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ABSTRACT

Predicting gene perturbation effects in unseen contexts is essential for understand-
ing regulatory networks and identifying therapeutic targets. Current methods face
a trade-off: Graph Neural Networks are limited by incomplete databases, while
LLM-based methods confuse textual co-occurrence with true regulatory relation-
ships.

We introduce CausalPert, a framework that uses LLM consensus to infer directed
regulatory relationships, constructing a latent GRN that guides both prediction
and experimental design. CausalPert makes two key changes to existing seman-
tic baselines for LLM-based perturbation prediction. (1) For predicting unseen
perturbation effects, instead of asking an LLM to find “’similar genes,” it prompts
the LLM to identify upstream regulators of a target gene, runs this query three
times independently, and keeps only the candidates that appear consistently. (2)
For selecting which genes to experimentally perturb first, it asks the LLM to nom-
inate the genes most likely to control many regulatory targets, then ranks them by
agreement across runs.

For perturbation prediction (1), our method improves correlation by 10.5% over
semantic baselines in few-shot regimes (N = 50). For experimental design (2),
selecting just 50 anchors via LLM consensus in K562 outperforms network cen-
trality heuristics by up to 46%.

1 INTRODUCTION

Predicting transcriptomic responses to genetic perturbations remains a fundamental challenge in
computational biology, essential for decoding gene regulatory networks (GRNs) and identifying
therapeutic targets (Replogle et al., [2022} |Dixit et al., [2016). High-throughput screens like Perturb-
seq have generated massive datasets, yet the combinatorial space of possible perturbations—over
20,000 genes across diverse cellular contexts—remains experimentally intractable. The ability to
generalize from limited screens to unseen perturbations (zero-shot prediction) has thus emerged as
the critical frontier for accelerating biological discovery.

Current methods attempt to bridge this gap by incorporating prior biological knowledge. Graph Neu-
ral Network (GNN) approaches, such as GEARS (Roohani et al., [2024) and TxPert (Wenkel et al.,
2025)), leverage structured Gene Ontology (GO) graphs to propagate perturbation signals. Language
Model approaches like LangPert (Martens et al., 2025) aggregate contextual information from un-
structured literature. While recent Foundation Models such as GRNFormer (Qiu et al., |2025) seek
to integrate explicit GRN priors into RNA token embeddings, all existing methods share a critical
limitation: they rely on static, potentially incomplete knowledge graphs or noisy literature embed-
dings. When regulatory interactions are missing from curated databases or buried in ambiguous text,
these models fail to infer the underlying causal logic, leading to poor generalization on understudied
genes.

Naive application of LLMs to biological retrieval suffers from a fundamental representation bias:
standard language embeddings capture textual co-occurrence (P(B|A)) rather than regulatory
causality (P(B|do(A))) (Pearl, [2009). This leads to structural conflation, where unconstrained
models fail to distinguish upstream drivers (transcription factors) from their downstream targets due
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to high lexical similarity in scientific corpora (Lee et al., |2020; Beltagy et al., 2019). As a result,
predictions often mirror co-citation patterns rather than the true directional mechanisms of gene
regulatory networks (Chen & Zou, [2024)).

To overcome this, we introduce CAUSALPERT, a neuro-symbolic framework that transforms zero-
shot perturbation prediction from a retrieval task into a mechanistic reasoning problem. We propose
a novel Causal-Consensus Mechanism: replacing naive semantic similarity with a multi-agent
consistency protocol that enforces alignment between functional descriptions and regulatory logic.
By requiring retrieved neighbors to be validated by explicit causal reasoning chains, we effectively
filter spurious associations arising from mere textual co-occurrence.

We evaluate CAUSALPERT on two complementary tasks using the Replogle et al. (Replogle et al.,
2022) benchmark, spanning over 20,000 perturbation pairs across four divergent cell lines. First,
on Few-Shot Perturbation Prediction, we demonstrate that grounding latent semantics in causal
priors improves generalization by a relative 10.5% over baselines in low-data regimes (N = 50).
Second, we address Active Discovery—autonomously identifying the optimal initial set of 50 per-
turbations to map a regulatory landscape. Here, CAUSALPERT-selected anchors outperform tradi-
tional network centrality heuristics by up to 46% in K562, confirming that agentic reasoning can
effectively guide experimental design in combinatorial biological spaces.

2 BACKGROUND

2.1 ZERO-SHOT PREDICTION: FROM STATIC INVARIANTS TO DYNAMIC REASONING

The dominant paradigm for zero-shot perturbation inference, exemplified by GEARS (Roohani
et al., [2024), relies on propagating signals through structured biological knowledge graphs. Graph
Neural Networks (GNNs) have proven effective for leveraging relational inductive biases (Battaglia
et al.l 2018} |Kipf, 2016), and their application to biological networks has yielded strong results
in protein function prediction (Gligorijevi¢ et al. 2021 and drug-target interaction (Zitnik et al.,
2018). However, these methods are fundamentally constrained by the completeness assumption
of the graph prior. They operate under a ‘closed-world’ hypothesis: if a regulatory edge is missing
from Gene Ontology (GO) (Ashburner et al.| 2000) or co-expression networks (Zhang & Horvath,
2005)), the model is blind to the interaction. Moreover, they treat the interactome as a static invariant,
failing to capture the dynamic, context-specific rewiring of gene regulation across cell types (Ideker
& Krogan), 2012; Bandyopadhyay et al.,|2010).

In contrast, we propose shifting from static graph propagation to dynamic causal reasoning. Un-
like fixed knowledge graphs, our agentic framework induces context-specific regulatory hypotheses
directly from the unstructured ‘open world” of biomedical literature (Wei et al.l 2019} |Gu et al.,
2020). This allows us to infer regulatory links for understudied genes that lack dense graph anno-
tations, effectively overcoming the sparsity of curated biological priors (Szklarczyk et al.| [2023).
Critically, we reframe the role of structure: rather than requiring graph edges for prediction, we
utilize topological consistency as a validity constraint to adjudicate open-world hypotheses.

2.2 LLMS FOR BIOLOGICAL REPRESENTATION AND REASONING

Recent approaches have adapted Large Language Models (LLMs) to encode biological entities.
Methods like GenePT (Chen & Zou, 2024), scGPT (Cui et al.| [2024) and GP+LLM (Mirtens
et al.,2024) utilize LLMs to generate static embeddings from gene descriptions or tokenized single-
cell sequences. Concurrently, retrieval-augmented baselines (e.g., LangPert-Base) rely on semantic
similarity to retrieve functionally analogous genes.

However, these methods suffer from a fundamental representation bias: standard language em-
beddings, trained on distributional co-occurrence (P(B|A)), fail to capture regulatory causality
(P(B]|do(A))) (Pearl, 2009 Peters et al., [2017). This leads to structural conflation, where uncon-
strained models cannot distinguish upstream drivers (transcription factors) from their downstream
targets (effectors) due to high lexical similarity in scientific corpora (Lee et al., 2020; [Beltagy et al.,
2019). Consequently, symmetric cosine similarity often implies bidirectional regulation where only
asymmetric causality exists (Zheng et al., 2018).
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2.3 OPTIMAL EXPERIMENTAL DESIGN AND CAUSAL DISCOVERY

Traditional large-scale perturbation screens rely on heuristics such as high expression or degree
centrality to select targets (Albert et al.| [2000; Barabasi & Albert, [1999). From the perspective of
Active Causal Learning, these structural hubs maximize global connectivity but fail to capture the
specific regulatory logic driving cell-state transitions (He & Geng| 2008). While Bayesian Opti-
mization (Snoek et al.,[2012)) and uncertainty sampling (Settles| |2009) offer principled frameworks
for sequential design, they fundamentally require an initial ‘seed’ dataset to calibrate uncertainty
estimates (Houlsby et al., 2011), rendering them ineffective for the cold-start problem (Schein
et al) [2002). We propose a novel framework for Zero-Shot Active Design. By leveraging LLM
agents as generative priors, we synthesize literature-derived hypotheses about regulatory drivers ex
ante (Brown et al., 2020; |Wei et al.,[2022). This allows us to identify a set of Causal Anchors that
maximize expected information gain across the full regulatory network (MacKayl [1992), enabling
efficient experimental design without requiring any prior screening data.

3 METHODS

We propose CAUSALPERT, a neuro-symbolic framework that transforms the LLM from a passive
retrieval engine into a probabilistic causal oracle. We evaluate this framework on two distinct tasks:
(1) Few-Shot Perturbation Prediction, identifying the effect of a specific perturbation; and (2)
Active Discovery, identifying which perturbations yield the most information about the system.

3.1 TASK I: FEW-SHOT PERTURBATION PREDICTION VIA CAUSALPERT

Current state-of-the-art zero-shot methods rely predominantly on semantic retrieval Mairtens et al.
(2025), identifying perturbation targets that are proximal to the query gene in the latent space of
a language model. We posit that this approach suffers from a fundamental Manifold Mismatch:
distributional semantics capture symmetric co-occurrence (e.g., P(context|A) ~ P(context|B))
rather than the asymmetric directedness intrinsic to gene regulation (where A — B does not imply
B — A). To resolve this, we implement CausalPert, integrating correlational and causal priors.

1. Dual Hypothesis Generation. For a specific query perturbation g;, we prompt the LLM to
generate two distinct candidate sets that span the regulatory landscape:

 The Semantic Set (NV;.,): A set of genes identified via embedding proximity, capturing
functional correlation.

» The Causal Set (N, sq:): A set of putative upstream regulators identified via chain-of-

thought reasoning. Crucially, for each causal hypothesis 7;, we elicit a scalar confidence
score ¢; € [0, 1] representing the model’s certainty in the directed edge r; — g;.

2. Vector-Space Consensus Aggregation. We formulate the predicted transcriptomic response
y: € R as a weighted sum of the expression signatures of the identified neighbors. Let y; denote
the ground-truth perturbation profile of gene j. The prediction is computed as:

yi=+ > w; Y (D
je-/\[smn,UNcausal
where Z is a normalization constant. We evaluate two distinct aggregation priors for the weights
U)j:
* Binary Consensus (w; = 1): A uniform prior where all retrieved hypotheses contribute
equally to the mean.

* Confidence-Weighted Consensus: A reliability-aware prior where semantic neighbors are
assigned unit weight (w; = 1), while causal hypotheses are scaled by the agent’s internal
uncertainty (LLM Perplexity) estimate (w; = ¢;).

3.2 TASK II: ACTIVE DISCOVERY OF REGULATORY ANCHORS

We extend the framework to Active Causal Discovery: selecting an optimal intervention set S that
maximizes information gain regarding the global regulatory landscape (He & Geng, |2008). While
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Figure 1: CAUSALPERT Improves Low-Data Generalization and Experimental Design. (a)
Few-shot performance in Jurkat T-cells. Our Causal-Consensus model (Red) outperforms the se-
mantic baseline (Blue) by +15.5% at N = 50, demonstrating that causal priors act as a robust
inductive bias when data is sparse. (b) Active discovery in K562. Selecting N = 50 experimental
anchors via geometrically adjudicated consensus yields a +46 % improvement over structural heuris-
tics (PPI Degree), confirming that agentic reasoning identifies superior regulatory hubs for targeted
screening.

traditional heuristics rely on degree centrality in static PPI networks (Barabasi & Albert, |1999), they
fail to capture context-specific regulatory logic.

To overcome this, we prompt the LLM to identify high-value “Causal Hubs”—genes predicted
to be master regulators of the specific biological context. Analogous to Task I, we aggregate both
semantic (functional similarity) and causal (upstream/downstream driver) signals to rank candidate
genes. We select the top-k genes that maximize Consensus Semantic Centrality, creating a starting
set S that reflects mechanistic reasoning rather than static topology. These anchors are then mapped
to the physical PPI interactome to evaluate their information propagation potential.

3.3 VALIDATION PROTOCOL FOR TASK II: SURROGATE INFORMATION FLOW

To rigorously quantify the information content of the selected anchors S, we fix the downstream pre-
diction model to be a deterministic Heat Kernel Interpolator over the STRING PPI network (Kondor|

& Lafferty, 2002). For any unseen gene v, the predicted perturbation effect ¢, is computed as the
weighted average of the anchor effects:

§o = ZSES KB(&U) " Ys
! ZSGS Kﬁ(sav)

where Kg(s,v) = [exp(—BL)]sy is the heat kernel corresponding to the graph Laplacian L. By
fixing the inference mechanism to be purely topological, any performance gain in the CAUSALPERT
arm is strictly attributable to the superior placement of the semantic anchors within the functional
manifold, rather than variance in the inference engine.

(€5

4 RESULTS

4.1 CAUSAL PRIORS IMPROVE SAMPLE EFFICIENCY IN FEW-SHOT REGIMES

To test the hypothesis that neuro-symbolic reasoning acts as a robust inductive bias when training
data is scarce, we evaluated CAUSALPERT across four divergent cell lines (K562, RPEI, Jurkat,
HepG2). We conducted a Scaling Law Analysis by training on subsampled datasets ranging from
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N = 50 to N = 800 perturbation pairs (Figure [Th). We compare three strategies: (1) LangPert
(standard semantic retrieval), (2) Binary Consensus (unweighted voting), and (3) CAUSALPERT
(confidence-weighted).

As shown in Table[I] CAUSALPERT consistently outperforms the semantic baseline, particularly in
the critical cold-start regime (N = 50). Aggregated across all cell lines, our confidence-weighted
model achieves a +10.4% relative improvement in Pearson correlation (Coy : 0.528 — 0.583)
compared to the LangPert baseline.

Crucially, the performance gap is context-dependent. In cell lines with sparse prior knowledge (e.g.,
Jurkat T-cells), the benefit of causal reasoning is magnified: CAUSALPERT improves correlation
by +15.5% (0.405 — 0.468), validating our hypothesis that generative priors effectively substi-
tute for missing experimental data. Interestingly, while Binary Consensus performs comparably to
Confidence-Weighted aggregation in some regimes, the weighted approach provides strictly lower
variance (Standard Error +0.031 vs +0.035), suggesting that uncertainty calibration stabilizes the
consensus mechanism.

Table 1: Few-Shot Generalization (C5; Correlation). Comparison of Baseline (LangPert) vs.
Binary Consensus vs. CAUSALPERT (Confidence-Weighted). Results are pooled averages across
4 diverse cell lines (K562, RPE1, Jurkat, HepG2), with values representing Mean + SEM. Bold
indicates best performance per row (V). Our consensus mechanism provides robust gains (+10.4%)
in the critical low-data regime (N = 50).

Training Size (N) LangPert (Sem) Binary Consensus CAUSALPERT (Conf) Rel. Improv.

N =50 0.528 £ 0.032 0.553 £ 0.031 0.583 +0.031 +10.4%
N =100 0.529 4 0.030 0.540 £ 0.029 0.551 +£0.029 +4.1%
N =200 0.558 £ 0.029 0.569 £ 0.029 0.581 +0.029 +4.1%
N =500 0.583 4 0.028 0.606 £ 0.028 0.589 £ 0.028 +3.9%
N =800 0.605 £ 0.027 0.634 + 0.026 0.620 £ 0.026 +4.8%

Agentic Selection OQutperforms Structural Heuristics. To evaluate the utility of agentic reason-
ing for experimental design, we compared four anchor selection strategies for N = 50: (1) Random
Uniform (Maximum Entropy), (2) PPI Degree Centrality (Structural Baseline), (3) Semantic Impor-
tance (LLM Only), and (4) CAUSALPERT (Neuro-Symbolic).

Our results reveal a distinct regime of advantage. In well-characterized lineages where the struc-
tural prior is dense (K562, RPE1), CAUSALPERT identifies anchors that maximize information flow
relative to structural centrality. Specifically, in K562, our consensus strategy yields a +46% im-
provement over the standard PPI Degree baseline (0.336 vs. 0.230), confirming that semantic hubs
are topologically superior to naive structural bottlenecks for signal propagation.

However, we observe that performance is strictly conditioned on the fidelity of the biophysical prior.
In contexts with sparser interactomes (HepG2) or highly dynamic signaling (Jurkat), the synergy be-
tween text and graph breaks down (0.181 vs. 0.247), and simple Random Uniform sampling—which
maximizes global coverage rather than local mechanism—remains the most robust strategy (0.261).
This validates the hypothesis that agentic reasoning acts as a structural amplifier: it dramatically
enhances the utility of high-quality biological networks but cannot invent topology where physical
ground truth is missing.

Table [2] Caption: “Comparison of Active Design Strategies. Pearson correlation of genome-wide
reconstruction using N = 50 anchors. While Random sampling provides a strong global base-
line, CAUSALPERT significantly outperforms traditional structural heuristics (PPI) in well-mapped
lineages (K562, +46%), demonstrating the value of semantic reasoning for targeted experimental
design

Taken together, these results establish a dual advantage for neuro-symbolic graph reasoning. First,
it enables robust few-shot generalization by imposing severe inductive biases when training data is
scarce (N = 50). Second, it transforms the experimental design process itself, allowing agents to
autonomously identify the most informative causal interventions before a single experiment is run.
This closes the loop between inference and discovery, positioning simple LLM agents as effective
co-pilots for navigating the combinatorial complexity of biological systems.



Under review as a conference paper at ICLR 2026

Table 2: Active Experimental Design Performance. Pearson correlation of global genome predic-
tion using N = 50 anchors selected by different strategies. CAUSALPERT provides the best targeted
strategy in well-characterized lineages (K562, RPE1), beating standard PPI centrality.

Cell Line Random (Reference) PPI Baseline Semantic (LLM) CAUSALPERT (Ours)

K562 0.404 0.230 0.321 0.536
RPE1 0.580 0.592 0.612 0.614
Jurkat 0.367 0.315 0.316 0.260
HepG2 0.261 0.247 0.199 0.181

4.2 ABLATION STUDY: DISSECTING THE NEURO-SYMBOLIC ADVANTAGE

To rigorously isolate the contribution of consensus aggregation and confidence calibration, we per-
formed an ablation study in the low-data regime (N = 50) on the challenging Jurkat cell line (Table

3).

Comparing the breakdown of performance gains reveals a clear hierarchy of inductive biases. The
transition from Single-Agent Retrieval (Baseline) to Multi-Agent Binary Consensus yields the most
significant lift (+10.6%), suggesting that the simple frequency of hypothesis generation across in-
dependent reasoning chains is a powerful filter for stochastic hallucination. However, incorporating
the agent’s explicit uncertainty estimate via Confidence Weighting provides a critical second-order
refinement, boosting performance by an additional +4.9% (Total 4+15.5%). This confirms that while
ensemble consistency establishes robustness, calibration is necessary to achieve state-of-the-art ac-
curacy in sparse data regimes.

Table 3: Ablation Study of Neuro-Symbolic Components (N = 50). Comparing the impact of
consensus aggregation and confidence weighting on predictive performance in Jurkat. The primary
gain stems from the consensus mechanism itself (frequency), with weighting providing additional
refinement (certainty).

Model Variant Aggregation Logic Mean Cs5 (Jurkat) % Gain
LangPert (Baseline) None (Single Retrieval) 0.405 -

Binary Consensus Unweighted Voting (w; = 1) 0.448 +10.6%
CAUSALPERT (Full) Confidence Weighted (w; = c¢;) 0.468 +15.5%

4.3 CASE STUDY: DISAMBIGUATING STRESS PATHWAYS VIA MECHANISTIC REASONING

To demonstrate the interpretability of our neuro-symbolic approach, we examined the prediction
of NVL (Nuclear VCP-Like), a critical AAA-ATPase involved in ribosome biogenesis, within the
HepG?2 liver carcinoma line. This gene presents a challenging test case due to its high lexical simi-
larity to its paralog VCP, which operates in a fundamentally different cellular compartment.

Representation Failure due to Lexical Ambiguity. The semantic baseline, relying on distribu-
tional co-occurrence statistics, exhibited lexical conflation: it failed to distinguish NVL from its par-
alog VCP (Valosin-Containing Protein) due to shared nomenclature and high textual co-occurrence
in the training corpus. Consequently, it retrieved functional neighbors associated with the Ubiquitin-
Proteasome System and ER-Associated Degradation (ERAD). This led to the prediction of an Un-
folded Protein Response (UPR) signature (characterized by ATF4, CHOP, XBP1), which is bio-
logically incorrect for an NVL knockout. This representational failure resulted in a strong negative
correlation with the ground truth (Coy = —0.67), indicating that the model predicted the opposite
of the true transcriptomic response.

Mechanistic Disambiguation via Causal Consensus. In contrast, our CAUSALPERT agent ex-
plicitly adjudicated the regulatory mechanism by leveraging subcellular context. The consensus
reasoning correctly identified that while NVL shares a protein family with VCP, it specifically func-
tions in the nucleolus for pre-60S ribosomal subunit release, rather than in the ER for protein quality
control.
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1. Mechanism Inferred: The agent correctly identified that disrupting NVL causes Nucleo-
lar Stress, leading to the release of ribosomal proteins (e.g., RPL5, RPLI1) into the nucle-
oplasm, where they sequester MDM2.

2. Outcome Predicted: Instead of a UPR signature, the agent predicted a stabilization of p53
and the massive upregulation of its downstream targets (CDKNIA/p21, MDM?2, BTG?2).

By correctly mapping the perturbation to the pS3-dependent Ribosomal Stress Pathway rather
than the Proteotoxic Stress Pathway, the Consensus model achieved a strong positive correlation
with the ground truth (Cog = 0.74). This represents a ACog = 1.41 swing from failure to success,
attributable solely to the difference in reasoning architecture. This case demonstrates that the ability
to disentangle distinct stress mechanisms based on subcellular localization is a critical capability for
accurate therapeutic target prediction.

5 DISCUSSION: BRIDGING SEMANTIC ASSOCIATION AND CAUSAL
MECHANISM

Our results reveal a fundamental limitation of treating large language models solely as retrieval
engines: semantic proximity in the literature is not isomorphic to functional causality in the cell.
While standard LLMs excel at capturing distributional co-occurrence, they inherently struggle to
represent the directed, asymmetric nature of gene regulatory networks.

5.1 CONSENSUS AS A PROXY FOR CAUSAL PROBABILITY

The consistent performance gains observed in the low-data regime (N < 100) demonstrate that
multi-agent consensus provides a robust inductive bias when training data is scarce. This positions
CAUSALPERT as a highly effective ‘Zero-Shot Cold-Start’ engine. While data-rich regimes (/N >
800) allow supervised models to bridge the performance gap, our neuro-symbolic approach provides
the critical prior knowledge necessary for the initial discovery phase of understudied genes where
experimental data is non-existent.

Crucially, hypothesis frequency across independent reasoning chains serves as a principled proxy
for causal probability. By aggregating votes from multiple LLM agents, we implicitly filter stochas-
tic hallucinations in favor of reproducible causal signals. This provides a natural explanation for the
method’s dominance in sparse regimes: the consensus mechanism supplies the inductive bias neces-
sary to penalize “neighbors by association” that lack consistent mechanistic support across diverse
reasoning paths.

5.2 FROM DETERMINISTIC AUTHORITIES TO PROPOSITION GENERATORS

The resilience to semantic drift observed in the Jurkat cell line motivates a reframing of scientific Al
architectures. LLMs should be viewed not as deterministic authorities, but as proposition genera-
tors. Their role is to enumerate an open world of directed hypotheses (A — B), which are then ad-
judicated by ensemble consistency and domain-specific constraints. This generate-then-adjudicate
cycle closes the loop between the generative capacity of large models and the physical constraints
imposed by real biological systems.

6 LIMITATIONS

Our evaluation covers four cancer cell lines with CRISPRi knockdowns; generalization to primary
cells, knockouts, or combinatorial perturbations remains untested. Performance degrades in poorly-
characterized lineages (HepG2, Jurkat), where LLM-guided selection underperforms random sam-
pling—likely due to publication bias in pretraining corpora. LLM confidence scores are uncali-
brated; binary voting matches or exceeds confidence weighting. All “causal” claims are correla-
tional; no interventional validation was performed.
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A PROMPT TEMPLATES

We provide the exact prompt templates used for both experimental tasks. All prompts were executed
using Gemini 3 Pro and Gemini Flash 3 backends.
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A.1 TASK 1: PERTURBATION PREDICTION

A.1.1 BASELINE (LANGPERT): FUNCTIONAL SIMILARITY RETRIEVAL

System Prompt

You are an expert computational biologist specializing in gene function analysis and path-
way interactions. Your task is to identify genes with similar biological functions based on
scientific knowledge of molecular pathways, protein interactions, and cellular processes.
Focus on providing accurate, evidence-based gene similarity assessments that reflect real
biological relationships rather than superficial name similarities. Always respond in valid
JSON format as specified in the user’s instructions.

User Prompt Template

Instruction: Analyze the gene {gene} and identify {k_range} most similar genes from
the provided list. Rank them by similarity (most similar first). Consider similarity based
on:

 Shared biological pathways

* Co-regulation patterns

* Similar protein-protein interactions
 Similar effects when knocked out

Context: {context} (e.g., K562 chronic myeloid leukemia model) Available genes:
{list_of_genes} Format your response as JSON:

{

"reasoning": "Gene X is involved in pathway Y...",
"kNN": ["Genel", "Gene2", "Gene3", "Gened", "Geneb"]

A.1.2 CAUSALPERT: REGULATOR-FOCUSED REASONING

System Prompt (Causal)

You are a molecular biologist. Identify 3-5 genes whose perturbation effects would be most
similar to the target gene. CRITICAL: Include at least one or two direct transcriptional
regulators (TFs) or direct regulatory targets of the gene if available from the candidate pool.
Return your answer in JSON:

{"regulators": [{"gene": "GENE1l", "confidence": 95}, ...],
"reasoning": "..."}

Note: The user prompt template is identical to the baseline, but the system prompt enforces
causal/regulatory reasoning rather than general functional similarity. The confidence field (0-
100) is used for confidence-weighted consensus aggregation.
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A.2 TASK 2: ACTIVE EXPERIMENTAL DESIGN

A.2.1 STEP 1: CANDIDATE SWEEP (BROAD)

Candidate Identification Prompt

You are an expert systems biologist specializing in {cell_1ine}. We are designing a per-
turbational screen to map the global regulatory network of this cell type. Identify the top 100
candidate Transcription Factors, Kinases, or Chromatin Modifiers that act as ‘Master Regu-
lators’ in this specific context. CRITICAL CONSTRAINT: You must select ONLY from
the list of {n_genes} available genes provided below. Do NOT hallucinate genes outside
this list. Available Genes (Sample): {gene_list_sample} ... (and others) Criteria:

1. High Connectivity: Perturbing this gene should cause broad transcriptomic
changes (impact many downstream targets).

2. Context Specificity: Prioritize drivers of {cel1_line} identity (e.g., key cancer

drivers if applicable).
3. Avoid Housekeeping: Do not list generic survival genes unless they are specific
regulatory hubs.
Return ONLY a valid JSON list of gene symbols: ["GENEL1", "GENE2", ...]

A.2.2 STEP 2: TARGET VERIFICATION (BATCH)

Target Verification Prompt

For each of the following candidate regulators: {batch_list} Assess their verified down-
stream impact in {cell_line} based on experimental literature (ChIP-seq, Perturb-seq,
RNA-seq). For each gene, return a JSON object with:

1. “targets’: Alist of up to 10 verified downstream target genes.

2. *confidence’: A score (0.0 — 1.0) reflecting the certainty that this is a direct
functional regulation.

3. ‘mechanism’: A 3-word summary of the mechanism (e.g., ‘Direct transcrip-
tional activation’).
Return a valid JSON object map:
{"REGULATOR_X": {"targets": ["T1", "T2"],
"confidence": 0.9,
"mechanism": "..."}, ...}

A.3 CONSENSUS AGGREGATION PROTOCOL

For the CAUSALPERT model, we execute 3 independent reasoning chains with temperature 7' = 0.7.
The final regulator set is computed as:

3
Wy = ZH‘[T ERy] - ciy 3)

i=1

where R,; is the regulator set from chain ¢ and ¢;,, € [0,1] is the self-reported confidence for
regulator r in chain ¢ (normalized from the 0-100 scale). Regulators are ranked by w,. and the top-k
are selected. For Binary Consensus, we set ¢; , = 1 for all regulators, effectively counting votes:

3
wi™ = "K[r € Ry] 4)
i=1
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B PROMPT TEMPLATES

We provide the exact prompt templates used for both experimental tasks. All prompts were executed
using Gemini 3 Pro and Gemini Flash 3 backends.

B.1 TASK 1: PERTURBATION PREDICTION
B.1.1 BASELINE (LANGPERT): FUNCTIONAL SIMILARITY RETRIEVAL

System Prompt

You are an expert computational biologist specializing in gene function analysis and path-
way interactions. Your task is to identify genes with similar biological functions based on
scientific knowledge of molecular pathways, protein interactions, and cellular processes.
Focus on providing accurate, evidence-based gene similarity assessments that reflect real
biological relationships rather than superficial name similarities.

Always respond in valid JSON format as specified in the user’s instructions.

User Prompt Template

Instruction: Analyze the gene {gene} and identify {k_range} most similar genes from
the provided list. Rank them by similarity (most similar first).
Consider similarity based on:

 Shared biological pathways

» Co-regulation patterns

* Similar protein-protein interactions
* Similar effects when knocked out

Context: {context} (e.g., K562 chronic myeloid leukemia model)
Available genes: {1ist_of_genes}
Format your response as JSON:

{

"reasoning": "Gene X is involved in pathway Y...",
"KNN": ["Genel", "Gene2", "Gene3", "Gened", "Gene5"]

B.1.2 CAUSALPERT: REGULATOR-FOCUSED REASONING

System Prompt (Causal)

You are a molecular biologist. Identify 3-5 genes whose perturbation effects would be most
similar to the target gene.

CRITICAL: Include at least one or two direct transcriptional regulators (TFs) or direct
regulatory targets of the gene if available from the candidate pool.

Return your answer in JSON:

{"regulators": [{"gene": "GENE1l", "confidence": 95}, ...],
"reasoning": "..."}

Note: The user prompt template is identical to the baseline, but the system prompt enforces
causal/regulatory reasoning rather than general functional similarity. The confidence field (0-
100) is used for confidence-weighted consensus aggregation.
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B.2 TASK 2: ACTIVE EXPERIMENTAL DESIGN

B.2.1 STEP 1: CANDIDATE SWEEP (BROAD)

Candidate Identification Prompt

You are an expert systems biologist specializing in {cell_line}. We are designing a
perturbational screen to map the global regulatory network of this cell type. Identify the top
100 candidate Transcription Factors, Kinases, or Chromatin Modifiers that act as ‘Master
Regulators’ in this specific context.

CRITICAL CONSTRAINT: You must select ONLY from the list of {n_genes} available
genes provided below. Do NOT hallucinate genes outside this list.

Available Genes (Sample): {gene_list_sample} ... (and others)

Criteria:

1. High Connectivity: Perturbing this gene should cause broad transcriptomic
changes (impact many downstream targets).

2. Context Specificity: Prioritize drivers of {cel1_line} identity (e.g., key cancer

drivers if applicable).
3. Avoid Housekeeping: Do not list generic survival genes unless they are specific
regulatory hubs.
Return ONLY a valid JSON list of gene symbols: ["GENEL1", "GENE2", ...]

B.2.2 STEP 2: TARGET VERIFICATION (BATCH)

Target Verification Prompt

For each of the following candidate regulators: {batch_list}
Assess their verified downstream impact in {ce11_1ine} based on experimental literature
(ChIP-seq, Perturb-seq, RNA-seq). For each gene, return a JSON object with:

1. ‘targets’: Alist of up to 10 verified downstream target genes.

2. ‘confidence’: A score (0.0 — 1.0) reflecting the certainty that this is a direct
functional regulation.

3. ‘mechanism’: A 3-word summary of the mechanism (e.g., ‘Direct transcrip-
tional activation’).

Return a valid JSON object map:

{"REGULATOR_X": {"targets": ["T1", "T2"],
"confidence": 0.9,
"mechanism": "..."}, ...}

. J

B.3 CONSENSUS AGGREGATION PROTOCOL

For the CAUSALPERT model, we execute 3 independent reasoning chains with temperature 7' = 0.7.
The final regulator set is computed as:

3
we =Y Klr € Ri]-ci, (5)

i=1
where R; is the regulator set from chain ¢ and ¢;,, € [0,1] is the self-reported confidence for

regulator 7 in chain ¢ (normalized from the 0—100 scale). Regulators are ranked by w,. and the top-k
are selected.

For Binary Consensus, we set ¢; ,, = 1 for all regulators, effectively counting votes:

3
wi™ = "K[r € Ry] (6)
i=1
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C PROMPT TEMPLATES

We provide the exact prompt templates used for both experimental tasks. All prompts were executed
with temperature 7' = 0.7 and a maximum of 3 independent reasoning chains per query.

C.1 TASK 1: CAUSAL REGULATOR IDENTIFICATION (PREDICTION)

System Prompt

You are a molecular biologist specializing in transcriptional regulation and signal transduc-
tion. Your task is to identify the upstream regulators of a given target gene based on your
knowledge of gene regulatory networks.

User Prompt Template

Context: You are analyzing gene regulation in {CELL_LINE} cells.

Target Gene: { TARGET_GENE}

Task: Identify the top 5 upstream transcriptional regulators of {TARGET_GENE} in this
cellular context. For each regulator, provide:

1. The gene symbol
2. A confidence score (0.0 to 1.0) reflecting your certainty
3. A brief mechanistic justification (1-2 sentences)
Output Format:
REGULATOR | CONFIDENCE | MECHANISM

C.2 TASK 2: ACTIVE ANCHOR SELECTION (EXPERIMENTAL DESIGN)

System Prompt

You are designing a CRISPR perturbation screen to efficiently map the gene regulatory net-
work of a specific cell type. Your goal is to identify the most informative genes to perturb
first.

User Prompt Template

Context: You are designing a Perturb-seq experiment in {CELL_LINE} cells. You have
budget for only 50 perturbations.
Task: Identify the 50 most informative genes to perturb, prioritizing:

* Master regulators controlling diverse downstream pathways
* Transcription factors with broad regulatory scope
 Signaling hubs that integrate multiple inputs

Rank genes by expected information gain about the global regulatory landscape.
Output Format:

RANK | GENE | RATIONALE

C.3 CONSENSUS AGGREGATION PROTOCOL

For each query, we execute 3 independent reasoning chains with temperature 7' = 0.7. The final

regulator set is computed as:
3

Wy = ZH‘[T €ERi]-cir (7

i=1

14



Under review as a conference paper at ICLR 2026

where R; is the regulator set from chain ¢ and ¢; ,- is the self-reported confidence for regulator 7 in
chain i. Regulators are ranked by w,- and the top-k are selected.
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