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ABSTRACT

In recent years, genomic experiments have generated vast amounts of expression
data, including bulk RNA-seq and single-cell RNA-seq datasets, spanning both
observational and perturbational studies. However, existing models have not fully
leveraged this diverse data landscape, focusing on modeling either bulk or single-
cell expression data. We present Funomics T0, the first foundation model that can
simultaneously learn from bulk RNA-seq and single-cell RNA-seq datasets from
observational and perturbational studies. The proposed Perceiver-based model
produces latent representations of the expression data that can be further used for
various downstream tasks. We evaluate our model on perturbation prediction and
tissue annotation tasks, using a comprehensive benchmark suite and demonstrating
strong performance across metrics, with Funomics T0 outperforming the State
model on multiple perturbation metrics.

1 INTRODUCTION

Next generation sequencing genomic platforms have resulted in the availability of vast amounts of
expression data across both bulk and single-cell RNA sequencing modalities. Bulk RNA-seq captures
averaged gene expression profiles across heterogeneous mixtures of cells in a tissue or sample,
providing an overview of transcriptional activity at the population level, at a small cost. Single-cell
RNA-seq, in contrast, quantifies gene expression at the resolution of individual cells, enabling the
study of cellular heterogeneity and rare cell populations. These data can originate from observational
studies, where native biological variation is explored, or from perturbational experiments designed to
measure responses to genetic perturbations, chemical compounds, or other interventions.

The data can be used for various downstream tasks crucial for medical diagnosis and drug discovery,
including cell type classification, survival analysis (Wissel et al., 2025), and prediction of perturbation
responses (Adduri et al., 2025; Bunne et al., 2023). While these problems can be approached by
using small task-specific models, recent advances in foundation models and language modeling have
shown that models that can learn from all available data can achieve better performance on various
tasks (Brown et al., 2020).

This motivates the recent development of foundation models for transcriptomics that can learn from
the vast amount of expression data. This includes foundation models for single-cell RNA-seq data
resembling language models, such as scGPT (Cui et al., 2024), scBERT (Yang et al., 2022); models
for regulatory inference and gene prioritization (Theodoris et al., 2023; Kalfon et al., 2025); post-
perturbation response prediction for genetic or chemical treatments (Adduri et al., 2025; Yang et al.,
2024; Wang et al., 2024; Littman et al., 2025); and representation learning for retrieval, zero-shot
annotation, or dataset alignment (Rosen et al., 2024; Heimberg et al., 2025). Foundation models for
single-cell transcriptomics are primarily based on the transformer architecture (Cui et al., 2024; Yang
et al., 2022; Theodoris et al., 2023; Kalfon et al., 2025; Hao et al., 2024; Zeng et al., 2025; Rosen
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et al., 2024; Yang et al., 2024; Tejada-Lapuerta et al., 2025) with several exceptions based on dense
vector or graph representation of the gene expression data (Heimberg et al., 2025).

However, while bulk RNA-seq data is often used for survival analysis (Wissel et al., 2025) and
single-cell RNA-seq data is used for cell type classification and perturbation prediction (Adduri
et al., 2025; Bunne et al., 2023), existing models focus on a single modality. Recent works such
as scFoundation (Hao et al., 2024) and CancerFoundation (Theus et al., 2024) have explored the
generalizability of single-cell foundation models to bulk RNA data, but no model jointly learns from
both modalities across diverse tasks. This is the gap that we aim to fill with Funomics T0.

1.1 CONTRIBUTIONS

We present Funomics T0, a foundation model for transcriptomic modeling that can simultaneously
learn from both bulk RNA-seq and single-cell RNA-seq datasets from observational and perturbational
studies. Our model learns latent representations of the expression data which can be further used for
various downstream tasks. We demonstrate the capabilities of our model on perturbation prediction
tasks and tissue annotation tasks.

2 METHODS

In this section, we outline the key architectural choices and algorithms behind the Funomics T0
model, which similarly to prior work (Connell et al., 2022; Litman et al., 2025), is based on the
Perceiver architecture (Jaegle et al., 2021b;a) and employs the set transformer (Lee et al., 2019)
adaptation of cross-attention models widely used in natural language processing following the T5
architecture (Raffel et al., 2023; Zhang et al., 2025a).

The gene expression profiles of either single-cell or bulk RNA-seq are high-dimensional vectors
X ∈ RG, for G ≈ 19,000 protein-coding genes. Despite the high dimensionality, the profiles contain
substantial biological redundancy due to the functional structure, such as co-regulated pathways,
transcriptional programs, and correlated expression patterns (Baek et al., 2025).

If most biologically meaningful variation is concentrated in lower-dimensional expression pro-
grams, then a compact representation can faithfully capture underlying structure, while removing
the random noise inherent in experimental measurements. To realize this, Funomics T0 introduces
a set of Nlatent ≪ G learnable latent tokens that serve as a compressed, information-aggregating
representation.

This design follows the Perceiver architecture (Jaegle et al., 2021b), in which the model backbone (see
Figure 1) consists of a condition encoder and a latent decoder with cross-attention. Gene expression
inputs are treated as unordered sets, without positional encodings, reflecting the fact that gene order
has no biological meaning. Condition information (e.g. perturbation identity, dosage, or metadata)
is embedded and processed through a bidirectional self-attention encoder, allowing interactions
among condition descriptors. The decoder applies self-attention over the latent tokens, followed by
cross-attention to both gene embeddings and condition embeddings, producing compressed latent
states L ∈ RNlatent×d. These latent states are then projected back to gene space via projection
cross-attention, producing gene-level hidden states Hgenes ∈ RG×d as visible in Figure 2.

We note that compared to models based on the classical transformer architecture of Vaswani et al.
(2017), the complexity of processing the expression representation is reduced fromO(G2) operations
for naive self-attention to O(G · Nlatent) for the cross-attention based approach. The latent array
thus captures structured biological signals while enabling efficient training and inference on full-
transcriptome data.

The gene-level hidden states processed by the backbone serve as a shared representation used by
lightweight task-specific heads. Different tasks attach their own projection and decoding layers,
enabling Funomics T0 to learn from different tasks simultaneously. The detailed forward pass
algorithm is provided in Appendix A.
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Figure 1: Funomics T0 backbone architecture. The model processes gene expression data through
embedding layers, encodes conditions, and uses a decoder with cross-attention to produce compressed
latent representations.

2.1 BACKBONE ARCHITECTURE

The backbone of the Funomics T0 model is composed of two primary modules: a condition encoder
and a decoder utilizing cross-attention iteratively enhancing the representation of the latent tokens
to capture the essential information from the high-dimensional gene expression profile through
cross-attention. This architecture employs a set transformer approach (Lee et al., 2019). As a result,
the model is inherently permutation-invariant, which aligns well with gene expression data where the
ordering of genes is arbitrary. A simplified representation of the backbone architecture is shown in
Figure 1.

The condition encoder processes condition embeddings Econd ∈ RNcond×d using bidirectional self-
attention, allowing each condition token to attend to all other condition tokens. This enables the
encoder to capture relationships between different condition components (e.g., perturbation target
gene, dosage, task type) and produce encoded condition representations Hcond ∈ RNcond×d.

The decoder operates on a fixed set of Nlatent decoder input embeddings, where Nlatent is chosen
to be much smaller than G (Nlatent ≪ G), achieving significant dimensionality reduction. These
decoder inputs are obtained by embedding a fixed vocabulary of Nlatent tokens through learned
embedding lookups. The decoder uses self-attention among the latent tokens to enable information
exchange, followed by cross-attention to both gene embeddings and encoded condition embeddings.
Specifically, gene embeddings Egene ∈ RG×d obtained through the gene token embedding module
(see H.1) and counts embeddings Ecounts ∈ RG×d through the count embedding module (see H.2)
are combined as Einput = Egene + Ecounts and serve as input to the decoder’s cross-attention
mechanism. The decoder also receives encoded condition embeddings Hcond through encoder-
decoder cross-attention, allowing the model to condition its predictions on the specific experimental
context.
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Figure 2: Funomics T0 gene expression decoder. The model uses a linear projection to produce
gene-level expression values X̂ ∈ RB×G from gene-level hidden states Hgenes ∈ RG×d.

The decoder produces compressed latent states L ∈ RNlatent×d, which capture the essential informa-
tion from the high-dimensional gene expression profile while remaining computationally tractable.
These latent states are then projected back to gene space via projection cross-attention, producing
gene-level hidden states Hgenes ∈ RG×d that serve as input to task-specific heads. This projection
step enables task heads to operate on full-gene representations while maintaining the computational
efficiency of the compressed latent processing. The dimensionality reduction achieved by the decoder
is crucial for handling the large number of genes (G ≈ 19,000) efficiently. Architectural details of
the backbone components are provided in Appendix E.

2.1.1 EMPLOYED EMBEDDINGS

Given expression counts X ∈ RB×G for a batch of B cells with G genes, we construct gene
embeddings and counts embeddings independently. Gene embeddings Egene ∈ RG×d are learnable
token embeddings that provide unique representations for each gene, where d is the embedding
dimension. counts embeddings Ecounts ∈ RG×d encode expression values using either a binning
approach or an MLP encoder. These embeddings are combined as Einput = Egene +Ecounts to form
the input representation for the decoder.

Experimental conditions are encoded as separate embeddings that condition the model’s predictions.
Condition embeddings handle two distinct cases: genetic perturbations, where target genes are
embedded using the same gene token embedding procedure, and chemical perturbations, where
molecular embeddings are combined with dosage and optionally the gene targets of a molecule are
concatenated.

Task embeddings encode the task type (e.g., perturbation prediction, masked gene prediction, an-
notation, drug sensitivity). All condition embeddings are concatenated into a condition sequence
Econd ∈ RNcond×d, where Ncond varies based on the perturbation type and task.

Detailed procedures and mathematical formulations for gene token embeddings, counts embeddings,
and condition embeddings (including genetic and chemical perturbation embeddings) are provided in
Appendix H.
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2.2 PREDICTION HEADS

Gene-level hidden states Hgenes ∈ RG×d from the Funomics T0 backbone (obtained via projection
cross-attention from compressed latent states) are processed by a collection of modular, task-specific
prediction heads, each head adapting the backbone-generated compressed representations to the
output requirements of its task.

The model employs specialized heads for different tasks: a gene expression decoder for perturbation
prediction (producing X̂ ∈ RB×G from Hgenes via linear projection), classification heads that map
aggregated gene states to class probabilities (ŷ ∈ [0, 1]B×C), and regression heads for continuous
scores (ŝ ∈ RB). Multi-task heads can output several predictions jointly. Further architectural details
are provided with each task in Appendix M.

2.3 TASK FORMULATIONS

The Funomics T0 model is designed to handle multiple tasks through a unified architecture. Each task
is formulated as a specific prediction problem that extends the shared backbone with task-specific
prediction heads (see subsection 2.2). The following subsections describe the formulation for each
task category. Losses corresponding to each task (see also Appendix J) are then combined into the
total loss function, used to train the model.

2.3.1 PERTURBATION PREDICTIONS

In the genetic perturbation prediction task, the model predicts perturbed cell expression profiles given
control cell counts and genetic perturbation conditions. For a batch of B cell groups, each containing
N cells, the model receives control counts Xctrl ∈ RB×G and produces predictions X̂ ∈ RB×G for
the perturbed state, where G is the number of genes. The target perturbed counts are Xpert ∈ RB×G.
Predictions are optionally normalized and can be computed in residual mode by adding control means
or average perturbation effects. Detailed task description, loss function and data details are provided
in subsubsection I.1.1.

In the chemical perturbation prediction task, the model predicts perturbed cell expression profiles
given control cell counts and chemical perturbation conditions (including compound identity and
dosage). The formulation is similar to genetic perturbations, but condition embeddings incorporate
molecular representations and dosage information. Detailed task description, loss function and data
details are provided in subsubsection I.1.2.

2.3.2 UNMASKING PERTURBATION PREDICTION

In the unmasking perturbation prediction task, a subset of genes is masked during training, and
the model predicts expression values for the masked genes. The model receives control counts
Xctrl ∈ RB×G with some genes masked, and produces predictions X̂ ∈ RB×G for all genes, where
B is the batch size and G is the number of genes.

We perform masking directly on the input count matrix Xctrl ∈ RB×G: a binary mask M ∈
{0, 1}B×G is defined where Mb,g = 1 indicates that the count value for gene g in batch b is
masked (not observed), and Mb,g = 0 indicates it is observed. For each masked entry in Xctrl, the
corresponding value is replaced during count embedding with a special mask token embedding. The
model is then trained to predict the original observed count value at every masked position.

2.3.3 ANNOTATION TASKS

In the annotation tasks, the model predicts discrete labels (such as cell type or tissue of origin) from
gene expression profiles. The model receives expression counts X ∈ RB×G and produces predictions
ŷ ∈ RB×C , where C is the number of cell types. Detailed task description, loss function, and data
details are provided in subsection I.3.
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Table 1: Detailed performance metrics on genetic perturbation prediction.

HEPG2 (Nadig et al., 2025) K562 (Replogle et al., 2022)

metric preprocessing State Funomics T0 mean pert Bound∗ State Funomics T0 mean pert Bound∗

Cosine Sim. ↑ train pert centered 0.33 0.41 0.00 0.34 0.21 0.28 0.00 0.34

MSE ↓ – 0.02 0.03 0.02 0.03 0.02 0.03 0.01 0.01

WMSE ↓ – 0.02 0.03 0.04 0.02 0.01 0.02 0.02 0.01

Rank.T (Cosine) ↓ train pert centered 0.22 0.06 1.00 0.11 0.25 0.09 1.00 0.11

Rank.T (L2) ↓ – 0.26 0.08 0.50 0.25 0.30 0.16 0.50 0.28

Rank (Cosine) ↓ train pert centered 0.22 0.05 1.00 0.11 0.20 0.05 1.00 0.12

Rank (L2) ↓ – 0.22 0.07 0.87 0.13 0.22 0.16 0.79 0.10

SMD (Cosine) ↓ train pert centered 155.19 10.41 11.48 6.60 211.43 14.06 7.32 5.10

SMD (L2) ↓ – 1562.68 57.09 449.56 55.20 1417.55 44.11 326.49 44.90
∗Bound is the better of technical duplicate and interpolated duplicate baselines.

3 EXPERIMENTAL RESULTS

3.1 PERTURBATION PREDICTION

Perturbation prediction is central to drug discovery applications, as it enables in silico screening of
candidate compounds and genetic interventions before costly experimental validation (Baek et al.,
2025; Csendes et al., 2025). The task involves predicting cellular gene expression responses following
genetic or chemical perturbations, given control cell expression profiles and perturbation conditions.
This capability is essential for understanding drug mechanisms of action, identifying off-target effects,
and prioritizing therapeutic candidates (Wu et al., 2025).

Formally, given control expression profiles Xctrl ∈ RB×G for a batch of B cells and G genes, along
with condition embeddings C ∈ RB×Ncond×dcond , the model predicts perturbed expression profiles
X̂pert ∈ RB×G. The goal is to match the distribution of predicted responses, P(X̂pert | Xctrl, C), to
the true distribution of perturbed responses: P(Xpert | Xctrl, C), capturing both the magnitude and
direction of expression changes across all genes.

Metrics To evaluate model performance, we report a compact, complementary metric set that
separates magnitude accuracy from directional agreement. We include Cosine similarity (direction),
MSE and WMSE (absolute values), rank metrics for Cosine and L2 distances, and similarity matrix
distance (SMD) for Cosine and L2. For cosine-based metrics, we center profiles by the training
perturbation mean, consistent with prior work Littman et al. (2025). Detailed metric definitions are
provided in Appendix K.

Baselines. We compare against three baselines (see subsection L.1): (1) State model (Adduri et al.,
2025), (2) post-perturbed mean (see subsubsection L.1.1), which predicts the mean of perturbed
expression in the training dataset for each perturbation following Littman et al. (2025). The post-
perturbed mean baseline values were calculated on pseudobulks, without accounting for the number
of samples per perturbation which was not present in the pseudobulk data; and (3) interpolated
duplicate baseline (see subsubsection L.1.3), which addresses limitations of technical duplicates for
weak perturbations (Miller et al., 2025).

We present performance on genetic perturbations (HEPG2 (Nadig et al., 2025) and K562 (Replogle
et al., 2022)) in Table 1 and chemical perturbations (Tahoe (Zhang et al., 2025b)) in Table 2. We
follow the same splitting strategy as described in the State paper (Adduri et al., 2025) and defer
additional dataset results to Appendix D.

3.1.1 GENETIC PERTURBATIONS

Overall, Funomics T0 performs better than State on both genetic perturbation datasets on most metrics,
with clear gains on cosine-based similarity, rank metrics, and SMD. These gains are especially notable
given that Funomics T0 was trained on a broader, more diverse set of datasets, yet still generalizes
strongly to these benchmarks. It is slightly lower on absolute-value metrics (MSE/WMSE), though
both models perform well and are close to the mean pert baseline; these magnitude errors are less
biologically informative. Both models still improve over the mean pert baseline on WMSE, showing
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WMSE better captures meaningful gains on well-calibrated metrics Mejia et al. (2025). On Nadig
HEPG2, we observe results better than the interpolated duplicate bound, which may reflect technical
duplicate splits that partition a single-cell population and introduce noise for small populations. We
attribute this tradeoff to latent compression, which may soften exact value prediction while preserving
the direction of changes that is more biologically relevant.

3.1.2 CHEMICAL PERTURBATIONS

On the Tahoe dataset, both models achieve strong performance across metrics, suggesting this
benchmark is comparatively easy. State is better on cosine similarity, rank metrics, and MSE/WMSE,
indicating more accurate absolute magnitudes and ordering. Funomics T0 is markedly better on
SMD, which reflects closer alignment of the predicted perturbation–perturbation similarity structure
with the ground truth, even when per-perturbation magnitudes are less calibrated. This suggests
Funomics preserves global relational structure among perturbations, a property that can be useful
for downstream grouping and interpretation. The limited separation between models on Tahoe may
reflect the dataset’s scale, where single-dataset training already provides enough coverage and reduces
the benefit of multi-dataset pretraining.

Table 2: Chemical perturbation prediction results on Tahoe dataset (Zhang et al., 2025b).

metric preprocessing State Funomics T0

Cosine Sim. ↑ train pert centered 0.78 0.67

MSE ↓ – 0.01 0.02

WMSE ↓ – 0.01 0.02

Rank.T (Cosine) ↓ train pert centered 0.01 0.04

Rank.T (L2) ↓ – 0.00 0.05

Rank (Cosine) ↓ train pert centered 0.00 0.01

Rank (L2) ↓ – 0.01 0.05

SMD (Cosine) ↓ train pert centered 209.68 65.62

SMD (L2) ↓ – 803.86 172.57

3.2 TISSUE ANNOTATION

In the tissue annotation task, the model predicts tissue labels from gene expression profiles. For
this purpose, we employed the Gene Tissue Expression (GTEx; Lonsdale et al. (2013)) v10 dataset,
composed of 19,788 samples from 946 donors, spanning 54 distinct tissue types, profiled using
the bulk RNA-sequencing technology. As the model inputs we used the Transcripts Per Million
(TPM) normalized expression data. As the number of samples per tissue is quite unbalanced, with a
minimum of 11 observations per tissue, and maximum of around eight hundred, we excluded five
tissues with less than 100 observations from the validation splits (Kidney-Medulla, Cervix-Ectocervix
and -Endocervix, Fallopian Tube, Bladder).

For the tissue annotation task, we employ two complementary validation splits: val purity
(2,426 samples) and val tissue (2,341 samples), with the remaining 14,849 samples used for
training. The val purity split is designed to select the hardest samples for model evaluation
based on neighborhood purity in PCA space, while the val tissue split provides a tissue-balanced
benchmark comparable to prior work. Detailed descriptions of the split algorithms and dataset
preprocessing are provided in subsection B.3.

For the tissue annotation task, we tested the performance of the Logistic Regression baseline
model on the val purity and val tissue splits. The Logistic Regression model was
trained on 5,000 Highly Variable Genes (HVGs) selected using the scanpy package, on the
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Figure 3: UMAP visualization of GTEx gene expression profiles. Each point represents a bulk
sample, colored according to its annotated tissue label.

Figure 4: UMAP visualization of validation splits GTEx expression data, colored by the splits
annotation: val purity, val tissue, train.

log1p(normalize total(data)) transformed data and standardized. As both splits were
balanced in terms of tissue type, we report Accuracy metric.

Yap et al. (2021) report the F1-score of 96.1% on the split similar to our val tissue split, a
value that we report as a reference for our model performance together with the Logistic Regression
baseline in Table 3. Additionally, we report the performance of our model trained from scratch (T0)
and with pretraining (T0 (pretrained)) on multiple tasks and employing single-cell data. Pretraining
yields substantial gains, improving accuracy by over 6 percentage points on val purity and
achieving near-perfect performance (99.5%) on val tissue, demonstrating the benefit of large-
scale multitask pretraining for downstream tissue classification.

Table 3: Tissue Annotation Performance Comparison. Accuracy (in %) of different models on the
val purity and val tissue splits of GTEx v10.

Model val purity (%) val tissue (%)

Funomics T0 86.8 95.7
Funomics T0 (pretrained) 93.2 99.5
Logistic Regression 82.9 98.2

4 DISCUSSION AND CONCLUSION

In this work, we present Funomics T0, a foundation model trained to simultaneously learn a shared
expression representation across RNA-seq datasets that are typically treated separately: bulk and
single-cell, in vitro and patient-derived, and observational and perturbational studies.

The underlying idea is that the main obstacle to a practically useful omics model is the ability to
extract stable biological patterns across heterogeneous study designs, parallel biological samples and
technical context.
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Across perturbation prediction and tissue annotation, we demonstrate its ability to effectively utilize
the full spectrum of available transcriptomic data for solving downstream tasks. The latent repre-
sentations learned by Funomics T0 transfer to task-specific predictors without additional encoders,
suggesting that the model captures robust expression programs that are both detectable in single cells,
compatible with bulk signals, and present in controlled perturbations and patient data. We see the
clearest gains on the smaller genetic perturbation datasets, where multi-dataset training provides
stronger generalization. Our results suggest that this unified architecture combined with massive
multitask training across heterogeneous data sources can unlock improved modeling of cellular
responses, pointing toward a promising direction for deeper understanding of cell processes.

Limitations and Future Work While Funomics T0 represents an advancement in foundation
models for omics, several limitations remain. Currently, our model focuses on expression data from
bulk and single-cell RNA-seq experiments. Training on heterogeneous RNA-seq gives path to domain
imbalance and technical artifacts, and therefore performance can be skewed toward tissues, protocols,
or cohorts that are more represented.

Additionally, while we demonstrate the model’s effectiveness on perturbation prediction and tissue
annotation tasks, there are numerous other relevant applications to evaluate, including disease
classification, drug response prediction, and patient stratification.

Finally, while the latent space is predictive, we aim to interrogate its interpretability and relation to
pathways and mechanistic clusters.

Rather than expanding to additional omics modalities, we focus next on expression-based generaliza-
tion under true biological heterogeneity.
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the paper.

REFERENCES

Abhinav K. Adduri, Dhruv Gautam, Beatrice Bevilacqua, Alishba Imran, Rohan Shah, Mohsen
Naghipourfar, Noam Teyssier, Rajesh Ilango, Sanjay Nagaraj, Mingze Dong, Chiara Ricci-Tam,
Christopher Carpenter, Vishvak Subramanyam, Aidan Winters, Sravya Tirukkovular, Jeremy
Sullivan, Brian S. Plosky, Basak Eraslan, Nicholas D. Youngblut, Jure Leskovec, Luke A. Gilbert,
Silvana Konermann, Patrick D. Hsu, Alexander Dobin, Dave P. Burke, Hani Goodarzi, and Yusuf H.
Roohani. Predicting cellular responses to perturbation across diverse contexts with State. July
2025. doi: 10.1101/2025.06.26.661135. URL https://www.biorxiv.org/content/10.
1101/2025.06.26.661135v2. ISSN: 2692-8205 Pages: 2025.06.26.661135 Section: New
Results.

Seungbyn Baek, Kyungwoo Song, and Insuk Lee. Single-cell foundation models: bringing artificial
intelligence into cell biology. Experimental & Molecular Medicine, 57(10):2169–2181, October
2025. ISSN 2092-6413. doi: 10.1038/s12276-025-01547-5. URL https://www.nature.
com/articles/s12276-025-01547-5.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhari-
wal, Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, Sandhini Agar-
wal, Ariel Herbert-Voss, Gretchen Krueger, Tom Henighan, Rewon Child, Aditya Ramesh,
Daniel Ziegler, Jeffrey Wu, Clemens Winter, Chris Hesse, Mark Chen, Eric Sigler, Ma-
teusz Litwin, Scott Gray, Benjamin Chess, Jack Clark, Christopher Berner, Sam McCan-
dlish, Alec Radford, Ilya Sutskever, and Dario Amodei. Language models are few-shot
learners. In H. Larochelle, M. Ranzato, R. Hadsell, M.F. Balcan, and H. Lin (eds.), Ad-
vances in Neural Information Processing Systems, volume 33, pp. 1877–1901. Curran Asso-
ciates, Inc., 2020. URL https://proceedings.neurips.cc/paper_files/paper/
2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf.

Charlotte Bunne, Stefan G. Stark, Gabriele Gut, Jacobo Sarabia del Castillo, Mitch Levesque,
Kjong-Van Lehmann, Lucas Pelkmans, Andreas Krause, and Gunnar Rätsch. Learning single-
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A FULL FORWARD PASS ALGORITHM

The complete forward pass algorithm (algorithm 1) orchestrates three main components: task-
specific input processing (algorithm 2), backbone processing (algorithm 3), and task head application
(algorithm 4).

Algorithm 1: Funomics T0 Forward Pass
1 Function ForwardPass(X , C, T ):

Input: Gene expression X ∈ RB×G, conditions C, task T
Output: Task outputs and losses

2 Xproc, Cproc ← ProcessTaskInputs(X , C, T )
Process inputs according to task requirements (see algorithm 2)

3 L← ProcessBackbone(Xproc, Cproc)
Process through backbone to obtain latent states (see algorithm 3)

4 O,L ← ApplyTaskHead(L, T )
Apply task-specific head to generate outputs (see algorithm 4)

5 return O,L

Algorithm 2: Task-Specific Input Processing
1 Function ProcessTaskInputs(X , C, T ):

Input: Gene expression X , conditions C, task T
Output: Processed inputs Xproc, Cproc

2 if T is masked counts task then
3 Apply masking to X according to task-specific masking strategy
4 else
5 if T is perturbation prediction task then
6 Prepare control and perturbed counts

Apply augmentation masking to control counts if training
7 else
8 Use inputs as provided

9 Process conditions C according to task requirements
Extract relevant condition components (dataset, task, perturbation
type)

10 return Xproc, Cproc
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Algorithm 3: Funomics T0 Backbone Processing
1 Function ProcessBackbone(X , C):

Input: Gene expression X ∈ RB×G, conditions C
Output: Latent states L ∈ RB×Nlatent×d

2 Egene, Ecounts, Econd ← EmbedGeneExpressionAndConditions(X , C)
Embed gene expression and conditions (see Appendix H)
Egene ∈ RG×d, Ecounts ∈ RG×d, Econd ∈ RNcond×d

3 Einput ← Egene + Ecounts

Combine gene and counts embeddings: Einput ∈ RG×d

4 Hcond ← EncodeConditions(Econd)
Encode conditions through bidirectional self-attention
Output: Hcond ∈ RNcond×d

5 L← CompressToLatents(Einput, Hcond)
Compress gene data to latent representation via decoder
cross-attention
Decoder uses self-attention on latent tokens, then cross-attention
to Einput and Hcond

Output: L ∈ RNlatent×d

6 return L

7 Function EmbedGeneExpressionAndConditions(X , C):
8 Egene ← Embed gene tokens

Lookup gene token embeddings, optionally with external embeddings
9 Ecounts ← Embed expression counts

Embed counts via MLP encoder, apply masking for task-specific
inputs

10 Econd ← Embed conditions
Embed dataset, task, and perturbation information (gene or
chemical)

11 return Egene, Ecounts, Econd

12 Function EncodeConditions(Econd):
13 Apply bidirectional self-attention over condition tokens

Multiple layers of self-attention + FFN with RMSNorm
14 return Hcond

15 Function CompressToLatents(Einput, Hcond):
16 Initialize Nlatent learnable latent tokens

Latent tokens: Linit ∈ RNlatent×d

17 Apply self-attention among latent tokens
18 Apply cross-attention: queries from latents, keys/values from Einput

19 Apply cross-attention: queries from latents, keys/values from Hcond

Decoder applies multiple layers with FFN and RMSNorm
20 return L

15



Published as a workshop paper at ICLR 2026

Algorithm 4: Task Head Application
1 Function ApplyTaskHead(L, T ):

Input: Latent states L ∈ RB×Nlatent×d, task T
Output: Task outputs O, losses L

2 Hgenes ← ProjectToGenes(L)
Project latent states to gene space via cross-attention
Output: Hgenes ∈ RG×d

3 if T is perturbation prediction then
4 O ← ApplyPerturbationHead(Hgenes)
5 else
6 if T is classification then
7 O ← ApplyClassificationHead(Hgenes)
8 else

9 L ← ComputeTaskLoss(O, targets, T )
Compute task-specific loss (see Appendix J)

10 return O,L
11 Function ProjectToGenes(L):

Apply projection cross-attention

Queries from gene embeddings, keys/values from latent states L
12 return Hgenes

13 Function ApplyPerturbationHead(Hgenes):
Apply cross-attention with gene token embeddings

Project to gene-level expression values

Output: X̂ ∈ RB×G

14 return X̂

15 Function ApplyClassificationHead(Hgenes):
Aggregate Hgenes into per-sample vector

Mean pooling or learned summarization: h ∈ Rd

16 Map h to class logits
17 Apply softmax to obtain class probabilities

Output: ŷ ∈ [0, 1]B×C

18 return ŷ

19 Function ComputeTaskLoss(O, targets, T ):
20 if T is perturbation prediction then

Compute distribution loss and bulk prediction loss

21 else
22 if T is masked counts then

Compute MSE loss on masked and unmasked positions

23 else
Compute task-specific loss

24 return L

The backbone algorithm processes batches of B cells, each with G genes, producing compressed
latent representations of dimension Nlatent × d, where Nlatent ≪ G enables efficient processing of
high-dimensional gene expression data. The decoder’s dual cross-attention mechanism allows it to
selectively attend to relevant genes while conditioning on the experimental context. Task-specific
processing and head application extend the backbone outputs to produce task-appropriate predictions
and losses.

16



Published as a workshop paper at ICLR 2026

B DATASETS AND VALIDATION SPLITS

This section provides detailed descriptions of the datasets used for training and evaluating the
Funomics T0 model, including the specific validation split strategies employed for each task.

B.1 PRETRAINING DATA

Datasets are split by cell line and listed in Table 4. These datasets are used for both the masked count
task and the perturbation prediction task.

B.2 VALIDATION STRATEGY

We evaluate genetic perturbation prediction on two diverse single-cell RNA-seq datasets:

• HEPG2 (Nadig 2025): This dataset (Nadig et al., 2025) consists of CRISPR-mediated
perturbations in the HEPG2 cell line.

• K562 (Replogle 2022): A large-scale genome-wide CRISPRi screen in K562 cells (Replogle
et al., 2022).

Validation Strategy: For these datasets, we employ two complementary splitting strategies to assess
generalization:

1. Leave-Perturbation-Out (LPO): A subset of perturbations is held out during training. The
model must predict the response to novel genetic interventions not seen in the training set.

2. Leave-Cell-line-Out (LCO): Where applicable, models are evaluated on cell lines entirely
withheld from the training phase to test cross-context generalization.

Chemical perturbation performance is evaluated using the Tahoe datasets for HOP62 cell line. These
datasets capture cellular responses to a variety of small-molecule compounds at multiple dosages.

Validation Strategy: Similar to genetic perturbations, we use a held-out compound strategy. A fixed
percentage of chemical compounds (and all their associated dosages) are moved to the validation set,
ensuring the model generalizes to unseen molecular structures.

B.3 TISSUE ANNOTATION (GTEX V10)

For tissue annotation, we use the Gene Tissue Expression (GTEx) v10 dataset (Lonsdale et al., 2013),
comprising 19,788 bulk RNA-seq samples from 946 donors across 54 tissue types.

Validation Splits: We define two specific validation splits to test different aspects of model robust-
ness:

1. Validation Purity Split (val purity): Designed to identify the most challenging samples
where tissue-specific signals may be subtle or mixed. The split is constructed as follows:

• Preprocessing: TPM-normalized counts are total-count normalized and log-
transformed (log1p). The top 5,000 highly variable genes are selected.

• Dimensionality Reduction: Data is standardized and projected onto 50 principal
components.

• Purity Calculation: For each sample, we compute the 10 nearest neighbors in PCA
space. Purity is defined as the fraction of neighbors sharing the same tissue label.

• Assignment: For each tissue (with ≥ 100 samples), we select 50 samples with the
lowest purity (or up to 30% of the tissue’s total samples) for the validation set.

2. Validation Tissue Split (val tissue): A tissue-balanced split that mimics standard
evaluation protocols in prior literature (Yap et al., 2021). We select 50 samples per tissue
type (up to 30% of available observations), excluding tissues with fewer than 100 samples.

Samples not included in either validation split are used for training (14,849 samples). Tissues with
extremely low representation (Kidney-Medulla, Cervix-Ectocervix, Cervix-Endocervix, Fallopian
Tube, Bladder) are excluded from validation to ensure stable metric calculation.
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C TASK-SPECIFIC DATA DETAILS

This section provides detailed information about data used for each specific task, including datasets,
split strategies, and evaluation metrics.

Datasets are split by cell line. The following table lists all datasets used for perturbation prediction.

C.1 ANNOTATION TASK DATA

Tissue Annotation In the tissue annotation task, the model predicts tissue labels from gene
expression profiles. For this purpose, we employed the Gene Tissue Expression (GTEx) v10 dataset,
composed of 19788 samples from 946 donors, spanning 54 distinct tissue types, profiled using the
bulk RNA-sequencing technology. We used the Transcripts Per Million (TPM) normalized expression
data instead of raw counts data to account for different gene lengths n As the number of samples per
tissue is quite unbalanced, with a minimum of 11 observations per tissue, and maximum of 800,
we excluded five tissues with less than 100 observations from the validation splits. The following
tissues were excluded: Kidney - Medulla - 11, Cervix - Ectocervix - 24, Fallopian Tube - 29, Cervix -
Endocervix - 23, Bladder - 77.

Figure 5: UMAP visualization of GTEx v10 gene expression profiles colored by tissue type.
Each point represents a sample from the GTEx v10 bulk RNA-seq dataset, colored according to its
annotated tissue label. This figure highlights the degree of separability and clustering structure among
tissues in high-dimensional expression space.

For the tissue annotation task, we employ two complementary validation splits: val purity (2426
samples) and val tissue (2341 samples), with the remaining 14849 samples used for training.

Details on the GTEx tissue annotation dataset, including split definitions and procedures, are provided
in subsection C.1.

D ADDITIONAL RESULTS

Table 5 reports additional L1 metrics (Rank, Rank.T, and SMD) for genetic perturbation prediction.

Table 6 reports additional L1 metrics (Rank, Rank.T, and SMD) for chemical perturbation prediction
on the Tahoe dataset.

E BACKBONE ARCHITECTURE DETAILS

The Funomics T0 backbone implementation is based on T5Gemma (Zhang et al., 2025a) compo-
nents for the encoder and decoder layers. T5Gemma (Zhang et al., 2025a) provides an efficient
encoder-decoder architecture that is well-suited for processing structured inputs with cross-attention
mechanisms. The architecture follows a set transformer design (Lee et al., 2019), treating inputs as
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Table 4: Datasets used for perturbation prediction.

Dataset Name Modality Organism Perturbation Type Observations Perturbations Batches Reference

Genetic perturbation

VCC H1 hESC training adata unified gene set scRNA-seq H. sapiens Genetic Knock Down 221,273 150 3 (Jaume et al.)
scPerturb nadig 2025 JURKAT scRNA-seq H. sapiens Genetic Knock Down 262,803 2,389 55 (Nadig et al., 2025)
scPerturb nadig 2025 HEPG2 scRNA-seq H. sapiens Genetic Knock Down 145,427 2,389 56 (Nadig et al., 2025)
jiang 2025 A549 scRNA-seq H. sapiens Genetic Knock Down 207,261 218 2 (Jiang et al., 2024)
jiang 2025 BXPC3 scRNA-seq H. sapiens Genetic Knock Down 314,758 218 2 (Jiang et al., 2024)
jiang 2025 HAP1 scRNA-seq H. sapiens Genetic Knock Down 277,261 218 2 (Jiang et al., 2024)
feng 2024 TargetedScreen HPSI0114i-eipl 1 scRNA-seq H. sapiens Genetic Knock Down 38,699 444 72 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0114i-eipl 3 scRNA-seq H. sapiens Genetic Knock Down 37,180 444 70 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0114i-kolf 2 scRNA-seq H. sapiens Genetic Knock Down 40,563 444 62 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0114i-kolf 3 scRNA-seq H. sapiens Genetic Knock Down 36,787 444 72 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0114i-zapk 3 scRNA-seq H. sapiens Genetic Knock Down 46,376 444 70 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0414i-oikd 2 scRNA-seq H. sapiens Genetic Knock Down 14,127 444 72 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0414i-oikd 5 scRNA-seq H. sapiens Genetic Knock Down 45,507 444 70 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0514i-fiaj 1 scRNA-seq H. sapiens Genetic Knock Down 41,798 444 70 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0514i-fiaj 3 scRNA-seq H. sapiens Genetic Knock Down 8,254 443 72 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0614i-paab 3 scRNA-seq H. sapiens Genetic Knock Down 28,918 444 70 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0614i-paab 4 scRNA-seq H. sapiens Genetic Knock Down 42,507 444 72 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0714i-iudw 1 scRNA-seq H. sapiens Genetic Knock Down 44,469 444 72 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0714i-iudw 4 scRNA-seq H. sapiens Genetic Knock Down 34,702 444 70 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0714i-pipw 4 scRNA-seq H. sapiens Genetic Knock Down 37,178 444 72 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0714i-pipw 5 scRNA-seq H. sapiens Genetic Knock Down 9,325 444 70 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0914i-jejf 2 scRNA-seq H. sapiens Genetic Knock Down 47,558 444 72 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI0914i-jejf 3 scRNA-seq H. sapiens Genetic Knock Down 34,851 444 54 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI1213i-tolg 4 scRNA-seq H. sapiens Genetic Knock Down 16,732 444 72 (Feng et al., 2024)
feng 2024 TargetedScreen HPSI1213i-tolg 6 scRNA-seq H. sapiens Genetic Knock Down 29,491 444 70 (Feng et al., 2024)
sciplex gxe2 genetic A172 scRNA-seq H. sapiens Genetic Knock Down 47,452 522 32 (Srivatsan et al., 2020)
sciplex gxe2 genetic T98G scRNA-seq H. sapiens Genetic Knock Down 44,792 522 32 (Srivatsan et al., 2020)
sciplex gxe2 genetic U87MG scRNA-seq H. sapiens Genetic Knock Down 47,026 522 32 (Srivatsan et al., 2020)
scPerturb Replogle2022 RPE1essential scRNA-seq H. sapiens Genetic Knock Down 247,824 2,389 56 (Replogle et al., 2022)
scPerturb Replogle2022 K562essential scRNA-seq H. sapiens Genetic Knock Down 310,342 2,054 48 (Replogle et al., 2022)
scPerturb Replogle2022 K562gwps scRNA-seq H. sapiens Genetic Knock Down 1,988,657 9,854 267 (Replogle et al., 2022)
jiang 2025 HT29 scRNA-seq H. sapiens Genetic Knock Down 360,963 218 2 (Jiang et al., 2024)
jiang 2025 K562 scRNA-seq H. sapiens Genetic Knock Down 207,688 218 2 (Jiang et al., 2024)
jiang 2025 MCF7 scRNA-seq H. sapiens Genetic Knock Down 260,545 218 2 (Jiang et al., 2024)
xatlas filtered dual guide cells HCT116 scRNA-seq H. sapiens Genetic Knock Down 349,927 2,000 109 (Moreno et al., 2021)
xatlas filtered dual guide cells HCT116 scRNA-seq H. sapiens Genetic Knock Down 362,424 1,999 109 (Moreno et al., 2021)
xatlas filtered dual guide cells HCT116 scRNA-seq H. sapiens Genetic Knock Down 344,738 1,998 109 (Moreno et al., 2021)
xatlas filtered dual guide cells HCT116 scRNA-seq H. sapiens Genetic Knock Down 354,504 1,998 109 (Moreno et al., 2021)
xatlas filtered dual guide cells HCT116 scRNA-seq H. sapiens Genetic Knock Down 349,785 2,000 109 (Moreno et al., 2021)
xatlas filtered dual guide cells HCT116 scRNA-seq H. sapiens Genetic Knock Down 50,924 293 109 (Moreno et al., 2021)
xatlas filtered dual guide cells HCT116 scRNA-seq H. sapiens Genetic Knock Down 352,553 2,000 109 (Moreno et al., 2021)
xatlas filtered dual guide cells HCT116 scRNA-seq H. sapiens Genetic Knock Down 354,801 2,000 109 (Moreno et al., 2021)
xatlas filtered dual guide cells HCT116 scRNA-seq H. sapiens Genetic Knock Down 357,281 2,000 109 (Moreno et al., 2021)
xatlas filtered dual guide cells HCT116 scRNA-seq H. sapiens Genetic Knock Down 364,990 1,997 109 (Moreno et al., 2021)
xatlas filtered dual guide cells HCT116 scRNA-seq H. sapiens Genetic Knock Down 165,777 0 109 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 233,951 1,000 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 239,735 1,000 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 240,981 997 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 218,838 0 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 234,823 1,000 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 232,650 1,000 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 249,132 1,000 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 232,787 999 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 237,874 998 223 (Moreno et al., 2021)
scPerturb Replogle2022 K562gwps scRNA-seq H. sapiens Genetic Knock Down 876,979 3,286 267 (Replogle et al., 2022)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 219,246 1,000 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 231,660 999 223 (Moreno et al., 2021)
scPerturb Replogle2022 K562gwps scRNA-seq H. sapiens Genetic Knock Down 668,691 3,283 267 (Replogle et al., 2022)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 237,919 999 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 234,524 1,000 223 (Moreno et al., 2021)
scPerturb Replogle2022 K562gwps scRNA-seq H. sapiens Genetic Knock Down 442,987 3,288 267 (Replogle et al., 2022)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 231,491 1,000 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 72,981 311 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 228,542 1,000 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 236,216 1,000 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 226,008 1,000 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 249,862 1,000 223 (Moreno et al., 2021)
xatlas filtered dual guide cells HEK293T scRNA-seq H. sapiens Genetic Knock Down 243,051 1,000 223 (Moreno et al., 2021)
PerturbAtlas hESC bulk genetic KD.h5ad bulk RNAseq H. sapiens Genetic Knock Down 18 1 2 (Zhang et al., 2025c)

Chemical perturbation

sciplex gxe2 chemical A172 scRNA-seq H. sapiens Chemical 236,302 8 32 (Srivatsan et al., 2020)
sciplex gxe2 chemical T98G scRNA-seq H. sapiens Chemical 212,789 8 32 (Srivatsan et al., 2020)
sciplex gxe2 chemical U87MG scRNA-seq H. sapiens Chemical 238,788 8 32 (Srivatsan et al., 2020)
sciplex3 MCF7 scRNA-seq H. sapiens Chemical 344,837 752 16 (Srivatsan et al., 2020)
sciplex3 K562 scRNA-seq H. sapiens Chemical 173,632 752 16 (Srivatsan et al., 2020)
sciplex3 A549 scRNA-seq H. sapiens Chemical 244,268 752 20 (Srivatsan et al., 2020)
tahoe 100m SW1271 scRNA-seq H. sapiens Chemical 209,283 1,131 42 (Zhang et al., 2025b)
tahoe 100m A549 scRNA-seq H. sapiens Chemical 2,567,838 1,134 42 (Zhang et al., 2025b)
tahoe 100m SW1088 scRNA-seq H. sapiens Chemical 149,059 1,133 42 (Zhang et al., 2025b)
tahoe 100m AN3CA scRNA-seq H. sapiens Chemical 566,078 1,134 42 (Zhang et al., 2025b)
tahoe 100m SW1417 scRNA-seq H. sapiens Chemical 1,921,742 1,134 42 (Zhang et al., 2025b)
tahoe 100m SKMEL2 scRNA-seq H. sapiens Chemical 1,548,711 1,133 42 (Zhang et al., 2025b)
tahoe 100m SW48 scRNA-seq H. sapiens Chemical 954,199 1,134 42 (Zhang et al., 2025b)
tahoe 100m SNU1 scRNA-seq H. sapiens Chemical 1,221,708 1,134 42 (Zhang et al., 2025b)
tahoe 100m A172 scRNA-seq H. sapiens Chemical 2,314,134 1,134 42 (Zhang et al., 2025b)
tahoe 100m ASPC1 scRNA-seq H. sapiens Chemical 2,259,176 1,134 42 (Zhang et al., 2025b)
tahoe 100m BT474 scRNA-seq H. sapiens Chemical 1,271,918 1,133 42 (Zhang et al., 2025b)
tahoe 100m COLO205 scRNA-seq H. sapiens Chemical 1,456,805 1,134 42 (Zhang et al., 2025b)
tahoe 100m HCT15 scRNA-seq H. sapiens Chemical 1,500,121 1,134 42 (Zhang et al., 2025b)
tahoe 100m HEC1A scRNA-seq H. sapiens Chemical 2,514,625 1,134 42 (Zhang et al., 2025b)
tahoe 100m HT29 scRNA-seq H. sapiens Chemical 2,171,036 1,134 42 (Zhang et al., 2025b)
tahoe 100m HS578T scRNA-seq H. sapiens Chemical 1,725,286 1,134 42 (Zhang et al., 2025b)
tahoe 100m HS766T scRNA-seq H. sapiens Chemical 2,535,736 1,133 42 (Zhang et al., 2025b)
tahoe 100m J82 scRNA-seq H. sapiens Chemical 2,342,982 1,134 42 (Zhang et al., 2025b)
tahoe 100m SNU423 scRNA-seq H. sapiens Chemical 1,501,700 1,134 42 (Zhang et al., 2025b)
tahoe 100m KATOIII scRNA-seq H. sapiens Chemical 2,229,643 1,134 42 (Zhang et al., 2025b)
tahoe 100m LS180 scRNA-seq H. sapiens Chemical 1,828,299 1,134 42 (Zhang et al., 2025b)
tahoe 100m LOVO scRNA-seq H. sapiens Chemical 3,013,246 1,134 42 (Zhang et al., 2025b)
tahoe 100m MIAPACA2 scRNA-seq H. sapiens Chemical 2,432,647 1,133 42 (Zhang et al., 2025b)
tahoe 100m NCIH460 scRNA-seq H. sapiens Chemical 5,736,238 1,134 42 (Zhang et al., 2025b)
tahoe 100m PANC1 scRNA-seq H. sapiens Chemical 4,089,586 1,133 42 (Zhang et al., 2025b)
tahoe 100m RKO scRNA-seq H. sapiens Chemical 2,182,314 1,134 42 (Zhang et al., 2025b)
tahoe 100m SW480 scRNA-seq H. sapiens Chemical 6,040,371 1,134 42 (Zhang et al., 2025b)
tahoe 100m A427 scRNA-seq H. sapiens Chemical 1,430,114 1,134 42 (Zhang et al., 2025b)
tahoe 100m A498 scRNA-seq H. sapiens Chemical 2,737,714 1,134 42 (Zhang et al., 2025b)
tahoe 100m C33A scRNA-seq H. sapiens Chemical 1,483,268 1,134 42 (Zhang et al., 2025b)
tahoe 100m C32 scRNA-seq H. sapiens Chemical 1,991,252 1,134 42 (Zhang et al., 2025b)
tahoe 100m C3A scRNA-seq H. sapiens Chemical 1,244,192 1,134 42 (Zhang et al., 2025b)
tahoe 100m CFPAC1 scRNA-seq H. sapiens Chemical 2,404,632 1,134 42 (Zhang et al., 2025b)
tahoe 100m CHP212 scRNA-seq H. sapiens Chemical 537,791 1,134 42 (Zhang et al., 2025b)
tahoe 100m H4 scRNA-seq H. sapiens Chemical 1,042,066 1,133 42 (Zhang et al., 2025b)
tahoe 100m HOP62 scRNA-seq H. sapiens Chemical 3,307,302 1,134 42 (Zhang et al., 2025b)
tahoe 100m LOXIMVI scRNA-seq H. sapiens Chemical 2,208,183 1,134 42 (Zhang et al., 2025b)
tahoe 100m NCIH1573 scRNA-seq H. sapiens Chemical 2,016,991 1,134 42 (Zhang et al., 2025b)
tahoe 100m NCIH1792 scRNA-seq H. sapiens Chemical 1,838,530 1,133 42 (Zhang et al., 2025b)
tahoe 100m NCIH2030 scRNA-seq H. sapiens Chemical 1,937,218 1,134 42 (Zhang et al., 2025b)
tahoe 100m NCIH23 scRNA-seq H. sapiens Chemical 1,774,330 1,133 42 (Zhang et al., 2025b)
tahoe 100m NCIH2347 scRNA-seq H. sapiens Chemical 2,227,663 1,133 42 (Zhang et al., 2025b)
tahoe 100m PANC0327 scRNA-seq H. sapiens Chemical 1,700,099 1,134 42 (Zhang et al., 2025b)
tahoe 100m RPMI7951 scRNA-seq H. sapiens Chemical 1,607,552 1,134 42 (Zhang et al., 2025b)
tahoe 100m SHP77 scRNA-seq H. sapiens Chemical 2,282,536 1,134 42 (Zhang et al., 2025b)
tahoe 100m SW900 scRNA-seq H. sapiens Chemical 1,708,896 1,134 42 (Zhang et al., 2025b)
tahoe 100m hTERTHPNE scRNA-seq H. sapiens Chemical 1,682,310 1,134 42 (Zhang et al., 2025b)

unordered sets without positional embeddings, making it permutation-invariant and well-suited for
gene expression data.
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Table 5: Additional L1 metrics on genetic perturbation prediction (not shown in main results).

HEPG2 (Nadig et al., 2025) K562 (Replogle et al., 2022)

metric State Funomics T0 mean pert Bound∗ State Funomics T0 mean pert Bound∗

Rank (L1) ↓ 0.22 0.09 1.00 0.02 0.23 0.21 1.00 0.00

Rank.T (L1) ↓ 0.27 0.09 0.50 0.26 0.31 0.22 0.50 0.28

SMD (L1) ↓ 50876.84 1834.25 14624.03 1675.30 46338.88 1419.17 10507.64 1362.63
∗Bound is the better of technical duplicate and interpolated duplicate baselines.

Table 6: Additional L1 metrics on chemical perturbation prediction (Tahoe).

Tahoe (Zhang et al., 2025b)

metric State Funomics

Rank (L1) ↓ 0.00 0.10

Rank.T (L1) ↓ 0.00 0.09

SMD (L1) ↓ 11129.07 6392.14

E.1 CONDITION ENCODER

The condition encoder processes condition embeddings Econd ∈ RNcond×d through multiple layers
of bidirectional self-attention, allowing each condition token to attend to all other condition tokens.
This enables the encoder to capture relationships between different condition components (e.g.,
perturbation target gene, dosage, task type) and produce encoded condition representations Hcond ∈
RNcond×d that integrate information across all condition elements. The encoder uses standard
transformer layers with self-attention, feed-forward networks, RMSNorm normalization, and residual
connections, following the T5Gemma (Zhang et al., 2025a) architecture.

E.2 DECODER

The decoder operates on a fixed set of Nlatent decoder input embeddings Linit ∈ RNlatent×d, where
Nlatent ≪ G (typically Nlatent ≈ 256 while G ≈ 19,000). These decoder inputs are obtained by
embedding a fixed vocabulary of Nlatent tokens through learned embedding lookups, rather than
randomly initialized parameters. The decoder uses a dual cross-attention mechanism to condition on
both gene expression data and experimental conditions.

Conditioning on Gene Expression: The decoder applies cross-attention to the combined gene
embeddings Einput = Egene + Ecounts, where queries come from the latent tokens and keys/values
come from the gene embeddings. This allows the latent tokens to selectively attend to relevant genes
from the high-dimensional input, enabling the model to focus on genes that are most informative for
the prediction task.

Conditioning on Experimental Context: The decoder also applies cross-attention to the encoded
condition embeddings Hcond from the encoder, enabling the model to condition its predictions on the
specific experimental context (e.g., which gene is perturbed, what dosage is used, what task is being
performed). This encoder-decoder cross-attention mechanism connects the condition encoder and
decoder, allowing condition information to guide the gene expression processing.

Information Flow: Within each decoder layer, self-attention among latent tokens enables information
exchange, followed by the two cross-attention mechanisms (to genes and to conditions), and feed-
forward processing. The decoder produces compressed latent states L ∈ RNlatent×d that integrate
information from both the gene expression input and the experimental conditions. These latent states
are then projected back to gene space via projection cross-attention (described in subsection E.3),
producing gene-level hidden states Hgenes ∈ RG×d that serve as input to task-specific heads.
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E.3 PROJECTION CROSS-ATTENTION

After the decoder produces compressed latent states L, a projection cross-attention mechanism maps
these latent representations back to gene space, producing gene-level hidden states Hgenes ∈ RG×d.
This projection step is essential for task-specific heads that operate on gene-level representations
rather than compressed latent tokens.

The projection cross-attention uses gene embeddings Egene as queries and the latent states L as keys
and values. Specifically, after applying RMSNorm normalization to the latent states, the projection
cross-attention computes:

Hgenes = CrossAttention(Q = Egene,K = L′, V = L′), (1)

where L′ = RMSNorm(L) are the normalized latent states. This mechanism allows each gene
embedding to attend to relevant information from the compressed latent representation, effectively
decompressing the latent states back to the full gene space while preserving the information captured
during compression.

The projection cross-attention enables task-specific heads to operate directly on gene-level repre-
sentations Hgenes, which is particularly important for tasks like perturbation prediction that require
gene-wise predictions. This design maintains the computational efficiency of the compressed latent
representation during processing while providing full-gene expressivity for downstream task heads.

E.4 NORMALIZATION

Gene token embeddings, counts embeddings, and all intermediate representations are normalized
using RMSNorm (Root Mean Square Layer Normalization). For an embedding E ∈ Rd, RMSNorm
is defined as:

E′ = RMSNorm(E) =
E√

1
d

∑d
i=1 E

2
i + ϵ

⊙ γ, (2)

where γ ∈ Rd is a learnable scale parameter and ϵ is a small constant for numerical stability.
RMSNorm is computationally efficient and has been shown to work well in transformer architectures.
Detailed descriptions of the embedding modules (gene token embeddings, counts embeddings, and
condition embeddings) are provided in Appendix H.

E.5 ARCHITECTURAL CHOICES

Set Transformer Design: The architecture treats inputs as unordered sets without positional embed-
dings, making it permutation-invariant. This is crucial for gene expression data where gene order is
arbitrary and should not affect predictions.

Dimensionality Reduction: By choosing Nlatent ≪ G, the model achieves significant dimension-
ality reduction, making it computationally tractable while preserving essential information. The
compressed latent representation enables efficient processing of high-dimensional gene expression
profiles.

T5Gemma Components: The use of T5Gemma components provides proven architectural patterns
for encoder-decoder models, including efficient attention mechanisms and normalization strategies
that have been validated in large-scale language models.

F TRAINING DETAILS

This section documents the concrete training configuration used for our reported model checkpoints,
focusing on details needed for reproducibility. Dataset and task definitions are described elsewhere in
the appendix.

F.1 MODEL CONFIGURATION (CHOSEN HYPERPARAMETERS)

We use the following model hyperparameters:
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• Number of latent tokens: Nlatent = 512.

• Hidden dimension of latents in the decoder: 1024.

• Attention heads: 8.

• Attention dimension: 128.

• Decoder depth: 16 layers.

• Dropout: 0.05.

• Attention dropout: 0.05.

F.2 PRETRAINING RUN CONFIGURATION

Pretraining was run with the following settings.

• Objectives: pretraining jointly mixes count prediction and perturbation prediction tasks.

• Batch size: 64.

• Learning rate: 1× 10−4 with a constant schedule and warmup fraction 0.05.

• Training length: 1M optimization steps.

• Compute: 7 days on 16 NVIDIA H100 GPUs (approximately 3000 GPU hours).

• Implementation: PyTorch with FlashAttention-2 enabled.

• Pointers: task definitions and losses are in Appendix I and Appendix J; datasets and split
strategies are in Appendix B.

G WEIGHT COMPUTATION FOR WMSE

Following the calibrated metrics framework Mejia et al. (2025) weights wi are used in WMSE to
prioritize genes of biological importance. However, we identified a problem with the standard weight
computation approach from Mejia et al. (2025) To address this limitation, we propose stratified
weights that provide improved gene prioritization.

H EMBEDDINGS

This section provides detailed descriptions of all embedding modules used in the Funomics T0 model,
including gene token embeddings, counts embeddings, and condition embeddings for experimental
contexts.

H.1 GENE TOKEN EMBEDDINGS

Each gene is represented by a learnable token embedding Egene ∈ RG×d, where G is the number
of genes and d is the embedding dimension. Gene token embeddings are randomly initialized and
learned during training. The embedding matrix Egene provides then a representation of each gene in
the unified gene set, enabling the model to learn gene-specific features.

Optionally, external gene embeddings can be integrated to provide prior knowledge. When external
embeddings Eexternal ∈ RG×dext are available, they are projected through a linear layer to match
the model’s embedding dimension: Eprojected = EexternalWproj + bproj, where Wproj ∈ Rdext×d

and bproj ∈ Rd are learnable parameters. The projected embeddings are then added to the token
embeddings: Egene = Egene +Eprojected, similarly to the positional embeddings used in classical
transformer architecture (Vaswani et al., 2017).

H.2 COUNTS EMBEDDINGS

Binning Approach: Following Adduri et al. (2025), continuous counts xb,g ∈ R are embedded using
a learned binning function that maps count values to a weighted combination of bin embeddings. The
binning function uses two linear layers with a LeakyReLU activation to produce soft weights over
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bins, which are then used to compute a weighted sum of learnable bin embeddings. This approach
provides a discrete-like representation that is well-suited for attention mechanisms and can capture
non-linear relationships through the learned bin boundaries. Special mask and pad tokens are used
for masked and padded positions respectively.

H.3 CONDITION EMBEDDINGS

Condition embeddings encode experimental conditions and task information, allowing the model to
condition its predictions on the specific context. All condition embeddings are concatenated into a
condition sequence Econd ∈ RNcond×d, where Ncond varies based on the perturbation type and task.

H.3.1 GENETIC PERTURBATION EMBEDDINGS

For genetic perturbations, the perturbation target gene is embedded using the same gene token
embedding procedure as the input gene embeddings. Specifically, if the perturbation targets gene
gtarget, the condition embedding is Egenetic = Egene[gtarget] ∈ Rd, where Egene is the same gene
token embedding matrix used for input genes. This ensures consistent representation of genes across
the model, enabling the model to leverage learned gene relationships when predicting perturbation
effects.

H.3.2 CHEMICAL PERTURBATION EMBEDDINGS

For chemical perturbations, multiple components are combined to form the condition embedding.
Molecular embeddings Emol ∈ Rdmol are obtained from external sources (e.g., molecular graph
encoders or pre-trained chemical embeddings) and projected through an MLP to match the embedding
dimension: Emol,proj = MLPmol(Emol) ∈ Rd. Dosage information is embedded through a learnable
dosage embedding: Edosage = Edosage emb[bin(d)] ∈ Rd, where d is the dosage value and bin maps
it to a discrete dosage bin. When available, molecules’s target gene embeddings Etarget ∈ Rd are
included using the gene token embedding procedure. The final chemical perturbation embedding
is constructed as: Echemical = [Emol,proj;Edosage;Etarget] ∈ RNchem×d, where Nchem depends on
whether gene target information for a drug is available.

H.3.3 TASK EMBEDDINGS

Task embeddings are learnable embeddings that encode the task type, allowing the model to condition
its behavior on the specific prediction task. Given a vocabulary of Ntasks task types (e.g., perturbation
prediction, unmasking, annotation), each task t is represented by a learnable embedding Etask[t] ∈ Rd.
The task embedding vocabulary size Ntasks and embedding dimension d are hyperparameters that
determine the model’s capacity to distinguish between different task types.

I TASK DESCRIPTIONS

This section provides detailed descriptions of each task implemented in the Funomics T0 model,
including task formulations, loss functions, and references to task-specific data details.

I.1 PERTURBATION PREDICTIONS

I.1.1 GENETIC PERTURBATIONS

In the genetic perturbation prediction task, the model predicts perturbed cell expression profiles given
control cell counts and genetic perturbation conditions. For a batch of B cell groups, each containing
N cells, the model receives control counts Xctrl ∈ RB×G and produces predictions X̂ ∈ RB×G for
the perturbed state, where G is the number of genes. The target perturbed counts are Xpert ∈ RB×G.
Predictions are optionally normalized with scanpy’s log1p(normalize total) and can be
computed in residual mode by adding control means or average perturbation effects.

Task-specific data details, datasets, and split strategies are provided in subsection B.2.
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Loss Function For genetic perturbation prediction, we use a combination of Maximum Mean
Discrepancy (MMD) loss and bulk mean squared error (MSE) loss. The MMD term LMMD =

MMD2(X̂,Xpert) compares the distributions of predicted and target perturbed expressions, com-
puted using the geomloss package with an energy kernel Bunne et al. (2023). Crucially, during
training, each batch is constructed to contain all cells from the same cell line and perturbation
condition, allowing the MMD loss to be computed over the entire set of predicted and observed
cells for that condition. This distributional approach is necessary because there is no cell-level
correspondence between control and perturbed populations due to the process of gene expression
value measurement which is destructive for the cells. Therefore, rather than using point-wise losses
that would require such matching, we measure distributional similarity between the predicted and
observed perturbed cell sets. This loss captures the full distributional similarity between predicted
and observed cell populations, preserving heterogeneity in perturbation responses. The bulk MSE
loss Lbulk = ∥ ¯̂X − X̄pert∥2 compares mean expressions across cells, where ¯̂

X = 1
N

∑N
n=1 X̂:,n

and X̄pert =
1
N

∑N
n=1 Xpert,:,n, ensuring accurate prediction of average perturbation effects. The

total perturbation loss is Lpert = 0.2 · LMMD + 10 · Lbulk. Optionally, gene-specific weights can
be applied to emphasize differentially expressed genes, with weight computation details provided
in Appendix G. A detailed explanation of the MMD formulation is provided in subsection J.1, and
additional loss function details are described in Appendix J.

I.1.2 CHEMICAL PERTURBATIONS

In the chemical perturbation prediction task, the model predicts perturbed cell expression profiles
given control cell counts and chemical perturbation conditions (including compound identity and
dosage). The formulation is similar to genetic perturbations, but condition embeddings incorporate
molecular representations and dosage information.

Loss Function For chemical perturbation prediction, we use the same loss function as for genetic
perturbations: a combination of Maximum Mean Discrepancy (MMD) loss and bulk mean squared
error (MSE) loss. As with genetic perturbations, batches are constructed to contain all cells from
the same cell line and perturbation condition, enabling distributional comparison via MMD (see
subsubsection I.1.1 for the rationale). The MMD term LMMD = MMD2(X̂,Xpert) compares the
distributions of predicted and target perturbed expressions, computed using the geomloss package
with an energy kernel Bunne et al. (2023). The bulk MSE loss Lbulk = ∥ ¯̂X − X̄pert∥2 compares
mean expressions across cells. The total perturbation loss is Lpert = 0.2 · LMMD + 10 · Lbulk.
Optionally, gene-specific weights can be applied to emphasize differentially expressed genes, with
weight computation details provided in Appendix G. A detailed explanation of the MMD formulation
is provided in subsection J.1, and additional loss function details are described in Appendix J.

I.2 UNMASKING PERTURBATION PREDICTION

In the unmasking perturbation prediction task, a subset of genes is masked during training, and
the model predicts expression values for the masked genes. The model receives control counts
Xctrl ∈ RB×G with a randomly masked subset of genes, and produces predictions X̂ ∈ RB×G for
all genes, where B is the batch size and G is the number of genes.

We perform masking directly on the input count matrix Xctrl ∈ RB×G: a binary mask M ∈
{0, 1}B×G is defined where Mb,g = 1 indicates that the count value for gene g in batch b is
masked (not observed), and Mb,g = 0 indicates it is observed. For each masked entry in Xctrl, the
corresponding value is replaced during count embedding with a special mask token embedding. The
model is then trained to predict the original observed count value at every masked position.

We employ a random masking strategy. For random masking, each element Mb,g is drawn from a
Bernoulli distribution with parameter pmask, i.e., Mb,g ∼ Bernoulli(pmask) for all b, g. The masking
probability is task-specific and applied uniformly across genes.

Loss Function For unmasking tasks, we use MSE loss computed on masked positions during
training, where the model is required to predict the original expression values. Given a binary mask
M ∈ {0, 1}B×G where Mb,g = 1 indicates that gene g in batch b is masked, the unmasking loss
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is: Lmask = 1
|M|

∑
(b,g)∈M(X̂b,g − Xctrl,b,g)

2, where M = {(b, g) : Mb,g = 1} is the set of
masked positions. This formulation encourages the model to learn to reconstruct expression values
from partial observations, improving its ability to handle missing data and learn robust gene-gene
relationships. Additional details are provided in Appendix J.

I.3 ANNOTATION TASKS

I.3.1 TISSUE ANNOTATION

In the tissue annotation task, the goal is to predict the tissue of origin of a given sample, based on its
expression profile. The formulation is similar to cell type annotation, but with tissue-specific labels.

Task-specific data details, datasets, and split strategies are provided in subsection B.3.

Loss Function For annotation tasks (cell type and tissue classification), we use cross-entropy
loss to train the model for multi-class classification. The loss is defined as: Lannot =
− 1

B

∑B
b=1

∑C
c=1 yb,c log(ŷb,c), where yb,c ∈ {0, 1} is the true one-hot label indicating whether

cell b belongs to class c, ŷb,c ∈ [0, 1] is the predicted probability for class c (obtained via softmax),
B is the batch size, and C is the number of classes. This loss encourages the model to assign high
probability to the correct class while minimizing probability for incorrect classes. Additional details
are provided in Appendix J.

J LOSS FUNCTION DETAILS

J.1 MAXIMUM MEAN DISCREPANCY

Given samples {xi}mi=1 ∼ P and {yj}nj=1 ∼ Q, the squared Maximum Mean Discrepancy (MMD)
between the two distributions is estimated empirically as

MMD2(P,Q) =
1

m2

m∑
i,j=1

k(xi, xj) +
1

n2

n∑
i,j=1

k(yi, yj)−
2

mn

m∑
i=1

n∑
j=1

k(xi, yj), (3)

where k(·, ·) denotes a kernel function that determines the geometry of the comparison.

In our implementation, we adopt the energy kernel

k(x, y) = −∥x− y∥, (4)

which is conditionally negative definite (CND). Although this kernel is not positive definite and
therefore does not correspond to an inner product in a reproducing kernel Hilbert space (RKHS), it
induces a well-defined metric between probability distributions. In particular, the resulting MMD
coincides exactly with the Energy Distance, a classical statistical metric defined by

DEnergy(P,Q) = 2E∥X − Y ∥ − E∥X −X ′∥ − E∥Y − Y ′∥. (5)

Using a CND kernel ensures that the empirical estimate above defines a proper probability metric: it
is non-negative, equals zero if and only if P = Q, and satisfies the triangle inequality. Compared to
positive-definite kernels such as the RBF, the energy kernel requires no bandwidth hyperparameters
and captures global geometric discrepancies through pairwise Euclidean distances.

J.2 BULK MSE LOSS

The bulk MSE loss compares mean expressions across cells:

Lbulk = ∥ ¯̂X − X̄pert∥2, (6)

where ¯̂
X = 1

N

∑N
n=1 X̂:,n and X̄pert =

1
N

∑N
n=1 Xpert,:,n.
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J.3 WEIGHTED MSE LOSS

The weighted MSE loss corresponds to the Weighted Mean Squared Error (WMSE) metric defined
in subsection K.5. When used as a training objective, weighted MSE can be leveraged to drive the
model towards focusing more on accurate predictions for genes that are significantly affected by
perturbations. By assigning higher weights to genes with substantial perturbation-induced changes,
the loss function emphasizes learning to predict these biologically important responses while still
maintaining supervision across the full transcriptome.

J.4 UNMASKING TASK LOSS

For unmasking tasks, the model predicts expression values for masked genes. Given a binary mask
M ∈ {0, 1}B×G where Mb,g = 1 indicates that gene g in batch b is masked, the unmasking loss is
computed only on masked positions:

Lmask =
1

|M|
∑

(b,g)∈M

(X̂b,g −Xctrl,b,g)
2, (7)

whereM = {(b, g) : Mb,g = 1} is the set of masked positions, X̂b,g is the predicted expression value,
and Xctrl,b,g is the ground truth expression value. This formulation trains the model to reconstruct
missing expression values from observed genes, improving its ability to learn gene-gene relationships
and handle incomplete data.

J.5 ANNOTATION TASK LOSS

For annotation tasks (cell type and tissue classification), we use cross-entropy loss. Given true
one-hot labels y ∈ {0, 1}B×C and predicted probabilities ŷ ∈ [0, 1]B×C (obtained via softmax), the
annotation loss is:

Lannot = −
1

B

B∑
b=1

C∑
c=1

yb,c log(ŷb,c), (8)

where B is the batch size and C is the number of classes. The predicted probabilities are computed as

ŷb,c =
exp(zb,c)∑C

c′=1 exp(zb,c′)
,

where zb,c are the logits from the classification head.

J.6 MULTI-TASK LOSS WEIGHTING

When training on multiple tasks simultaneously, the total loss is a weighted combination of task-
specific losses. Given tasks t ∈ {1, 2, . . . , T} with corresponding losses Lt and weights λt, the total
loss is:

Ltotal =

T∑
t=1

λtLt. (9)

The weights λt can be set manually based on task importance, learned adaptively during training, or
determined through hyperparameter search. For perturbation prediction tasks, gene-specific weights
can be applied within the loss terms.

K METRICS

K.1 PREPROCESSING OF PREDICTIONS AND TARGETS

Before computing metrics, predictions and targets may be preprocessed using various transforma-
tions to improve metric sensitivity and interpretability. We establish the following notation for
preprocessing operations:

Base (no preprocessing): Raw expression values are used without transformation, denoted as “−” in
tables.
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Control centering (∆ctrl): Expression values are centered by subtracting the mean control expres-
sion:

x∆ctrl
= x− x̄ctrl, (10)

where x̄ctrl is the mean expression across all control cells. This transformation removes baseline
expression levels and emphasizes perturbation-specific changes.

Train perturbation centering (∆train): Expression values are centered by subtracting the mean
training perturbation expression:

x∆train = x− x̄train, (11)
where x̄train is the mean expression across all training perturbations. This approach increases the
dynamic range of metrics, particularly for datasets involving essential genes where perturbations may
share effects on basic cellular processes Wu et al. (2025).

K.2 COSINE SIMILARITY

Cosine similarity measures the angular similarity between two vectors, providing a scale-invariant
measure of directional agreement. We use two variants of cosine similarity depending on the
evaluation context.

K.2.1 COSINE SIMILARITY

Regular cosine similarity is computed between predicted and ground truth perturbation response
vectors without any filtering. For a predicted vector x̂i and ground truth vector xi for perturbation i,
cosine similarity is defined as:

cosine(x̂i,xi) =
x̂i · xi

∥x̂i∥2∥xi∥2
, (12)

where · denotes the dot product and ∥ · ∥2 is the L2 norm. This metric ranges from −1 to 1, with
values closer to 1 indicating better directional agreement. Higher values indicate better performance.

K.2.2 COSINE SIMILARITY FOR RESPONSE DIRECTION

Cosine similarity for response direction evaluates the directional agreement specifically for pertur-
bations with significant effect sizes. This variant focuses on perturbations that produce meaningful
biological changes, filtering out perturbations with negligible effects.

When calculating cosine similarity for response direction, a specific centering step is employed
to improve the metric’s effectiveness (Littman et al., 2025). The average log-fold change (logFC)
perturbation response in the training dataset is subtracted from both the prediction and the ground
truth:

cosineresponse(x̂
i,xi) =

(x̂i − x̄train) · (xi − x̄train)

∥(x̂i − x̄train)∥2∥(xi − x̄train)∥2
, (13)

where x̄train is the mean perturbation response across the training dataset. This approach of centering
at the mean perturbation response is adopted to increase the dynamic range of the metric (Littman
et al., 2025). This centering is particularly important for datasets involving essential genes, where
perturbations might share effects on basic cellular processes. This centering strategy deviates from
conventional approaches used in prior work (Littman et al., 2025).

K.3 RANK METRICS

Rank-based metrics measure perturbation discrimination by evaluating how model predictions com-
pare to observations, following (Wu et al., 2025). This approach avoids the limitations of existing
information retrieval metrics such as mean reciprocal rank, which would require a specific desired
cell state to create rankings, potentially biasing the evaluation. Rank metrics are computed on a
per-perturbation basis and use a generic distance metric dist(·, ·) that can be L1 (Manhattan distance),
L2 (Euclidean distance), or cosine similarity. The choice of distance metric can significantly affect
the ranking (Liu et al., 2025). All rank metrics yield values between 0 and 1, where 0 is a perfect
score and 0.5 is the expected score of a random prediction. Lower values indicate better performance,
with a value of 0 indicating perfect discrimination.
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K.3.1 RANKaverage

The Rankaverage metric measures perturbation discrimination by evaluating, for a given observed
perturbation, how close the model prediction is to the observation compared to predictions made for
other perturbations. For a set of p perturbations, Rankaverage is defined as:

Rankaverage :=
1

p

p∑
i=1

rank(x̂i), (14)

where x̂i is the predicted response for perturbation i, and the rank of prediction i is computed as:

rank(x̂i) :=
1

p− 1

p∑
j=1,j ̸=i

I
(
dist(x̂j , xi) ≤ dist(x̂i, xi)

)
, (15)

where the sum is over all j from 1 to p such that j ̸= i, xi is the true (average) expression value
for perturbation i, and I(·) is the indicator function. The rank of prediction i represents the fraction
of other predictions that are at least as close to the true response xi as the prediction x̂i itself.
Rankaverage is robust to scaling of predictions: adding a constant factor to all model predictions will
not affect the metric, as it only depends on the relative ordering of predictions with respect to each
true response. This makes Rankaverage particularly useful for assessing whether model predictions
are ordered correctly relative to the ground truth perturbations. The calibration of this rank metric
was investigated by Wu et al. (2025).

K.3.2 RANK.Taverage

The Rank.Taverage metric is a transposed variant of Rankaverage that measures perturbation discrimi-
nation by evaluating, for a given predicted perturbation response, how close it is to its corresponding
observation compared to other observations. For a set of p perturbations, Rank.Taverage is defined as:

Rank.Taverage :=
1

p

p∑
i=1

rankT(x̂i), (16)

where x̂i is the predicted response for perturbation i, and the rankT of prediction i is computed as:

rankT(x̂i) :=
1

p− 1

p∑
j=1,j ̸=i

I
(
dist(x̂i, xj) ≤ dist(x̂i, xi)

)
, (17)

where the sum is over all j from 1 to p such that j ̸= i, xi is the true (average) expression value for
perturbation i, and I(·) is the indicator function. Unlike Rankaverage K.3.1, which compares different
predictions to the same true response, Rank.Taverage compares a single prediction to different true
responses. The rankT of prediction i represents the fraction of other true responses that are at least as
close to the prediction x̂i as the true response xi itself. Unlike Rankaverage, Rank.Taverage is sensitive
to the scaling of predictions: adding a constant factor to all model predictions will affect the metric,
as it directly compares the absolute distances between predictions and true responses. This makes
Rank.Taverage useful for users who want a stricter assessment of whether the predictions are similar
to the ground truth perturbations, beyond just the ordering of the perturbations.

K.4 SIMILARITY MATRIX DISTANCE

The Similarity Matrix Distance (SMD) metric measures the preservation of relations between per-
turbations by quantifying the discrepancy between predicted and ground truth similarity matrices,
computed on pseudobulked data, following Wu et al. (2025). A similarity matrix S ∈ Rn×n cap-
tures pairwise distances for n perturbations, where each entry sij represents the distance between
perturbation i and perturbation j, computed from their aggregated expression vectors x(i), x(j) using
a generic distance metric dist(·, ·) that can be L1 (Manhattan distance), L2 (Euclidean distance), or
cosine distance. Specifically, for L1 and L2 distances, sij = ∥x(i) − x(j)∥p where p = 1 for L1 and
p = 2 for L2, and for cosine distance, sij = 1− cosine similarity(x(i), x(j)).

We denote by Ŝ ∈ Rn×n the similarity matrix constructed from predicted responses, and by S ∈
Rn×n the matrix for ground truth responses, with entries ŝij and sij , respectively. The matrices are
compared using the Frobenius norm.

28



Published as a workshop paper at ICLR 2026

K.4.1 BASIC SMD

We define the Similarity Matrix Distance by comparing the similarity matrices using the Frobenius
norm:

SMD(Ŝ, S) =
∥∥∥Ŝ − S

∥∥∥
F
=

√√√√ n∑
i=1

n∑
j=1

(ŝij − sij)
2
, (18)

where ŝij and sij are the similarity values between perturbations i and j in the predicted and ground
truth matrices, respectively. Lower values indicate better performance, as they represent smaller
differences between predicted and ground truth similarity structures. Expression data from all
compared models and baselines were normalized in the same way: total-count normalization to 10k
counts per cell followed by log(1 + x).

K.5 WEIGHTED MEAN SQUARED ERROR (WMSE)

Following the calibrated metrics framework (Mejia et al., 2025), we evaluate perturbation predictions
using Weighted Mean Squared Error (WMSE), a weighted variant of the standard MSE metric
computed on pseudobulked data. For a single perturbation, WMSE is defined as:

WMSE =

G∑
i=1

wi(µ
i
p − µ̂i

p)
2, (19)

where G is the number of genes, wi is the weight for gene i, µi
p is the observed mean expression for

gene i under perturbation p, and µ̂i
p is the predicted mean expression for gene i under perturbation p.

Gene-specific weights wi can be assigned to emphasize particular genes of interest (see Appendix G
for weight computation details).

WMSE addresses limitations of unweighted error metrics by incorporating gene-level impor-
tance (Mejia et al., 2025). The weighting mechanism enables focus on genes that exhibit substantial
changes in response to perturbations, such as differentially expressed genes, rather than treating all
genes equally. This selective emphasis is crucial because most genes remain relatively unchanged
following perturbations, making it important to prioritize evaluation on genes with meaningful re-
sponses. Beyond evaluation, WMSE serves as a viable training objective that can replace standard
MSE, providing models with supervision that reflects biological relevance. Lower values indicate
better performance, corresponding to reduced weighted prediction errors.

K.6 MEAN SQUARED ERROR (MSE)

MSE is a special case of WMSE K.5 with uniform weights wi = 1/G for all genes:

MSE =
1

G

G∑
i=1

(µi
p − µ̂i

p)
2. (20)

Lower values indicate better performance.

K.7 MAXIMUM MEAN DISCREPANCY (MMD)

Maximum Mean Discrepancy (MMD) measures the distributional similarity between predicted and
observed perturbed cell populations (Bunne et al., 2023). This metric is used to evaluate how well
the model captures the full distribution of cellular responses to perturbations, rather than just point
estimates or mean behavior. By comparing the distributions of predicted and observed cells, MMD
provides a comprehensive assessment of whether the model preserves the heterogeneity and variability
present in real perturbation responses.

The mathematical formulation of MMD is provided in subsection J.1. We follow the approach
from (Bunne et al., 2023), using the energy kernel which corresponds to the Energy Distance metric.
Compared to positive-definite kernels such as the RBF, the energy kernel requires no bandwidth
hyperparameters.
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L BASELINES

L.1 PERTURBATION PREDICTION

L.1.1 POST-PERTURBED MEAN

The post-perturbed mean baseline provides a dataset-wide reference by aggregating mean expression
profiles across all training perturbations (Miller et al., 2025). For M training perturbations with cell
sets S1, S2, . . . , SM of potentially different sizes, we compute:

µall =
1

M

M∑
i=1

 1

|Si|
∑
j∈Si

xi,j

 , (21)

where xi,j denotes the expression vector of cell j from perturbation i. This formulation applies uni-
form weighting to each perturbation’s mean profile, regardless of the number of cells per perturbation.
The resulting baseline represents a global average that smooths over perturbation-specific effects and
cell-to-cell variability, serving as a simple but informative lower bound for model performance.

L.1.2 TECHNICAL DUPLICATE BASELINE

The technical duplicate baseline establishes an upper performance bound by leveraging the inherent
variability within experimental replicates (Miller et al., 2025). For each perturbation pi with associated
cells Si, we randomly partition the cells into two groups: Si,GT serves as ground truth, while Si,TD

functions as a technical duplicate prediction. Mean expression profiles µi,GT and µi,TD are computed
for each group and compared. This approach isolates the contribution of experimental noise to
prediction error, effectively asking how well one experimental replicate predicts another under
identical conditions. The baseline’s reliability depends on having sufficient cells per perturbation;
with few cells, the random split introduces substantial variance. To maintain evaluation integrity,
technical duplicate cells are treated as an independent held-out set and excluded from all differential
expression analyses used for metric weighting.

L.1.3 INTERPOLATED DUPLICATE BASELINE

The interpolated duplicate baseline addresses the technical duplicate baseline’s limitations for per-
turbations with weak effects by adaptively blending predictions based on gene-level evidence of
perturbation impact (Miller et al., 2025). For each perturbation, we construct a per-gene weighted
combination:

µi,ID = α⊙ µi,TD + (1− α)⊙ µall, (22)
where α is a gene-specific weight vector and ⊙ represents element-wise multiplication. The weights
are derived from differential expression analysis on the technical duplicate set: α = 1 − pDEGs,
where pDEGs contains p-values for each gene. Genes showing strong perturbation effects receive
weights near 1, prioritizing the technical duplicate prediction, while genes with no significant changes
receive weights near 0, defaulting to the mean baseline. This adaptive strategy provides a more
realistic performance estimate by acknowledging that technical duplicates are most informative for
genes with clear perturbation signatures.

M ADDITIONAL IMPLEMENTATION DETAILS

This section provides additional implementation details on the task-specific model heads.

Task-specific heads process the compressed latent states L ∈ RNlatent×d from the backbone to
produce task-specific outputs. Each head architecture is tailored to the specific prediction task.

Perturbation Prediction Head For perturbation prediction, the head outputs gene expression
vectors X̂ ∈ RB×G. The latent states are projected back to gene space using a cross-attention
layer that produces gene-level hidden states Hgenes ∈ RG×d. These gene-level representations are
then mapped to expression predictions via a linear projection: X̂ = HgenesWout + bout, where
Wout ∈ Rd×G and bout ∈ RG are learnable parameters.
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Unmasking Head For unmasking tasks, the head architecture is similar to perturbation prediction,
outputting expression values for all genes including masked positions. The head processes latent
states to reconstruct the full expression profile: X̂ = Headunmask(L) ∈ RB×G.

Annotation Head (Classification) For annotation tasks (cell type and tissue classification), the
head outputs class probabilities. The latent states are aggregated to h ∈ Rd, then projected through a
linear layer to produce logits: z = hWcls + bcls ∈ RC , where C is the number of classes. The final
predictions are obtained via softmax: ŷ = softmax(z) ∈ [0, 1]C .

31


	Introduction
	Contributions

	Methods
	Backbone Architecture
	Employed Embeddings

	Prediction Heads
	Task Formulations
	Perturbation Predictions
	Unmasking Perturbation Prediction
	Annotation Tasks


	Experimental Results
	Perturbation Prediction
	Genetic Perturbations
	Chemical Perturbations

	Tissue Annotation

	Discussion and Conclusion
	Full Forward Pass Algorithm
	Datasets and Validation Splits
	Pretraining Data
	Validation Strategy
	Tissue Annotation (GTEx v10)

	Task-Specific Data Details
	Annotation Task Data

	Additional Results
	Backbone Architecture Details
	Condition Encoder
	Decoder
	Projection Cross-Attention
	Normalization
	Architectural Choices

	Training Details
	Model configuration (chosen hyperparameters)
	Pretraining run configuration

	Weight Computation for WMSE
	Embeddings
	Gene Token Embeddings
	Counts Embeddings
	Condition Embeddings
	Genetic Perturbation Embeddings
	Chemical Perturbation Embeddings
	Task Embeddings


	Task Descriptions
	Perturbation Predictions
	Genetic Perturbations
	Chemical Perturbations

	Unmasking Perturbation Prediction
	Annotation Tasks
	Tissue Annotation


	Loss Function Details
	Maximum Mean Discrepancy
	Bulk MSE Loss
	Weighted MSE Loss
	Unmasking Task Loss
	Annotation Task Loss
	Multi-Task Loss Weighting

	Metrics
	Preprocessing of Predictions and Targets
	Cosine Similarity
	Cosine Similarity
	Cosine Similarity for Response Direction

	Rank Metrics
	Rankaverage
	Rank.Taverage

	Similarity Matrix Distance
	Basic SMD

	Weighted Mean Squared Error (WMSE)
	Mean Squared Error (MSE)
	Maximum Mean Discrepancy (MMD)

	Baselines
	Perturbation Prediction
	Post-perturbed Mean
	Technical Duplicate Baseline
	Interpolated Duplicate Baseline


	Additional Implementation Details

