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ABSTRACT

Single-cell perturbation screens offer a scalable approach for characterizing the
effects of genetic and chemical interventions on cellular state. However, most ex-
isting representation-learning methods are tailored to a single perturbation modal-
ity and fail to explicitly incorporate external semantic knowledge, which limits
their ability to generalize across datasets and perturbation types. Here, we intro-
duce PertOmni, a CLIP-style multimodal representation-learning framework that
aligns transcriptomic perturbation signatures with text-derived embeddings of cu-
rated gene and compound descriptions. PertOmni jointly trains a shared tran-
scriptomic encoder and dataset-specific text encoders using a masked contrastive
objective that emphasizes within–cell-type discrimination while mitigating con-
founding effects arising from cell-type heterogeneity. We evaluate the produced
joint embedding space on bi-directional retrieval, drug–gene interaction inference,
and perturbation prediction across both small-molecule and CRISPRi perturbation
datasets, and demonstrate consistent improvements over strong baseline methods.

1 INTRODUCTION

Numerous perturbation experiments have been developed to systematically quantify cellular changes
under varying conditions (Datlinger et al., 2017; Dixit et al., 2016; Jaitin et al., 2016; Gilbert et al.,
2014), enabling the study of how cells respond to interventions. Recent advances in single-cell
RNA sequencing enable these responses to be profiled at single-cell resolution, yielding control and
perturbed transcriptomic readouts across many perturbations (Dixit et al., 2016; Adamson et al.,
2016; Peidli et al., 2024). Broadly speaking, such perturbations can be categorized into three ma-
jor categories based on the perturbagen used. Genetic perturbations, such as CRISPR-based ones
(Dixit et al., 2016), leverage targeted genome editing to disrupt or modulate gene function, thereby
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altering the expression of the perturbed gene and its associated regulatory network. Small-molecule
perturbations (Srivatsan et al., 2020; Zhang et al., 2025), in contrast, use chemical compounds that
typically act on protein products such as enzymes or receptors, indirectly reshaping the transcrip-
tional landscape of affected pathways. Biologics form another category and include, for example,
extracellular ligand stimulation with cytokines. Together, these experimental strategies have become
important tools for understanding cellular circuitry, providing insights into fundamental biology and
enabling the discovery of therapeutic targets.

Analyzing gene expression profiles from perturbation experiments remains challenging. Histori-
cally, the high cost of such experiments limited the availability of large-scale, genome-wide, or
atlas-level datasets (Peidli et al., 2024). Although several institutes and companies have released
single-cell perturbation datasets with multiple replicates and experimental conditions (Zhang et al.,
2025; Nadig et al., 2025; Szałata et al., 2024a; DeMeo et al., 2025), data quality and noise remain
persistent concerns. Perturbations can trigger stress or cell-death programs; moreover, nuclease-
based genetic perturbations can induce complex DNA damage such as chromothripsis (Leibowitz
et al., 2021), and perturbation efficacy can be heterogeneous across cells (Jiang et al., 2025). In
addition, single-cell RNA-seq measurements are prone to technical artifacts and batch effects (Tung
et al., 2017; Long et al., 2025). These challenges present as obstacles in analyzing perturbation
effects rigorously.

A range of computational methods for denoising, normalizing, and modeling perturbation responses
has been proposed to address these challenges, including Hetzel et al. (2022); Roohani et al. (2024);
Piran et al. (2024); Wang et al. (2024); Klein et al. (2025); Adduri et al. (2025); Liu et al. (2026);
Wang et al. (2025). These methods typically use as input a representation of the perturbagen and the
transcriptomic profile of the control cells of interest. More recently, several single-cell foundation
models such as Cui et al. (2024); Hao et al. (2024); Theodoris et al. (2023); Szałata et al. (2024b)
have also claimed to support perturbation response prediction, but benchmarking studies such as Liu
et al. (2023); Kedzierska et al. (2025); Szałata et al. (2024a) suggest that their generalization remains
limited. scGen (Lotfollahi et al., 2019) aims to predict single-cell perturbation responses by learn-
ing a latent representation and transferring perturbation effects via latent-space arithmetic, while
GPerturb (Xing & Yau, 2025) estimates gene-level perturbation effects with calibrated uncertainty.
Despite these advances, two major gaps remain. First, most approaches overlook the integration
of external biological knowledge expressed in natural language, such as functional annotations of
genes and drugs, which could improve interpretability and predictive accuracy. Second, few frame-
works model both genetic and chemical perturbations. Such integration would enable the inference
of drug–target relationships.

Therefore, we introduce PertOmni, a unified framework for modeling and bridging perturbation
data across diverse perturbagens and technologies. PertOmni learns a shared embedding space by
contrastively aligning LLM-derived perturbation text embeddings with transcriptomic perturbation-
effect embeddings across genetic and small-molecule screens. Specifically, we embed curated gene
and drug descriptions, such as from NCBI (Schoch et al., 2020), and jointly train text and transcrip-
tome encoders so that matched perturbations and expression readout are close in the latent space.
We evaluate PertOmni on (i) bi-directional perturbation retrieval (text to transcriptome and tran-
scriptome to text) and (ii) downstream applications, including drug–gene interaction inference and
retrieval-based perturbation prediction, demonstrating improved alignment and utility compared to
strong baselines. Codes of PertOmni can be found here 1.

2 METHODS

Problem definition. Our objective is to learn aligned representations of perturbation effects from
single-cell transcriptomic perturbation data and LLM embeddings. Consider a perturbation dataset
D = {(xi, pi, ci)}Ni=1, where xi ∈ RG is the pseudobulk expression vector for sample i, pi denotes
the perturbation condition (gene knockdown or small molecule), and ci denotes the corresponding
cell line. We learn a transcriptome encoder PX and text encoders PZ that map inputs to a shared
embedding space:

Ei = PX(xi), Zi = PZ([LLM(ptext,i); LLM(ctext,i)]) (1)

1Codebase: https://anonymous.4open.science/r/PertOmni-D728/
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where ptext,i and ctext,i are textual descriptions of the perturbation and cell line for sample i, respec-
tively, LLM(·) denotes a fixed text embedding model, [·; ·] denotes concatenation, and Ei, Zi ∈ Rd.
We demonstrate that the learned transcriptome embeddings (E) and text embeddings (Z) support
multiple downstream applications via linear probing or joint fine-tuning.

Data preparation. For small-molecule perturbations, we use the Tahoe-100M dataset (Zhang et al.,
2025). For genetic perturbations, we use 5 cell lines across 3 datasets: K562 and RPE1 (Replogle
et al., 2022), HepG2 and Jurkat (Nadig et al., 2025), and HCT116 (Huang et al., 2025). For both
modalities, cells and genes are first filtered based on standard quality control criteria following the
Scanpy tutorial (Wolf et al., 2018), including the removal of cells that express fewer than 100 genes
and the removal of genes that are detected in fewer than three cells. In each plate or batch, we per-
form pseudobulk aggregation by summing gene expression across cells sharing the same condition
(perturbation and cell line). Then, normalization is performed following the Scanpy tutorial (Wolf
et al., 2018), where we count-normalize each pseudobulk sample to the median of total counts and
apply a log1p transformation. For the Tahoe-100M dataset, text descriptions for perturbations are
obtained directly from the dataset, where compound descriptions are extracted from MedChemEx-
press (MedChemExpress) using Selenium(Selenium Contributers). For CRISPRi data, embeddings
for target genes are taken from GenePT (Chen & Zou, 2025). For both datasets, cell line text de-
scriptions are generated from GPT-4o using the prompt: ”Please summarize the information of cell
line: {cell line} in one paragraph. Use academic language and include pathway information.” All
perturbation- and cell line-level text descriptions are then converted into 1536-dimensional embed-
dings using the text-embedding-3-small model.

We split the training, validation, and test sets based on perturbations in the two datasets, ensuring that
perturbations in the test set are not observed during training. For PertOmni-chem and PertOmni-cri
training, we use all genes in Tahoe-100M dataset and CRISPRi dataset, respectively. For PertOmni
training, we use the intersection of genes between the two datasets.

Encoder architecture. All encoders (PX , PZ
d , PZ

g ) are lightweight projection heads with two
fully-connected layers and a residual connection. Each maps an input of dimension d to a 128-
dimensional latent: a linear layer to 128 dimensions, GELU, a second 128 × 128 linear layer with
dropout, residual addition to the first projection, and layer normalization.

Masked contrastive learning. Our model follows Contrastive Language-Image Pre-Training
(CLIP) (Radford et al., 2021) and its sigmoid-based variant SigLIP (Zhai et al., 2023), aligning
paired samples across modalities by increasing similarity of matched pairs and decreasing similarity
of unmatched pairs. We also modify the masking process across different cell lines to learn better
cellular representations. In our setting, each sample consists of a gene expression profile paired with
LLM-derived embeddings of the perturbation and cell line.

We encode gene expression with a shared transcriptomic encoder PX . We encode text with
modality-specific text encoders: PZ

d for small-molecule data and PZ
g for genetic perturbation data.

Each text encoder takes as input the concatenation of perturbation and cell-line text embeddings.
For genetic perturbation data, we additionally concatenate LLM-derived embeddings of Gene On-
tology biological pathways related to each target gene, where pathway descriptions are obtained
from MSigDB (Subramanian et al., 2005; Liberzon et al., 2015). We train PX jointly with PZ

d and
PZ
g using a contrastive objective, and share the weights of the final fully-connected layer between

PZ
d and PZ

g to encourage alignment across perturbation types. The architecture is visualized in Fig-
ure 1(a). We denote text embeddings for chemical perturbations as T and for genetic perturbations
as M .

Let the small-molecule and genetic perturbation datasets contain n and m samples, respectively.
Let xi denote the input gene expression vector for sample i, and let ctext, ptext be text descrip-
tions of the cell line and perturbation. For the small-molecule perturbation dataset, we encode
embeddings from the encoders as Ei = PX(xi) and Ti = PZ

d ([LLM(ptext,i); LLM(ctext,i)]) for
the ith sample. For the genetic perturbation dataset, encoded embeddings are Ei′ = PX(x′

i′) and
Mi′ = PZ

g ([LLM(ptext,i′); LLM(ctext,i′)]) for the i′th sample. Our loss function is written as:

LmCLIP = − 1

n

∑
i,j

log σ(Yij · ⟨Ei, Tj⟩/t)−
1

m

∑
i′,j′

log σ(Yi′j′ · ⟨Ei′ ,Mj′⟩/t) (2)
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Hyperparameter Value
Minimum epochs 100
Learning rate 1.0× 10−4

Tahoe-side temperature 5
CRISPR-side temperature 5

Table 1: Training hyperparameters. Temperatures correspond to the scaling factor t in Eq. (2)
for Tahoe (chemical) and CRISPR (genetic) datasets. Details of experiment settings are shown in
Appendix A. Hyperparameter sensitivity is shown in Supplementary Figures.

where t is temperature, Yij , Yi′j′ specify how each cross-modal pair contributes to the contrastive
objective (positive, negative, or masked), and ⟨·, ·⟩ denotes cosine similarity. σ is the sigmoid func-
tion.

In standard SigLIP, Yij = +1 if Ei and Tj correspond to the same sample (matched pair) and
Yij = −1 otherwise (unmatched pair). In our setting, we perform contrastive learning only within
cell lines. Concretely, we mask all pairs across different cell lines so that they do not contribute to
the loss:

Yij =


+1 if i = j (matched pair)
−1 if i ̸= j and ci = cj (within-cell-line negative)
0 if ci ̸= cj (masked)

(3)

(and analogously for Yi′j′ in the genetic perturbation dataset). Here, ci denotes the discrete cell-line
identity label used for masking. A visualization of Y is shown in Figure 1(b). Hyperparameters are
described in Table 1.

Cross–cell-line negatives in standard contrastive learning can encourage the model to separate sam-
ples primarily by cell identity rather than perturbation identity, because baseline expression pro-
grams differ strongly across contexts. By setting Yij = 0 when ci ̸= cj (Eq. (3)), we prevent the ob-
jective from using cell line as an easy shortcut and instead force discrimination among perturbations
within the same context. This design makes the learned space well-suited for context-conditional
tasks (e.g., retrieval and kNN prediction within a given cell line), at the cost of not explicitly en-
forcing that a perturbation’s embedding be invariant across cell lines. In joint training, cross-context
generalization can still emerge indirectly through shared encoder parameters and shared perturbation
text priors, but we do not assume perturbation effects are globally comparable across cell types.

Perturbation retrieval. Using the learned transcriptome and text embeddings from PertOmni, we
perform intra-cell-line retrieval between different modalities based on cosine similarity. For this
task, we evaluate retrieval performance using three retrieval metrics shown below:

Let Q be a set of queries. For each query q ∈ Q, let gq be the ground-truth target and Rq =
(rq,1, . . . , rq,N ) be the ranked list of retrieved items. Define rankq = min{i ∈ {1, . . . , N} | rq,i =
gq}.

1. Accuracy score for top-K retrieval measures whether the ground truth appears within the
retrieved candidates. It is defined as

acc@topK =
1

|Q|
∑
q∈Q

I[rankq ≤ K]. (4)

2. Normalized discounted cumulative gain (nDCG) score for top-K retrieval measures overall
ranking quality. It is defined as

nDCG@topK =
1

|Q|
∑
q∈Q

I[rankq ≤ K]
1

log2(rankq + 1)
(5)

3. Mean reciprocal rank (MRR) score captures how early the ground-truth target appears in
the ranked list. It is defined as

mrr =
1

|Q|
∑
q∈Q

1

rankq
(6)
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Gene-drug interaction prediction. This task aims to identify target genes for chemical perturba-
tions (Drug2Gene) and identify chemicals that target a specific gene (Gene2Drug). We fine-tune
PertOmni using interaction annotations from DGIdb (Cannon et al., 2024). Since DGIdb is incom-
plete, the absence of an annotation does not imply a true negative interaction. We therefore treat this
as a positive–unlabeled learning problem and optimize a positive-only objective: annotated drug–
gene pairs are encouraged to have high similarity in the learned embedding space, while unannotated
pairs are ignored during the development process.

Let Aij ∈ {0, 1} denote whether DGIdb annotates an interaction between drug i and gene j, and let
sij = ⟨Ti,Mj⟩/t be the scaled cosine similarity between the corresponding embeddings. To train
the model, we optimize the following objective:

Lft = − 1

|P|
∑

(i,j)∈P

log σ(sij), P = {(i, j) : Aij = 1}, (7)

where Ti and Mj are outputs from the drug and gene text encoders of PertOmni, respectively.

For this task (PertOmnift), we initialize from the pretrained PertOmni model and optimize only
the dataset-specific text encoders (PZ

d , PZ
g ) under Eq. (7), while keeping the shared transcriptome

encoder (PX ) fixed.

Inspired by Chen et al. (2024), we also consider training a Siamese neural network (SNN) on tran-
scriptomic, text, and all (transcriptomic+text) embedding as a strong baseline for comparison. The
SNN applies shared weights to a pair of drug and gene embeddings, followed by element-wise multi-
plication of the resulting representations and a classifier that predicts the probability of a drug-gene
pairing. Following Chen et al. (2024), we apply a balanced training strategy to prevent the SNN
from being biased towards well-known targets. Specifically, for the Drug2Gene task, for each gene
in a positive pair, we sample a drug that is not annotated to target that gene to form an unannotated
contrast pair; for the Gene2Drug task, the other way round.

For evaluation, we use AUROC and AUPRC as metrics, since this is a binary classification problem
for each drug-gene pair. Here we treat unannotated pairs as negatives, noting this likely underesti-
mates performance due to label incompleteness.

Perturbation prediction. Inspired by LangPert (Märtens et al.), we perform retrieval between text
embedding in the testing set and text or transcriptome embedding in the training set, followed by
k-nearest neighbors (kNN) aggregation of retrieved training samples’ expression profiles to generate
predictions. Additionally, we first use retrieval to narrow down candidate perturbations, then use the
refined LangPert model to obtain the final prediction. Model performance is evaluated using Pearson
correlation between predicted and observed gene expression, computed over all genes or the top 20
differentially expressed genes (DEGs).

Transcriptomic embedding ablations. We perform an ablation study to evaluate alternative meth-
ods for embedding transcriptomic profiles. Either pseudobulk or embeddings are then used as input
x to the transcriptome encoder PX in PertOmni. The evaluation uses cross-modality retrieval as a
metric. We compare PertOmni directly on pseudobulk with two foundation-model baselines: scGPT
(Cui et al., 2024) and PaSCient (Liu et al., 2025). We generate cell-level embeddings using scGPT,
then aggregate them to the sample level, whereas PaSCient directly generates sample-level embed-
dings. In addition, we test random matching and one-hot embeddings in place of the LLM-derived
perturbation and cell line embeddings. Training cost comparisons are presented in Supplementary
Table 4.

3 RESULTS

Method overview. Figure 1 summarizes PertOmni, which learns a joint embedding space align-
ing (i) perturbed transcriptomic profiles and (ii) perturbation identities across genetic and small-
molecule screens. PertOmni uses a shared transcriptome encoder and perturbation-type–specific
text encoders (gene vs compound) that map LLM-initialized textual descriptions into the same la-
tent space. Training uses a masked contrastive objective that forms negatives only within the same
cell line, reducing confounding from cross–cell-line heterogeneity while preserving fine-grained
within-context discrimination.

5



Machine Learning for Genomics Explorations Workshop at ICLR 2026

𝑬𝟏𝑻𝟏 …

𝑬𝟐𝑻𝟐 …

𝑬𝟑𝑻𝟑 …

… … … …

… 𝑬𝒏𝑻𝒏

𝐸1

𝐸2

𝐸3

𝐸…

𝐸𝑛

𝑇1 𝑇2 𝑇3 𝑇… 𝑇𝑛

EXP

Encoder

Text

Encoder
LLM

𝑀1 𝑀2 𝑀3 𝑀… 𝑀m

Text

EncoderLLM

…

LmCLIP

𝑬𝒎
’ 𝑴𝒎

𝑬𝟏
’ 𝑴𝟏

𝑬𝟐
’ 𝑴𝟐

Gene 

function…

Chemical 

information…
a b

c

Genetic perturbation retrieval

PertOmni

Chemical perturbation retrieval

PertOmni

Overview of PertOmni

Perturbation prediction

PertOmni

Drug-gene interaction mapping

PertOmni

𝐸1
’

𝐸2
’

𝐸m
’

1 -1 -1

-1 1 -1

-1 -1 1

1 -1

-1 1

1 -1 -1 -1

-1 1 -1 -1

-1 -1 1 -1

-1 -1 -1 1

LmCLIP =  −
1

n
෍

i,j

logσ(Yij ∙ ⟨Ei, Tj⟩/𝑡) −
1

m
෍

i′,j′

logσ(Yi′,j′
′ ∙ ⟨Ei′

′ , Mj′⟩/𝑡)

A B C

A

B

C

cell line

True label Y =

Drug-perturbed 

dataset

Gene-perturbed

dataset

Figure 1: Overview of PertOmni. (a) The illustration of the model architecture. We leverage con-
trastive learning and modality-specific encoders to build PertOmni. (b) The illustration of masked
contrastive learning. We modify the CLIP loss, LmCLIP, to leverage multimodal and masked infor-
mation during training. (c) Task illustration of downstream applications.

We evaluate the learned embeddings on three downstream uses: (i) drug–gene interaction infer-
ence (Chen et al., 2024) via fine-tuning the text encoders on DGIdb labels (Figure 2), (ii) retrieval-
based perturbation effect prediction using nearest neighbors in the learned space (Figure 3), (iii)
bi-directional cross-modality retrieval between text and transcriptome embeddings (Figure 4). Ad-
ditional ablations on transcriptome embedding choices are in Supplementary Figure 4.

Predicting drug–gene interaction with PertOmni. We fine-tune PertOmni for drug–gene interac-
tion inference by optimizing a retrieval-style objective that increases similarity for annotated DGIdb
drug–gene pairs while leaving unannotated pairs untreated (positive–unlabeled setting). We split
drugs and genes so that test drugs/genes are unseen during training, and evaluate two settings:
Drug2Gene (rank genes for a drug) and Gene2Drug (rank drugs for a gene). Baselines include
similarity-based matching (TahoeBlog), and an SNN classifier trained on Vision Scores (DeTomaso
et al., 2019) or PertOmni text, transcriptome, or text+transcriptome embeddings.

As shown in Figure 2(a–d), PertOmni ft+text achieves the best performance across both tasks, im-
proving AUROC and AUPRC over all similarity-based baselines and over the SNN classifier. Sup-
plementary Fig. 3 shows that fine-tuning substantially improves over the zero-shot variant, indicating
that aligning embeddings with interaction supervision is important beyond generic retrieval align-
ment.

Because DGIdb annotations are sparse, we report AUPRC alongside the task positive rate and in-
terpret gains relative to this baseline. Drug2Gene is consistently harder than Gene2Drug, consistent
with the many-to-many nature of drug targeting and incomplete interaction annotations: a single
compound can have multiple true targets, and many true targets may be unlabeled.

Predicting perturbation effects with PertOmni. We evaluate retrieval-based perturbation predic-
tion by querying the learned embedding space for nearest-neighbor perturbations and aggregating
their observed expression profiles to predict the held-out perturbation response. Unlike LLM-only
approaches such as LangPert (Märtens et al.), PertOmni provides an explicit, data-grounded neigh-
borhood over perturbations that can be used directly for kNN prediction and for defining gene sets.
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Figure 2: Results of drug-gene pair prediction. Details of choices are summarized in the legend.
Tahoe blog baseline first computes differential Vision Scores relative to control cells, and then pre-
dicts drug-gene matching using cosine similarity between differential Vision Scores of drugs and
genes. (a) AUROC comparison for the Drug2Gene task. (b) AUPRC comparison for the Drug2Gene
task. (c) AUROC comparison for the Gene2Drug task. (d) AUPRC comparison for the Gene2Drug
task.

Figure 3(a–f) reports Pearson correlation between predicted and observed expression across three
perturb-seq datasets (RPE1 (Nadig et al., 2025), HepG2, Jurkat (Replogle et al., 2022)), evaluated
on either all genes or the top-20 DEGs. Across settings, kNN prediction using PertOmni text embed-
dings yields the best performance, though performance is sensitive to the neighborhood size k. At
larger k, transcriptome-derived embeddings become competitive with text embeddings, suggesting
that denser neighborhoods partially compensate for weaker semantic priors. PertOmni consistently
outperforms LangPert when evaluated on sufficiently large gene sets; moreover, LangPert improves
when restricted to gene sets proposed by PertOmni, indicating that the gene-selection signal learned
by PertOmni is useful beyond our framework. We include the non-control (non-ctrl) mean as a
strong baseline. While competitive at small k, this baseline is consistently surpassed by PertOmni
as k increases, whereas other methods, including LangPert, do not reliably outperform it.

Cross-modality retrieval benchmarking. We assess how well PertOmni aligns transcriptomic and
textual representations using bi-directional retrieval (text↔transcriptome) under two perturbation
regimes: chemical-only training on Tahoe-100M (Zhang et al., 2025), CRISPRi-only training on
merged perturb-seq datasets (Replogle et al., 2022; Nadig et al., 2025; Huang et al., 2025), and joint
training on both. We compare against single-modality baselines (e.g., scGPT (Cui et al., 2024),
PaSCient (Liu et al., 2025)), one-hot embeddings, and random matching. Retrieval is evaluated with
ACC@K, nDCG@K, MRR, and an aggregate mean score.

Figure 4 summarizes performance with a bubble plot across metrics. PertOmni and its variants
achieve the top or near-top rank on most metrics in both Tahoe and CRISPR settings, indicating
robust cross-modal alignment rather than gains limited to a single modality. Detailed results are in
Supplementary Figures 1 and 2.

Joint training improves CRISPR-side retrieval while slightly degrading Tahoe-side retrieval. We
hypothesize that this reflects data imbalance, as we have substantially more CRISPR perturbations,
which can bias the shared space toward the higher-sample data. Exploring explicit reweighting or

7
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Figure 3: Perturbation prediction via retrieval. Details of methods are summarized in the legend.
Performance is measured as the Pearson correlation between predicted and observed gene expres-
sion. (a) All genes, RPE1. (b) Top-20 DEGs, RPE1. (c) All genes, HepG2. (d) Top-20 DEGs,
HepG2; the red line (single pass LangPert) overlaps with the gray line (non-ctrl mean). (e) All
genes, Jurkat. (f) Top-20 DEGs, Jurkat.

Figure 4: Results of cross-modality retrieval. We find that using training data from two perturbations
can benefit CRISPR-based retrieval, whereas it does not improve Chem-based retrieval (Tahoe). (a)
Multi-metric comparison based on the Tahoe 100M dataset. (b) Multi-metric comparison based on
the merged CRISPR dataset.

8
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balanced batching is a natural next step. Architecture and hyperparameter ablations are reported in
Supplementary Figures 6, 4, 5, 7, 8, 9, 10, 11, 12, and 13.

4 DISCUSSION

We introduce PertOmni, a framework for aligning representations of perturbation effects across
modalities. By leveraging LLM embeddings and masked contrastive learning, PertOmni success-
fully integrates heterogeneous cell context and perturbation information, outperforming strong base-
lines across three applications relevant to drug discovery. Overall, this work shows that LLM-derived
priors can be combined with sequencing readouts to learn transferable perturbation representations.
Future work could extend PertOmni to additional modalities and update LLM embeddings to im-
prove generalization with larger and more diverse data.
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A EXPERIMENTAL SETTINGS

For model training, we utilize 128 as batch size, 1e-4 as learning rate, Adam as optimizer, 0.0 as
dropout rate, 100 as default epochs, 5.0 as temperature, and top-1 retrieval accuracy as the criteria
for early stopping. The choices of hyper parameters satisfy for both cross-modality retrieval and
drug-gene interaction prediction tasks.

B SUPPLEMENTARY TABLES

Plate # Samples # Genes # Cell Lines # Perturbations
Plate 1 4516 62710 50 93
Plate 2 4631 62710 50 93
Plate 3 4650 62710 50 93
Plate 4 4750 62710 50 95
Plate 5 4750 62710 50 95
Plate 6 4750 62710 50 95
Plate 7 4700 62710 50 94
Plate 8 4750 62710 50 94
Plate 9 4750 62710 50 94
Plate 10 4750 62710 50 95
Plate 11 4750 62710 50 95
Plate 12 4750 62710 50 95
Plate 13 4700 62710 50 44
Plate 14 4746 62710 50 95

Total 65943 62710 50 380

Table 2: Summary statistics of the Tahoe-100M dataset across plates.

Cell Line # Samples # Genes # Cell Lines # Perturbations
K562 11818 6408 1 9783
RPE1 2373 6408 1 2373
HepG2 2373 6408 1 2373
Jurkat 2373 6408 1 2373
HCT116 18115 6408 1 18115

Total 37052 6408 5 18385

Table 3: Summary statistics of the CRISPR perturbation datasets across cell lines.

Tahoe-100M CRISPR Multi-dataset
Method Time (s) Method Time (s) Method Time (s)

PertOmni-chem 2006.02 (18.82) PertOmni-cri 796.85 (12.00) PertOmni 2576.25 (19.52)
scGPT 1253.35 (15.69) scGPT 1244.83 (8.96) multi scGPT 3301.70 (50.92)
PaSCient 1119.90 (12.85) PaSCient 1248.61 (16.43) multi PaSCient 3204.23 (37.16)
one-hot 1988.04 (14.61) one-hot 657.26 (7.09) multi one-hot 2364.36 (19.18)

Table 4: Runtime (seconds; mean (std)) on Tahoe-100M, CRISPR, and multi-dataset settings. We
use 8 CPUs and 1 NVIDIA RTX 5000 GPU for this experiment.
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C SUPPLEMENTARY FIGURES

Supplementary Fig. 1: Boxplot visualization of cross-modality retrieval in Tahoe-100m dataset.
(a,b) Accuracy retrieval scores comparison. (c,d) nDCG scores comparison. (e,f) MRR scores
comparison.
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Supplementary Fig. 2: Boxplot visualization of cross-modality retrieval in the CRISPR dataset.
(a,b) Accuracy retrieval scores comparison. (c,d) nDCG scores comparison. (e,f) MRR scores
comparison.
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Supplementary Fig. 3: Comparison of drug-gene interaction performance before and after fine-
tuning. PertOmni zs represents the zero-shot performance of PertOmni without training based on
paired gene-drug interactions, and PertOmni ft represents fine-tuned performance. We find that the
finetuning (ft) mode performs better. (a) AUROC comparison for the Drug2Gene task. (b) AUPRC
comparison for the Drug2Gene task. (c) AUROC comparison for the Gene2Drug task. (d) AUPRC
comparison for the Gene2Drug task.
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Supplementary Fig. 4: Results of cross-modality retrieval in ablation studies. In this ablation study,
we first concatenate text descriptions of perturbation and cell line, and then generate LLM embed-
dings based on the concatenated descriptions. In contrast, PertOmni first generates LLM embed-
dings for perturbation and cell line, respectively, and then concatenates LLM embeddings as input
to text encoders. (a) Gene2Text retrieval metrics comparison based on the Tahoe-100M dataset. (b)
Text2Gene retrieval metrics comparison based on the merged CRISPR dataset.
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Supplementary Fig. 5: Results of cross-modality retrieval in ablation studies. In this ablation study,
we use trainable embedding as input to text encoders for control samples (”DMSO TF” in Tahoe-
100M dataset and ”non-targeting” in CRISPR dataset), instead of using 0s as in PertOmni. (a)
Gene2Text retrieval metrics comparison based on the Tahoe-100M dataset. (b) Text2Gene retrieval
metrics comparison based on the merged CRISPR dataset.
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Supplementary Fig. 6: Results of cross-modality retrieval under different minimum epochs set-
tings in Tahoe-100m dataset. (a) Gene2Text retrieval metrics comparison for PertOmni-chem. (b)
Text2Gene retrieval metrics comparison for PertOmni-chem. (c) Gene2Text retrieval metrics com-
parison for PertOmni. (d) Text2Gene retrieval metrics comparison for PertOmni.
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Supplementary Fig. 7: Results of cross-modality retrieval under different minimum epochs settings
in the CRISPR dataset. (a) Gene2Text retrieval metrics comparison for PertOmni-cri. (b) Text2Gene
retrieval metrics comparison for PertOmni-cri. (c) Gene2Text retrieval metrics comparison for Per-
tOmni. (d) Text2Gene retrieval metrics comparison for PertOmni.
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Supplementary Fig. 8: Results of cross-modality retrieval under different learning rate settings
in Tahoe-100m dataset. (a) Gene2Text retrieval metrics comparison for PertOmni-chem. (b)
Text2Gene retrieval metrics comparison for PertOmni-chem. (c) Gene2Text retrieval metrics com-
parison for PertOmni. (d) Text2Gene retrieval metrics comparison for PertOmni.
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Supplementary Fig. 9: Results of cross-modality retrieval under different learning rate settings in
the CRISPR dataset. (a) Gene2Text retrieval metrics comparison for PertOmni-cri. (b) Text2Gene
retrieval metrics comparison for PertOmni-cri. (c) Gene2Text retrieval metrics comparison for Per-
tOmni. (d) Text2Gene retrieval metrics comparison for PertOmni.
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Supplementary Fig. 10: Results of cross-modality retrieval under different temperature settings
in the Tahoe-100m dataset. (a) Gene2Text retrieval metrics comparison for PertOmni-chem. (b)
Text2Gene retrieval metrics comparison for PertOmni-chem. (c) Gene2Text retrieval metrics com-
parison for PertOmni. (d) Text2Gene retrieval metrics comparison for PertOmni.
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Supplementary Fig. 11: Results of cross-modality retrieval under different temperature settings in
the CRISPR dataset. (a) Gene2Text retrieval metrics comparison for PertOmni-cri. (b) Text2Gene
retrieval metrics comparison for PertOmni-cri. (c) Gene2Text retrieval metrics comparison for Per-
tOmni. (d) Text2Gene retrieval metrics comparison for PertOmni.
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Supplementary Fig. 12: Results of cross-modality retrieval under different loss functions in
the Tahoe-100m dataset. (a) Gene2Text retrieval metrics comparison for PertOmni-chem. (b)
Text2Gene retrieval metrics comparison for PertOmni-chem. (c) Gene2Text retrieval metrics com-
parison for PertOmni. (d) Text2Gene retrieval metrics comparison for PertOmni.
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Supplementary Fig. 13: Results of cross-modality retrieval under different loss functions in the
CRISPR dataset. (a) Gene2Text retrieval metrics comparison for PertOmni-cri. (b) Text2Gene
retrieval metrics comparison for PertOmni-cri. (c) Gene2Text retrieval metrics comparison for Per-
tOmni. (d) Text2Gene retrieval metrics comparison for PertOmni.
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