoch-start reference
Reward 0.8× rans + 0.2× rtrp
Optimization AdamW, lr 5× 10−6, bf16, DeepSpeed ZeRO-2, gradient checkpointing
LoRA Rank 16, alpha 32, dropout 0.05; targets: q/k/v/o proj, gate/up/down proj
Stabilizers GT injection into last rollout; zero-std rescue with baseline ±1.0

Advantage normalization and stabilization. Group advantages are computed as

Ai =


ri − µx

σx
, σx > 0,

+1.0, σx = 0 and µx > 0.5,

−1.0, σx = 0 and µx ≤ 0.5.

The zero-variance rescue prevents zero-signal updates on groups where all completions receive identical rewards, which is
common on structured biological outputs. GT injection into the last rollout further reduces the frequency of such groups.

Hyperparameters. Full GRPO settings are listed in Table 5.

Reward Design The official reward is the answer-and-triplet objective

rsel = 0.8 rans + 0.2 rtrp,

where rans is a binary reward on the extracted answer label and rtrp is a partial-match reward on causal triplets. The
partial-match rule gives full credit when subject, object, and sign are all correct; reduced credit when the entity pair is correct
but the sign is neutral; and smaller credit when the entity pair is correct but the sign is wrong.

D. Baseline Details
D.1. Gene-Space Baselines with Numerical Outputs

• GEARS (Roohani et al., 2024): A KG-based model for perturbation prediction that uses a Gene Ontology knowledge
graph to predict outcomes for unseen single and combinatorial genetic perturbations.

• scGPT (Cui et al., 2024): A foundation model pre-trained on massive single-cell transcriptomic data. We fine-tune
scGPT on our dataset to represent the capability of generative gene-expression models.

• STATE (SE+ST) (Adduri et al., 2025): A large-scale perturbation foundation model trained directly in gene-expression
space on Perturb-seq style data. We use the pre-trained SE model’s embedding and fine-tune the ST model.

These baselines are evaluated only on the genetic subset. We train them on genetic perturbations and report scores only
on matched genetic test slices; we do not merge chemical and genetic splits in their summary statistics. This is the fairest
protocol because GEARS and scGPT consume gene-level inputs and predict continuous perturbed expression profiles, rather
than operating over a representation that can natively encode both genes and small molecules.

For STATE, while genetic perturbations are represented via ESM2 protein embeddings, allowing the model to generalize to
unseen genes via sequence similarity, its chemical perturbation module typically employs embedding lookup by one-hot
encodings. This dependency on fixed vocabularies makes chemical OOD extrapolation technically impossible. Consequently,
to ensure a fair comparison focused on generalization, we evaluate these numerical baselines exclusively on the genetic
subset of PERTREASONQA.
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Continuous-to-label conversion. GEARS, scGPT, and STATE output continuous gene-expression values rather than
3-way labels. To compare them against our benchmark, we convert each predicted perturbation profile into differential-
expression calls by pairing the predicted perturbed values with empirical control cells from the same AnnData source and cell
type, then running Scanpy’s Wilcoxon rank genes groups test for each (c, p) contrast. We apply Benjamini–Hochberg
correction across the genes available in that contrast and assign up or down only when the adjusted p-value passes the
evaluation threshold and the estimated log-fold change has the corresponding sign; all remaining cases are mapped to
unchanged. If a cell-type-specific control pool is unavailable, we fall back to the corresponding source-level controls.
This protocol evaluates the induced 3-way endpoint rather than raw regression error, which is the quantity aligned with our
QA benchmark.

D.2. Text-Space Baselines based on LLMs

• Qwen3-4B (base) (Yang et al., 2025): The backbone of PERTREASONLM and SUMMER (Wu et al., 2025a), evaluated
without any fine-tuning to isolate the gains from our training pipeline.

• BioMistral 7B (Labrak et al., 2024) and NatureLM 8x7B (Xia et al., 2025): Leading open-source biomedical LLMs
continuously pre-trained or instruction-tuned on large-scale biomedical corpora (PubMed, medical guidelines). They
represent the upper bound of performance for models relying solely on implicit pre-training knowledge without explicit
KG-guided reasoning.

• SUMMER (Wu et al., 2025a): A state-of-the-art Retrieval-Augmented Generation baseline. It retrieves relevant
literature or KG triplets to answer perturbation queries, serving as a strong RAG reference point. We use Qwen3-4B as
a backbone model for SUMMER.
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