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ABSTRACT

Predicting transcriptomic responses to small-molecule perturbations across cell
lines is central to drug discovery, but exhaustive profiling of drug—cell combina-
tions is infeasible. We frame molecular perturbation prediction as retrieve-and-
aggregate: approximate an unmeasured drug’s response in a cell line by aggregat-
ing measured responses of a small set of biologically related compounds. We pro-
pose LLM-Guided Retrieval (LGR), where a large language model (LLM) ranks
candidate neighbor drugs (restricted to those profiled in the target cell line); after
which a fixed mean aggregator combines their observed expression deltas to form
the prediction. We evaluate on the Tahoe-100M single-cell perturbation atlas un-
der unseen-drug, unseen-cell-line, and open-world regimes. LGR consistently im-
proves over drug mean, ChemCPA, and chemistry-based kNN baselines, with the
strongest gains for unseen cell-line generalization, where it achieves higher corre-
lation and lower error than mean baselines. Across settings, LGR improves direc-
tional (sign) accuracy of gene regulation, indicating better recovery of biologically
meaningful perturbation effects even when magnitude-based metrics are similar.
These results suggest that retrieval quality—rather than predictor complexity—is a
key driver of zero-shot molecular perturbation prediction, and that LLMs can pro-
vide a useful biological prior when used as constrained retrieval modules.

1 INTRODUCTION

Systematically predicting how small molecules perturb gene expression in specific cellular contexts
is a central capability for drug discovery and functional genomics. Large transcriptomics perturba-
tion resources have demonstrated that expression signatures can connect compounds, pathways, and
disease states, but they still cover only a small fraction of the combinatorial space of (cell line, drug)
conditions (Lamb et al., 2006; Subramanian et al.,[2017). Recent single-cell chemical perturbation
atlases further expand this landscape and enable cell-line-resolved effect estimation, yet compre-
hensive profiling across cell lines and compounds remains elusive (Srivatsan et al., [2020; [Zhang
et al.l [2025).

A common approach is to learn a supervised mapping from compound and basal expression to
transcriptomic outcomes, leveraging single-cell perturbation data to generalize to unseen conditions.
Methods based on latent-variable modeling and compositional generalization can perform well for
predicting perturbation responses under certain regimes (Lotfollahi et al.l 2019;[2023; Hetzel et al.|
2022). However, these models can be sensitive to distribution shift, and their gains can depend
strongly on how similar test-time compounds and contexts are to those observed during training.
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In parallel, benchmarks and analyses have found that simple baselines remain surprisingly strong
in perturbation modeling, and that progress often hinges on selecting informative analogs or priors
rather than increasing predictor complexity (Ahlmann-Eltze et al.| 2025; Wu et al.l [2024; |Szat ata
et al., |2024). This motivates a complementary view: for many zero-shot or few-shot settings, the
bottleneck may be retrieval—identifying biologically appropriate neighbors—more than learning a
complex decoder.

We therefore frame molecular perturbation prediction as retrieve-and-aggregate. Our selec-
tor—aggregator framing is inspired by recent work on genetic perturbations that uses an LLM
(GPT-5.2) to select informative neighbors for a k nearest neighbors (kNN)-style predictor of unseen
gene perturbation effects (Martens et al., 2025). We adapt this idea to small-molecule perturbations
under a cell-line-restricted candidate pool. Given a cell-line and drug pair with an unobserved tran-
scriptomic effect, we retrieve a small neighborhood of biologically related compounds that were
profiled in the same cell line, then aggregate their observed expression deltas to form the prediction.
Within this framing, the key modeling question is how to construct a high-quality, cell-line—specific
neighborhood without access to the query transcriptome.

We introduce LLM-Guided Retrieval (LGR), which uses a large language model as a constrained
selector over a candidate pool of compounds measured in the target cell line. By leveraging the
LLM’s mechanistic and pathway-level knowledge while enforcing a closed candidate set, LGR pro-
vides a lightweight biological prior that can be paired with a transparent mean aggregator, and show
that out-of-distribution (OOD) perturbation prediction hinges more strongly on selecting the correct
priors than on model expressivity. We evaluate LGR on the Tahoe-100M single-cell perturbation at-
las (Zhang et al., [2025) under unseen-drug, unseen-cell-line, and open-world regimes, and find that
LGR consistently improves over drug mean and chemistry-based kNN baselines, with the strongest
gains for unseen cell-line generalization. These results suggest that retrieval quality is a key driver
of zero-shot perturbation prediction and that LL.Ms can be effective as constrained retrieval modules
for biological reasoning.

This work makes the following contributions:

* We formulate molecular perturbation prediction as a retrieve-and-aggregate problem, pro-
viding a simple and interpretable alternative to end-to-end supervised models.

* We introduce LLM-Guided Retrieval (LGR), a framework in which a large language model
is used solely as a selector to identify biologically relevant perturbations, while all numeri-
cal computation is performed by a fixed downstream aggregation operator.

* Through empirical evaluation on large-scale single-cell perturbation data, we show that
LGR achieves its strongest gains when generalizing to unseen cell lines and remains com-
petitive with strong cell-mean baselines in open-world settings.

2 RELATED WORK

Transcriptomic perturbation datasets. Transcriptomic perturbation resources have long sup-
ported a “signature” view of perturbations, where gene expression profiles can be compared to
connect compounds, pathways, and disease states. The Connectivity Map and subsequent LINC-
S/L1000 efforts operationalized this paradigm at scale, enabling retrieval-style analog reasoning
over perturbation signatures (Lamb et al., [2006; |Subramanian et al.,[2017). More recent single-cell
perturbation atlases extend this idea to cell-line-resolved responses, providing substantially richer
contexts for modeling and evaluation. For example, sci-Plex profiles transcriptional responses across
multiple cancer cell lines and a diverse compound panel (Srivatsan et al.||2020), while Tahoe-100M
scales to a large single-cell perturbation atlas with broad treatment coverage across many cancer
models (Zhang et al., 2025). Related community efforts such as the Arc Institute Virtual Cell Chal-
lenge further emphasize prediction of cellular responses to perturbations as a core benchmark task
(Roohani et al.l |2025). Together, these resources motivate evaluation protocols that explicitly test
generalization across drugs and cellular contexts.

Perturbation response prediction. A large body of work studies predictive models of gene ex-
pression responses to perturbations from observed (cell line, perturbation) pairs. Early and widely
used approaches learn mappings between control and perturbed states (e.g., SCGEN (Lotfollahi et al.,
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Figure 1: Overview of LLM-Guided Retrieval (LGR). Given a query drug and a target cell type, LGR uses
a large language model (LLM) as a constrained retrieval module to identify pharmacologically similar drugs
from a restricted candidate pool. The transcriptomic response of the query drug is then estimated by aggregating
(mean pooling) the observed responses of the top-k retrieved drugs in the same cell type.

2019)), or represent perturbations in latent spaces designed for compositional generalization (CPA
(Lotfollahi et al.,|2023)) and CHEMCPA (Hetzel et al., [2022))). Other methods, including variational
frameworks such as SCVIDR (Kana et al., [2023), further explore flexible latent-variable models
for response prediction. More recently, benchmarks have stressed OOD evaluation—notably unseen-
drug and unseen-cell-line-settings—and shown that reported gains can depend strongly on split de-
sign and leakage controls (Szat ata et al., [2024; Wu et al.,[2024). In particular, analyses have found
that simple baselines can remain surprisingly competitive, sometimes matching or exceeding more
complex predictors under certain evaluation regimes (Ahlmann-Eltze et al.l [2025)). These observa-
tions motivate our emphasis on controlled unseen-drug and unseen-cell-line regimes, and our focus
on isolating the role of neighborhood construction rather than relying on increasingly expressive
decoders. We also note that many existing perturbation models (including compositional latent ap-
proaches) implicitly rely on additive or approximately linear assumptions in representation space;
our formulation makes this assumption explicit and measurable.

LLMs as selectors and biological priors for retrieval. Beyond supervised predictors, a comple-
mentary line of work treats model inference as selection or retrieval: the core challenge becomes
identifying informative analogs, examples, or actions, with downstream prediction performed by a
simple rule. LLMs have been increasingly used in this decision module role, where they select can-
didates or tools rather than directly generating high-dimensional numeric outputs. In biomedicine,
LLMs encode pharmacological and mechanistic knowledge important for relating drugs by targets,
pathways, and functional similarity (Singhal et al.,2023; [Luo et al.,|2022)). Closest to our approach,
Mirtens et al.| (2025) uses an LLM to select informative neighbors for predicting the effects of un-
seen genetic perturbations with a kKNN-style estimator. We adapt this selector—aggregator idea to
small-molecule perturbations under a cell-line—restricted candidate pool: the LLM is constrained to
rank only compounds profiled in the target cell line, and prediction is performed by a fixed mean
aggregator over retrieved expression deltas. This design isolates the contribution of retrieval quality
while keeping the downstream predictor transparent.

3 METHODOLOGY

We study the problem of predicting the transcriptomic effect of a small-molecule perturbation on a
specific cell line. Let D denote a set of drugs and C denote a set of cell lines. For a drug d € D
and a cell line ¢ € C, we denote by A, 4 € RS the transcriptomic effect vector (control-subtracted
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perturbation effect) over G genes. Our objective is to estimate A, 4 for query pairs (c, d) where
A 4 is unobserved.

Similarity-based effect estimation. For a query drug d and cell line ¢, we define a neighborhood
Ni(c,d) € D\ {d} consisting of the k drugs whose transcriptomic effects are expected to be most
similar to that of d in cell line c. We estimate the transcriptomic effect of d on c by aggregating the
observed effects of its neighbors.

Ec,d = Agg({Ac,d/ 1d € Ni(c, d)}) (1)

In this work, Agg(-) is the uniform mean (Section . Under this formulation, the primary
challenge is identifying an informative, cell-line—specific neighborhood N (¢, d) without using the
query’s transcriptome.

Candidate pool. For each cell line ¢, we define the candidate pool
P. = {d' € D: A4 is measured and d’ is non-control}. )

For a query drug d in cell line ¢, retrieval is performed over P, \ {d} to avoid trivial self-matches.
Non-control specifies not a vehicle or DMSO control condition. This pool restriction ensures that all
retrieved neighbors have observed transcriptomic effects in the target cell line, so the downstream
aggregation is well-defined.

3.1 LLM-GUIDED RETRIEVAL

We propose LLM-Guided Retrieval (LGR), which uses a large language model as a selector to
rank candidate neighbor drugs from a cell-line-specific pool (Figure|T).

Selector input and output. Given (i) a query drug name d, (ii) a cell line ¢, and (iii) a list of
candidate drug names P, \ {d}, the LLM is prompted to return a ranked list of the top-k candidates
most likely to induce similar transcriptomic effects in cell line c. The prompt explicitly instructs the
model to: (i) select only from the provided candidate list, ii) consider mechanistic and pathway-level
relationships (rather than chemical similarity alone), and (iii) provide a brief justification for each
choice. Any out-of-pool or invalid outputs were discarded at runtime, and final neighbors are vali-
dated against canonical compound identifiers. Prompt template details can be found in Appendix [A]

Mechanism and program inference. At runtime, LGR associates each drug with a set of fine-
grained mechanism tags (e.g., EGFR inhibition, CDK4/6 inhibition, PARP inhibition) inferred from
internal pharmacological knowledge. These mechanisms are mapped to higher-level transcriptomic
programs, including RTK/MAPK signaling, PI3K-AKT-mTOR signaling, cell cycle regulation,
DNA damage and replication stress, and epigenetic or proteostasis stress.

Parsing and validation. We parse the LLM output to extract the ranked drug names and apply
lightweight normalization (e.g., lowercasing and whitespace stripping). Each predicted neighbor
is then validated against the candidate list P.; out-of-pool items are discarded and duplicates are
removed while preserving rank order. The resulting realized neighbor set has size kyseq < k:

Nile,d) = {di,....di, .} C P\ {d}. )

When kyseq < k, we aggregate over the valid retrieved items only. We record kyscq for each query
to characterize selector coverage and its impact on variance.

Aggregation operator. Given a validated neighbor set Ny (c, d), our main predictor uses uniform
mean aggregation:
~ 1
Nea = 0 D, Acar )
|Nk(cﬂ d)| d’ENk(C,d)
This choice is deliberately simple and transparent: it isolates the contribution of retrieval quality
from that of a learned downstream predictor.
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Reproducibility via caching. We cache validated neighbor lists Ny (c, d) per query, including the
raw LLM output and postprocessing outcomes (e.g., filtered items and kyseq), to ensure reproducibil-
ity and enable ablations.

4 EXPERIMENTS

Dataset and preprocessing. We evaluate on the Tahoe-100M single-cell perturbation atlas (Zhang
et al., [2025). We log-normalize counts, compute pseudobulk means per (cell line, drug) condition,
and compute control-subtracted deltas using matched vehicle controls. We restrict evaluation to a
subset of cell lines with sufficient coverage across perturbations. Detailed information on controls,
splits and candidate pools can be found in Appendix

LLM implementation details. LLM-Guided Retrieval (LGR) uses a large language model as
a constrained selector for inducing drug similarity at runtime. All experiments in this work use
GPT-5. 2 with deterministic decoding (temperature set to zero). The model is queried using a fixed
prompt template and a restricted candidate pool, and its outputs are parsed and filtered deterministi-
cally as described in Section 3]

4.1 EVALUATION REGIMES

We evaluate LGR under two complementary settings designed to target different aspects of general-
ization:

Closed-world evaluation. In the closed-world regime, the candidate pool available to all methods
is restricted to drugs observed during training. This setting ensures a leakage-free comparison and
places LGR and learning-based baselines under equivalent information access. Within this regime,
we consider two tasks: (i) unseen drug generalization, where test drugs are held out across all cell
lines, and (ii) unseen cell-line generalization, where all perturbations from a subset of cell lines
are held out during training. These two tasks isolate chemical generalization from cellular-context
generalization.

Open-world evaluation. In the open-world regime, the LLM selector is allowed to rank a query
drug against the full dataset. This regime reflects realistic use cases for knowledge-driven systems,
where prior biological knowledge is available but curated training sets are not. Results in this setting
are reported separately and are not directly compared to supervised models.

Across all evaluation regimes, the prediction target is the control-subtracted gene expression delta
A q (Section . Unless otherwise specified, the retrieve-and-aggregate predictor uses k¥ = 10
neighbors.

4.2 BASELINES

To contextualize the performance of our model, we compare against a set of standard and strong
baselines commonly used in perturbation prediction and drug—cell response modeling. All baselines
are evaluated using the same train—test splits and metrics as the proposed method. Let A, ; € RE
denote the true gene expression change (delta) for cell ¢ under drug d, where G is the number of
genes.

Cell mean. The cell mean baseline predicts the average perturbation response of a cell line across
all training drugs observed in that cell line:

~

Ac,d = Hle;  He = Ed’:(c,d/)ESnmin [Aad']' o)
If a test cell line c is not observed during training (e.g., unseen-cell-line regime), we fall back to the
globa] mean u —= ]E(C/_’d/)eslmi“ [Ac’7d']~

Drug mean. The drug mean baseline predicts the average effect of a drug across all training cell
lines in which it is observed:

3c,cl = Hd, Hd = Ec’:(c’,d)esmm [Aclvd]' (6)
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This baseline is cell-agnostic (it predicts the same vector for all ¢) and captures drug-specific tran-
scriptional signatures that generalize across cell lines.

PCA + ridge regression (PCA+RR). We implement a scalable linear baseline that predicts deltas
in a low-dimensional latent space, by combining principal component analysis (PCA) with ridge
regression. We fit PCA on training deltas {Ac,d : (¢,d) € Syain} and retain the top K components,
yielding a projection matrix P € RE* X, Each training delta is embedded as

Zeq =P A4 € RE. (7

We represent each drug d by a Morgan fingerprint x4 and train a ridge regressor to predict latent
coordinates from drug features:
Zeq = WXy, W = arg n%n Z |Ze,a — deHg + WA (8)
(qu)eslmin

Finally, we map back to gene space via the inverse PCA transform:

Aca =PZcgq. )

Chemistry kKNN. To exploit chemical similarity, we implement a kNN baseline in drug fingerprint
embedding space. Each drug d is represented by a Morgan fingerprint x4 derived from its SMILES
representation. For a query drug d, we retrieve the k& most similar training drugs under cosine
similarity:

Nihem () = TopK g e pyy\ {4y €OS(Xds Xar)- (10)
We then predict by averaging the corresponding drug-mean profiles:
~ 1
Aea=7 D, Ha (11)

&’ ENHem (d)

This baseline generalizes drug effects based on chemical similarity and does not rely on observing
the test drug during training.It is cell-agnostic because it averages drug-level profiles 4 rather than
cell-specific deltas.

chemCPA. We include ChemCPA |Hetzel et al. (2022) baseline to assess whether learned cell-
specific representations combined with molecular features can explain perturbation responses in our
setting. The model represents each drug using a fixed Morgan fingerprint derived from its SMILES
representation. Since ChemCPA uses fixed cell-line representation, we could not evaluate this model
on the unseen cell line generalization task.

4.3 EVALUATION METRICS

We report Pearson correlation (r), cosine similarity, mean absolute error (MAE), mean squared
error (MSE), sign accuracy, and regression slope (12) between predicted and true deltas. Metrics
are computed on A, 4 in the log-normalized, control-subtracted space. We select the top 2000 HVGs
and evaluate all metrics on that gene subset.

Sign accuracy. Sign accuracy measures the directional consistency between predicted and true
gene expression changes. For a given perturbation (¢, d) and gene g, let Aigc)l and Aig; denote the

predicted and true gene expression deltas, respectively. The sign accuracy for a single perturbation
is defined as the fraction of genes for which the predicted and true deltas have the same sign:

SignAcc, 4 = éil{sign(ﬁi%) = sign (Agg;)} )
g=1

where I[-] denotes the indicator function and G is the number of genes.

We report sign accuracy averaged over all evaluated perturbations. This metric captures whether a
model correctly predicts the direction of up- or down-regulation for each gene, independent of the
magnitude of the predicted effect.
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Figure 2: Unseen Cell-Line Generalization. Evaluation metrics are (a) cosine similarity, (b) MAE, (c) MSE,
(d) sign accuracy, (e) Pearson correlation, and (f) R? of linear regression.

4.4 RESULTS
4.4.1 CLOSED-WORLD EVALUATION

Unseen-cell-line generalization Figure [2] evaluates generalization to held-out cell lines, where
supervised baselines cannot use any cell-specific training deltas. The performance gain can be at-
tributed to zero-shot learning via literature transfer, i.e. due to the LLM’s pre-training on literature
about cell lines. LGR achieves best overall performance, improving Pearson correlation by > 0.15,
roughly doubling R?, and reducing MAE/MSE relative to cell-mean and drug-mean baselines. LGR
also achieves the highest sign accuracy, consistent with retrieving perturbations that transfer con-
served pathway-level programs across cellular contexts.

Unseen-drug generalization Figure 3] reports performance when test drugs are held out across
all cell lines. LGR is competitive with the strongest baselines on correlation and error metrics, and
consistently outperforms chemistry kNN and PCA+RR. While the cell-mean baseline is strong in
this regime, LGR achieves the best sign accuracy, with nearly a two-fold improvement over drug-
mean and kNN.

This gain in sign accuracy indicates that LGR more reliably captures the direction of gene regulation
induced by unseen drugs, even when absolute effect sizes are difficult to calibrate.

4.4.2 OPEN-WORLD EVALUATION

Figure [ shows open-world performance when retrieval is allowed over all profiled compounds
in the target cell line. LGR remains competitive with the cell-mean baseline on magnitude-based
metrics while outperforming all other baselines. In particular, LGR improves sign accuracy by > 20
percentage points over cell mean, indicating more reliable recovery of the qualitative direction of
regulation.

These results highlight a key strength of LGR: while simple averaging baselines can match over-
all response magnitudes, LGR more reliably recovers the qualitative structure of transcriptional
responses. This directional accuracy is particularly important for downstream biological interpreta-
tion, such as pathway enrichment and mechanism-of-action analysis, where the sign of gene regula-
tion often matters more than precise effect size.

4.5 DISCUSSION

Across evaluation regimes, our results suggest that retrieval quality is often as important as predic-
tor complexity. Holding the aggregation operator fixed (Section[3.1)), LLM-Guided Retrieval (LGR)
improves over simple similarity baselines and achieves its strongest gains in the unseen cell-line
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Figure 3: Unseen Drug Generalization. Evaluation metrics are (a) cosine similarity, (b) MAE, (c) MSE, (d)
sign accuracy, (e) Pearson correlation, and (f) R? of linear regression.
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Figure 4: Open-World Evaluation. Evaluation metrics are (a) cosine similarity, (b) MAE, (c) MSE, (d) sign
accuracy, (e) Pearson correlation, and (f) R? of linear regression.

regime, where generalization across cellular context is required. In this setting, LGR outperforms
mean-based baselines across correlation, error, and directional metrics, indicating that biologically

informed neighborhood selection is particularly valuable when cell-specific statistics are unavail-
able.

A consistent pattern across experiments is that improvements in directional (sign) accuracy are larger
than gains in magnitude-based metrics. We hypothesize that this reflects a calibration effect: uniform
mean aggregation tends to shrink predictions toward shared transcriptional programs (or toward the
cell mean when neighborhoods are noisy), limiting improvements in magnitude-sensitive metrics.
In contrast, LGR retrieves neighbors that better preserve which transcriptional programs are acti-
vated or repressed in the target context, leading to improved directional accuracy even when effect
sizes remain difficult to match. More expressive aggregation schemes, such as rank- or confidence-
weighted averaging, may help address this calibration gap.

We observe three primary failure modes of LGR: (i) out-of-pool or aliasing errors that reduce the
effective number of retrieved neighbors (kyseq), (ii) uncertainty on less well-studied compounds that
yields generic or weakly informative matches, and (iii) instability under uniform averaging when few
neighbors remain. These observations motivate a simple hybrid strategy in which LGR is applied
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when coverage is high, and deterministic chemistry-based retrieval is used as a fallback otherwise.
Next steps would include comparison more stronger deep learning baselines, biological analysis of
retrieved neighbors, and the and optimization on the most effective number of neighbors. Overall,
our results suggest that large language models are most effective when used as constrained retrieval
modules, while the downstream predictor can remain simple, transparent, and non-parametric.
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A LLM SELECTOR PROMPT, PARSING, AND FILTERING

Prompting with a restricted candidate pool.

Candidate Molecules
You are given the following list of candidate molecules:
{candidate_molecules}

Task

Given an anchor molecule and a cell line, your task is to identify the
top k molecules from the candidate list that are most likely to
induce similar transcriptomic effects in the specified cell line.

Your reasoning should explicitly consider:

* known or inferred mechanisms of action,

* affected signaling pathways or transcriptional programs,

* pathway adjacency or mechanistic overlap,

* whether these programs are expected to be active or dominant in the
given cell line.

Do not rely on chemical similarity alone.

Do not introduce molecules outside the provided candidate list.

Your goal is to select molecules whose biological perturbation
programs are most likely to resemble those of the anchor molecule
in the given cellular context.

OQutput Format
Return exactly k molecules, ranked from most to least similar.
Use the following format:

<Final Answer>
1. MOLECULE 1: One-sentence biological justification.
2. MOLECULE 2: One-sentence biological justification.

</Final Answer>

Query
Anchor molecule: {molecule}
Cell line: {cell_type}

Parsing. We parse the <Final Answer> block and extract the molecule string before the first colon
on each numbered line. We apply light normalization (lowercasing; stripping whitespace; collapsing
repeated spaces; removing trailing punctuation).

Canonicalization and candidate validation. Each parsed name is checked against the candidate
list P... If the model outputs an out-of-pool molecule or an invalid name, we ignore it. If fewer than k
valid unique molecules remain, we aggregate over the remaining valid ones only. Thus, the realized
neighbor count satisfies kyseq < k. Duplicates (after normalization) are removed while preserving
order.

Realized kyseq and coverage. We record kyg.q for each query and method. Low kygeq is a primary
source of LLM variance: when few valid neighbors remain after filtering, the mean aggregation
becomes noisy and can collapse toward near-zero slopes.

Caching neighbors. For reproducibility, neighbor lists are cached per query as JSONL:
{target_cell_type, target.molecule, neighbors:[{molecule, score}l}

where score is optional (e.g., Tanimoto similarity). LLM neighbors omit scores by default.
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B DATA PROCESSING, SPLITS, AND CANDIDATE POOLS

Dataset. We use the Tahoe-100M dataset, a mega-scale single-cell perturbation atlas with 100M+
cells, ~60k experiments, 50 cancer models, and 1,100+ treatments. We subsample 100 cell
lines within the full dataset. We compute pseudo-bulk expression profiles per observed (cell line,
molecule) and log-normalize counts.

Controls and deltas. For each cell line c, the control mean profile u. is computed by averaging

control wells. For each observed pair (¢, d), the perturbation deltais A, 4 = Yed — U

Splits. Train/validation/test query pairs are specified by Arrow files containing
(cell_type,molecule). All retrieval evaluation is conducted on the test set pairs.

Candidate pools. For each cell line ¢, we define the candidate pool P, as all non-control molecules
measured in c. For each query (¢, d), candidates are P.. \ {d}.

C REPRODUCIBILITY NOTES

Implementation. We implement data handling with AnnData; neighbor lists are cached as JSONL
per query; aggregation and metrics are vectorized in NumPy. We log run configuration (seed, k,
aggregation mode, metric settings, and split identifiers).
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