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Abstract

Predicting cellular responses to genetic or chemical perturbations has been a
long-standing goal in biology. Recent applications of foundation models to this
task have yielded contradictory results regarding their superiority over sim-
ple baselines. We conducted an extensive analysis of over 600 different models
across various prediction tasks and evaluation metrics, demonstrating that while
some foundation models fail to outperform simple baselines, others significantly
improve predictions for both genetic and chemical perturbations. Furthermore,
we developed and evaluated methods for integrating multiple foundation mod-
els for perturbation prediction. Our results show that with sufficient data, these
models approach fundamental performance limits, confirming that foundation
models can improve cellular response simulations.
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1 Introduction

Predicting the outcome of cellular perturbations is a long standing challenge in molec-
ular biology [1-3]. Typically these perturbations are either genetic modifications (e.g.
knocking out or over-expressing one or more genes [4]) or chemical treatments (e.g.
exposing cells to a small molecule [5]). Readout types for perturbation experiments
include cell death [6, 7], cell growth [8], and imaging [9]. One of the most interesting
readouts is gene expression [10], which measures the impact of a perturbation on some
or all genes in a cell. Initial work focused on bulk expression [11] while more recent
analysis considers single cell perturbation responses [12].

There are several reasons why perturbation prediction is an important question in
biology. First, the ability of models to predict the impact of a perturbation in a specific
context (cell type, tissue, disease state, etc.) suggests that such models may have
learned something useful about the underlying molecular networks that are active and
repressed in that context [13]. A model that accurately predicts perturbation responses
in diverse settings may have learned to account for both the activity of the knocked
out gene (or the target of the small / large molecule) and the interactions between
that gene / protein and other proteins and pathways in the cell. Such knowledge is
one of the main goals of systems biology. In addition to demonstrating that a useful
representation of cell state and interactions has been learned, such analysis is also a key
part of most drug discovery and design processes. The ability to accurately predict the
impact of a specific treatment at the cellular level can save both time and work when
identifying new interventions for diseases [14]. In addition, such models can provide
information not just on the direct effects of a treatment but also alert researchers to
potential indirect or side effects, which in many cases are only discovered very late
in the drug discovery process [15]. Accurate perturbation response models would be
impactful for both basic and applied biology research, leading to increased interest in
such models.

Early work on perturbation modeling aimed to predict drug mechanism of action
[16], estimate sensitivity to drugs [17], or model gene regulatory networks with dif-
ferential equations [1, 18, 19]. As the available data grew, perturbation response
prediction problems were studied using statistical learning methods including Elastic-
Net [6, 20, 21], neural networks [14], and matrix factorization models [22, 23]. Early
applications of deep learning include Dr.VAE [24] and scGen [25]. These initial deep
learning frameworks have been extended in several directions. CPA [26] enabled the
prediction of combinatorial perturbation effects. GEARS [27] incorporated knowledge
graphs and allowed for the prediction of perturbations not seen during training. Most
recently, transformer-based architectures have been adapted from the mainstream ML
community, leading to models like Geneformer [28], scFoundation [29], and scGPT [30],
which pretrain on massive single-cell atlases and provide schemes to use the FM for
perturbation response prediction. These recent papers have claimed to achieve strong
results using such methods for perturbation analysis. However, other recent publica-
tions [31, 32] take a contradictory view, arguing that FMs do not improve on simple
baseline methods.

Here we perform a comprehensive study to resolve this issue by evaluating the
use of biological FMs for perturbation prediction. We evaluated hundreds of different
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embedding variants from frozen and fine-tuned FMs and compared them to simple
baselines, classical ML methods, and recently published state-of-the-art AI methods
across several prediction tasks for different perturbation types. Inspired by practices
in mainstream machine learning, we take an embedding-centric view. We generate
perturbation embeddings using FMs trained for modalities like DNA sequences [33],
protein sequences [34], protein structures [35], and small molecules [36]. Our analysis
indicates that while some FMs indeed perform no better than simple baselines, others
(particularly interactome-based FMs) significantly outperform simple baselines across
multiple tasks and cell types. We further show that integrating FMs using attention-
based fusion leads to the best results for genetic perturbation prediction, in some cases
greatly outperforming standard ML based methods.
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2 Results

2.1 Embeddings vary dramatically in utility for genetic
perturbation prediction

Some prior studies have claimed that there is no clear benefit from using FMs for
predicting the effect of unseen perturbations, arguing that simple baselines (e.g. linear
models with embeddings derived from PCA) perform as well or better (e.g. [31, 32, 37]).
We observe similar trends when benchmarking various FM embeddings on the popular
dataset from Norman et al. [4] (Figure S1).

However, larger datasets like Essential (4 cell lines, ~2000 perturbations each)
reveal robust and reproducible differences between embeddings (Figure 1, Figure 2).
While some embeddings indeed perform no better than simple baselines, other embed-
dings are much better. Interestingly, the performance of different embeddings seems
to be driven primarily by the modality from which they are derived. This is consis-
tent with findings in Littman et al. [38]. This observation is reinforced by Figure 3,
which shows that the embedding sources themselves tend to cluster by modality even
if the modeling details differ significantly (Supplemental Methods). This is likely due
to some combination of the information in the modality itself and the model classes
that tend to be used for each modality (e.g. transformers are common for scRNA-seq
data, while graph neural networks are more natural for network data).

Figure 2 shows that the strongest embeddings are those derived from prior
knowledge like interactome data (e.g. WaveGC), functional annotations of genes
(GenotypeVAE), or textual descriptions of genes (e.g. GenePT). These three types sig-
nificantly outperform simple baselines like PCA computed on the control cells. Textual
descriptions can be viewed as a “soft” form of interactome data, where the relation-
ships between entities are described in text instead of encoded as edges in a graph. A
similar claim can be made for gene function annotations. If we accept this view, then
we can conclude that interactome data is the best single source of embeddings for per-
turbation response prediction. Performance trends are similar if we use lasso instead
of kNN regression (Figure 52). In addition, we consider an alternative (discrete) prob-
lem formulation based on differentially expressed gene (DEG) prediction (Figure S4).
See Supplemental Methods for details.

Biological foundation models for scRNA-seq, DNA sequences, protein sequences,
and protein structure all underperform the interactome-based embeddings. Among
these foundation models, STRING sequence and some expression-based models
(scGPT [30], AIDO.Cell [39]) perform best, and clearly outperform PCA. We note
that larger models (for example, ATDO.cell models with more parameters) perform
better, suggesting that model scaling may be useful for learning biologically relevant
gene embeddings.

The results vary by cell line, but some are surprisingly strong. For example, on
the K562 cell line the best embedding closes 77% of the gap between the train mean
and the estimated experimental error limit (Methods). These results are especially
impressive given that the predictive model is a simple kNN regression. The critical
factor seems to be the choice of FM.
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Fig. 1 Log fold change (LFC) regression results on the Essential dataset. Some embeddings consis-
tently perform better than others, and this seems to be primarily explained by the underlying data
modality. All results use kNN regression except for some baselines (Train Mean, No Change, Experi-
mental Error). We perform 5-fold cross-validation for each method, and each data point corresponds

to one fold. See Supplemental Results for metrics for over 600 models.

In total we tested more than 600 different models for this analysis and in general

we observe the same trend as seen in Figure 1.

2.2 Fine-tuning improves performance for some models

So far the analysis has focused on directly using embeddings from FMs (Methods).
While FMs can learn powerful representations of biology through large-scale pretrain-
ing, fine-tuning may further improve their performance [28, 30, 40]. To evaluate this
in the context of perturbation modeling, we fine-tuned two of the best performing
models from different categories (AIDO.Cell (3M) and STRING GNN) on the LFC
regression task on Essential (Figure 4).

Our results indicate that the success of fine-tuning is highly dependent on both
the architecture and the adaptation method employed. For AIDO.Cell (3M), the In-
Silico KO method (Methods) provided a significant performance boost, outperforming
both the kNN baseline and a nonlinear MLP ablation. This suggests that the model
is capturing task-relevant biological signals beyond simple embedding proximity. Con-
versely, the Indexing method for AIDO.Cell and our fine-tuning attempts for STRING
GNN resulted in performance degradation relative to frozen embeddings.

These discrepancies highlight a broader challenge in the field: the relatively small
scale of current perturbation datasets makes foundation models highly susceptible to
overfitting during fine-tuning. Leveraging fixed FM embeddings may currently be more

appropriate and robust for downstream biological modeling.
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Fig. 2 Distribution of rankings for each embedding over 20 trained kNN regression models (4 cell
lines, 5-fold cross-validation) for LEC regression. Note that the top 10 performing embeddings are all
derived from prior knowledge.
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Fig. 3 Clustermap of embedding source similarity computed via CCA. Embeddings derived from
the same types of information tend to be more similar, even if the models differ significantly.
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Fig. 4 LFC regression results on the K562 cell line in Essential. For AIDO.Cell (3M), one fine-
tuning method (in-Silico KO) improves performance and one fine-tuning method (Indexing) hurts
performance. As an ablation, we also consider an MLP which performs better than kNN but worse
than In-Silico KO fine-tuning. For STRING GNN, fine-tuning significantly degrades performance.
Methods are sorted by median L2 error over 5 folds. Train mean and experimental error are included
for reference.

2.3 Complex embedding translation methods do not
significantly outperform simple ones

The benchmarking results presented in Figure 1 use kNN for translating embeddings
to average expression change vectors (Methods). However, there have been several
suggestions in the literature for a different formulation based on modeling populations
of single cells [41-43].

To test these, we used our Essential benchmark to evaluate several distribution pre-
diction methods (Latent Diffusion [44], Flow Matching [45], Schrédinger Bridge [46]),
which predict distributions of perturbed cells given a perturbation embedding and a
collection of control cells. Note that there are specific applications of these ideas in
the context of perturbation modeling [41-43]. We do not consider these algorithms,
and instead study simple implementations of Latent Diffusion, Flow Matching, and
Schrodinger Bridge. This allows us to decouple the embeddings used for perturbation
conditioning from the generative model itself, enabling clear comparisons to the other
methods we consider in this work.

We evaluate these methods in the LFC regression formulation by reducing their pre-
dicted distributions to their means; full details can be found in Supplemental Methods.
In addition, we evaluated a published GNN-based perturbation model (GEARS). As
can be seen in Figure S14, none of these advanced methods outperform kNN combined
with our strongest embedding. This is especially notable for Latent Diffusion, Flow
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Matching, and Schréodinger Bridge since those methods start from the same embed-
ding as kKNN. These methods are significantly more computationally expensive and
difficult to tune (Methods). Our results suggest such methods currently they do not
provide much practical utility for the formulation of perturbation response prediction
we study here.

This work is primarily concerned with predicting the effects of unseen perturba-
tions in seen cell lines. Recent works like STATE [47] consider a different context:
predicting seen perturbations in cell lines for which limited data (few shot) or no data
(zero shot) is available. We thus also compared an embedding-based MLP approach
against STATE on the Essential (Figure S12) and Tahoe (Figure S13) datasets. The
embedding-based MLP performs similar to or better than STATE in 3 out of 6 dataset-
metric combinations we evaluate, improving on STATE by up to 64%. However, it does
not seem that the embeddings themselves are the primary reason for this performance
gain. In an ablation where we replace the embedding with a one-hot encoding of the
perturbation, the performance of our MLP does not change much in either dataset for
most metrics.

2.4 FMs can also improve small molecule perturbations
predictions

For genetic perturbation datasets like Essential, perturbations can be naturally repre-
sented by embeddings of genes or proteins. The picture is more complex for chemical
perturbation datasets like Tahoe (Figure S15). The traditional way to embed a
small molecule is to use the SMILES or graph representation of the molecule to
produce an embedding, either with a traditional feature encoding (e.g. Morgan finger-
prints [48, 49]) or a transformer-based encoder (e.g. ChemBERTa [36]). An alternative
is to represent a molecule by embedding its target (either the gene or a protein prod-
uct) with a foundation model. However, this requires additional information that is not
always available. A third approach is to take textual descriptions of the molecule from
a database (e.g. ChEMBL) and use an LLM to reduce that text to a single embedding.
Again, the utility of this depends on what information is available in databases.

We performed a comprehensive study comparing several traditional and FM based
methods using the Tahoe-100M dataset. These were evaluated in a benchmarking
setting similar to our Essential results. As before, the task is to predict the effect of
unseen perturbations. In the LFC regression formulation, we find that no embedding
convincingly outperforms the negative controls (Figure S5, Figure S6).

However, the DEG formulation of Tahoe shows that some embeddings clearly
outperform negative controls (Figure S7). As a category, target-based embeddings per-
formed best - simple target encodings, AIDO.Cell 100M, and scPRINT all performed
well. The best-performing molecular structure fingerprint (ECPF:2) fingerprint was
not far behind. The SMILES-based foundation models (with the exception of Mini-
Mol) tended to underperform, possibly due to the fact that they have mostly been
developed with chemical (not biological) applications in mind.

We repeated this analysis with the Sciplex-3 dataset. As in Tahoe, the signal in the
LFC regression formulation was minimal (Figure S8). However, the DEG formulation
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Fig. 5 LFC regression results for Essential. We compare the best unimodal embedding (WaveGC)
against the simple fusion model and the full fusion model. We include negative controls and positive
controls for context. Note that the fusion models are integrating all unimodal embeddings shown in
Figure 1.

fared only slightly better (Figure S10). This may be because Sciplex has far fewer
conditions for training than Tahoe.

2.5 Integrating embeddings from diverse FMs can further
improve performance

All of the results presented so far have used a single perturbation embedding at a
time to predict perturbation effects. However, objects like small molecules, genes,
and proteins are complex and multifaceted. Any given representation may capture
some aspects and neglect others. It therefore makes sense to integrate information
from different models and modalities. In this section, we introduce and evaluate
an attention-based model for integrating embeddings and predicting perturbation
response (Methods).

Our results for Essential in Figure 5 show that multimodal fusion always improves
over the best unimodal embedding, and that the more complex Fusion (Full) model
improves over the Fusion (Simple) model. In fact, for two cell lines (Jurkat, K-562) the
fusion result matches the estimated experimental error, which is the best achievable
performance. Fusion results for the other two cell lines are also better than a single
embedding, bridging 86% (Hep-G2) and 53% (hTERT-RPEL) of the gap between
random and the experimental error bound. Our embedding fusion method achieves
nearly maximal performance on Essential, so it may be necessary to create more
difficult train/test splits in future work. For the DEG formulation of Essential, we do
not see consistent gains for fusion (Figure S4).

For Sciplex and Tahoe, the LFC formulation seemed to show minimal signal so
we did not attempt to train fusion models in those contexts. However, we did train
simple fusion models for the DEG formulations (Figure S10, Figure S7). The fusion
performance was no better than random in this context.

3 Discussion

The use of FMs for perturbation prediction has received a lot of attention over the last
few years with contradictory findings. Here we performed a comprehensive analysis of
embedding-based perturbation response prediction for both genetic and small molecule
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interventions. As we showed, while some FMs fail to improve over simpler methods for
this task, others provide significant gains. Interactome based FMs, which are based
on the underlying networks activated in the cell, performed particularly well.

We also observe that predicting genetic perturbations is an easier task than pre-
dicting the impact of a small molecule intervention. This is true even when the target
is (assumed to be) known for the small molecule. This is may be due to the higher
specificity of genetic perturbations (i.e. small molecules are more likely to target mul-
tiple proteins or pathways). In addition, the search space of possible small molecules
is much larger (estimated to be ~ 1050 [50]) than the one we use for genes (which is
limited to ~ 2 x 10%). Further, we usually have much less information on the under-
lying interaction networks for small molecules which, as we showed, provide the most
valuable information for perturbation prediction.

While we observed that specific FM types outperform other types, integrating
several different types of FMs provided the most accurate predictions for genetic per-
turbation. This is consistent with prior works that have experimented with combining
two embeddings at a time [51, 52]. We have tested various strategies for integrating
many embeddings and shown that in some cases, embedding fusion is sufficient to
reach the estimated experimental error limit. In the small molecule setting, fusion of
FMs did not improve performance. We speculate that this results from the weak per-
formance of most individual embeddings and the potential to overfit when learning
the more complex fusion model with a smaller number perturbation-context pairs.

Our study provides strong support for the use of FMs for perturbation predic-
tion. Still, there are many open questions and potential research directions to improve
and follow up on the results we presented. One such direction relates to the type of
data that is most useful for perturbation prediction. As we showed, for genetic per-
turbations interactome data seems to be the most valuable. This should be taken into
account by organizations that are aiming to study and develop virtual cell models.
Specifically, this result indicates that data related to interactions in different contexts
(cell types, stages of development, diseases etc) would be a valuable addition to public
data sources, perhaps more than single cell expression data. For small molecule per-
turbations, we have consistently found that off-the-shelf small molecule embeddings
perform very poorly on our small molecule benchmarks. Many of these models were
trained to predict chemical properties, which may not connect closely to biological
function. The field seems to lack a standard foundation model for small molecules that
reflects biological function. Such a model may provide large benefits for predicting
small molecule perturbations.

Another way to improve the results is fine-tuning. We have already shown that fine-
tuning of individual models can improve results. Fine-tuning of integrated models may
improve performance further, but this is a much more challenging and computation-
ally demanding task. It remains to be seen if jointly fine-tuning multiple foundation
models in a fusion framework can lead to further improvements. The risk of overfit-
ting would be high without additional training data. To conclude, our comprehensive
analysis indicates that FMs are indeed pushing the boundaries of our ability to accu-
rately predict perturbations. Larger datasets and better FM methodologies may lead
to very accurate models for this task.

10
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4 Methods

4.1 Formulation of Log Fold-Change Regression
4.1.1 Notation

We start with a collection of N scRNA-seq profiles from a perturbation experiment in
which K different perturbations Py, ..., Px are tested. If we measure G genes for each
cell, our observed expression matrix can then be written X € RVXG. Let X; denote
the ith row of X. We assume each row X; has been total count normalized, scaled by
104, and loglp transformed. Let S°™ be the set of indices for rows of X corresponding
to control cells and let ST be the set of indices for rows of X corresponding to cells
receiving perturbation Py. Thus, [ST1] + ... 4+ |SFx| 4 || = N. Finally, we assume
our NN cells are partitioned into M batches based on some experimental condition. To
describe this, let S(b) be the set of indices of cells belonging to batch b. This means

that S0 |S(b)] = N. Let
By, = {b:]S(b) N S| > 0A|S(b) N S| >0} (1)

denote the set of batches containing both control cells and cells that received
perturbation Pg.

4.1.2 Definition of Ground Truth Labels

Our focus in this work is predicting the average treatment effect (ATE) of unseen
perturbations. To account for batch effects, we weight the contribution of each batch
equally. The result is a “batch aware” average treatment effect (BA-ATE). We use
two variants, depending on whether the dataset’s batches are typically large (> 100)
or small (< 100).

First, define the average control expression in batch b as

1
Yo = m Z X; (2)

i€ SeerNS (b)

where y, € R%. Similarly, define the average expression under perturbation P in
batch b as

1
!
Uk = o > X 3)
bk |5Pms(b)liespm(b) (

where y;, ;. € RE.

Throughout the paper we refer to the BA-ATE as “log fold-change” (LFC). This
is an abuse of terminology, but a useful one since BA-ATE is very similar in spirit.
The differences are that BA-ATE (i) includes a batch adjustment, (ii) uses a loglp
transform instead of a log transform, and (iii) performs averaging after the loglp
transform.

11
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Datasets with large batches (Tahoe, Sciplex, Norman). Large batches allow
us to accurately determine perturbation effects using perturbed and control cells from
the same batch. We define the BA-ATE for large batches as

(Yo, — Ub)- (4)

Datasets with small batches (Essential). When batches are small, estimates
of per-batch control expression are likely to be noisy. In this case, we first use all
batches (whether or not there are matched perturbed cells) to estimate the global
control expression for gene g:

M
Y= M Z Yo (5)
b=1
where iy € R“. Then we compute the BA-ATE for small batches as

1
A:—E L — . 6
k ‘Bk|beB Y — Y ()
k

4.1.3 Metrics

Let A, € RS be the vector of per-gene treatment effects for perturbation Pj. Let
A} € RY be some model prediction for the same quantity. Our default performance
metric is the simple L2 error, averaged over perturbations:

1 )
?ZHAk_AkH% (7)
k

In Figure S11 we also consider other standard metrics, including MAE, MSE,
Spearman correlation, and Pearson correlation.

4.2 Formulation of Differentially Expressed Gene (DEG)
Classification

4.2.1 Notation

We begin with the same perturbation experiment setting and notation described in
the LFC regression problem formulation in Section 4.1.1. We use parallel notation
where possible (e.g. Ay for the effect of perturbation Py) since the meaning is clear
from context.

4.2.2 Definition of Ground Truth Labels

In this problem formulation, we aim to predict the differential expression status of
each gene instead of the exact change in expression. We account for batch effects and
weight the contributions of each batch equally.
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For batch b, the differential expression results for perturbation Py are computed as
Yo = DE({X; :i € SN S(b)}{X; € S nS(h)}) (8)

where the DE operator performs an independent differential expression test for each
gene using the control cells {X; : i € SN S(h)} and the perturbed cells {X; €
SP=NS(b)}. This results in a vector y, ; € {—1,0,+1}, indicating whether each gene
is downregulated (—1), upregulated (+1), or not significantly different (0).

Datasets with large batches (Tahoe, Norman, Sciplex). After computing
per-batch differential expression vectors yp r, we we produce a final ground truth
perturbation effect Ay € {—1,0,+1}¢ for perturbation P by performing majority
vote over batches.

Datasets with small batches (Essential). For Essential, the batches are too
small to obtain meaningful per-batch differential expression results. We therefore
ignore batch structure when performing the differential expression testing, comparing
all perturbed cells to all control cells:

Ap =DE({X; :i€ S} {X; i€ ST, (9)

Implementation details. All differential expression results were computed using
Student’s t-test with Benjamini-Hochberg multiple testing correction across genes. We
used the implementation rank genes_groups from Scanpy. We discard all (perturba-
tion, batch) combinations with fewer than 30 cells. If no batches have more than 30
cells for a given perturbation, then that perturbation is discarded.

4.2.3 Metrics
We report macro F1 scores (Supplemental Methods).

4.3 Data

Here we describe the perturbation datasets used for embedding benchmarking.

For all datasets, we apply the same normalization scheme. We first normalize
total counts to led. We then apply the loglp transformation to each count. This
normalization is done as a preprocessing step, before all downstream calculations.

4.3.1 Norman

The Norman dataset is a genetic perturbation dataset (CRISPR activation, i.e. over-
expression of the target gene) in one cell line, K562 [4]. The genes selected for
perturbation were known to be involved in the regulation of cell growth. The dataset
contains both single and dual perturbations. We use only the 105 single gene per-
turbations. This subset of the Norman dataset has 8 large batches (13k+ cells each),
which are defined by GEM group.
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4.3.2 Essential

The Essential dataset is a genetic perturbation dataset (CRISPR knockdown) of over
2000 “essential” genes per cell line for four cell lines (2387 for Hep-G2, Jurkat, and
hTERT-RPE-1; 2054 for K-562.). There are 964451 single cells profiled. It has been
compiled from two independent publications from the same lab [53, 54]. The Essential
dataset has 56 small batches, which are defined by GEM group. There are 133784
unique (batch, perturbation) pairs, so on average there are 7.2 cells per perturbation
and batch.

Note that the Essential dataset undergoes special preprocessing for the cross-
context comparison with STATE (Supplemental Methods).

4.3.3 Sciplex

SciPlex3 [5] is a single cell chemical perturbation dataset. The raw expression matrix
contains 799,317 single cells and 110,983 gene features, reflecting the full unfiltered set
of detected transcripts. SciPlex3 profiles three human cancer cell lines: A549 lung ade-
nocarcinoma, MCF7 breast adenocarcinoma, and K562 chronic myelogenous leukemia.
Cells are treated with 188 distinct small molecule drugs as well as controls. Each drug
is applied at four concentration levels: 10 nM, 100 nM, 1000 nM, and 10000 nM. In
this work, we restrict the analysis to protein coding genes only. After filtering, the
dataset contains 18,590 protein coding genes, which are used for all downstream mod-
eling and evaluation. We further restrict all experiments to the highest dose level of
10000 nM for each drug. This dataset is organized into 52 medium sized batches, con-
sisting of 154.4 cells on average for each (plate, drug, dose) combination (of which
there are 4940).

4.3.4 Tahoe

The Tahoe-100M dataset is a chemical perturbation dataset generated by Tahoe Ther-
apeutics [55]. It contains ~100M cells and measures ~60k genes. The cells are from 50
cell lines and profile 379 drugs, each at 3 dose levels. We used the highest dose - 5 uM
- in our experiments. We excluded 5 cell lines (CVCL_1571, CVCL_1531, CVCL_1715,
CVCL_1577, CVCL_1716) because their control cells had unusually low total counts.
We also removed any compounds without SMILES string representations. The Tahoe
dataset has 14 large batches, which are defined by the plate on which the cells were
cultured. There are 15932 unique (plate, drug, dose) triplets, with an average of 6317.4
cell each.

Note that the Tahoe dataset undergoes special preprocessing for the cross-context
comparison with STATE (Supplemental Methods).

4.4 Compute

Many of the methods used, studied, and tuned in this work required significant com-
pute resources. Most notably, training and evaluating some of the advanced methods
for single cell expression matching (Latent Diffusion, Schrodinger Bridge) required
~1000 GPU-hours each. Other parts of the study that relied on extensive compute
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include the fine tuning of expression and interactome FMs and learning the integrated
fusion model. Overall the study required approximately 5500 GPU-hours (~7.6 GPU-
months). We used a combination of H100 and A100 GPUs for the work, depending on
availability.

4.5 Embeddings for Genetic Perturbation Modeling

In the context of genetic perturbation modeling, we embed perturbations by embed-
ding the gene that is being targeted. Below we detail the approaches we consider.

4.5.1 Expression

Unlike the other embedding categories, all of the expression-based gene embeddings
are contextualized in the sense that they are based on control cell data from a given
cell line.

Preliminaries: Fixed vs. variable gene set aggregation. The expression-
based FMs described below are used to map a collection of single cells X € RV*¢
to a collection of d-dimensional gene embeddings Z € R%*%. These single cells are
typically the control cells for a particular cell line.

For some models (AIDO.Cell, scGPT, scPRINT) the gene set is the same for every
cell. In this case, we obtain Z’ € RV*4X& and simply compute

1L,
Z = N;Z[z,;,;]. (10)

However, there are other models (Geneformer, TranscriptFormer) for which the
gene set used to encode a cell depends on the cell itself. Let Q4 C {1,..., N} be the set
of cell indices for which gene g is used to encode the cell (and thus an embedding for
g exists). As we iterate through cells, we obtain tuples (g, z;(g)) where g € {1, ..., G}
denotes a gene and z;(g) denotes the embedding of gene g from cell 7. Then we compute

2(g) = i' ) (11)

and form Z = concat([z(1), ..., z(IV)]. Thus, some gene embeddings may be more stably
estimated than others depending on the size of Q.

AIDO.Cell 3M/10M/100M [39]. AIDO.Cell is a family of transformer-based
cellular foundation models, pretrained on 50 million cells spanning a wide range of
tissues. AIDO.Cell performs dense self-attention over ~18,000 protein-coding genes,
producing a d-dimensional contextualized embedding for each gene for each cell. To
compute gene embeddings for a cell line, we compute the average gene embeddings
over all control cells. The gene set is fixed. We also consider the learned positional
encodings from the AIDO.Cell (3M) model as embeddings (called “Positional” in e.g.
Figure 1) - this ablation allows us to measure the marginal benefit of the transformer
layers.
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Geneformer [28]. Trained on 30 million cells and adopts a language-model-
inspired strategy. Instead of encoding all genes directly, it first ranks genes within
each cell by expression and selects the top 2048. These “top-ranked genes” are treated
as “tokens,” forming a cell-specific “sentence” that is processed by transformer lay-
ers. Given that this set of genes varies from cell-to-cell, we use the variable gene set
aggregation method described above.

PCA. A simple and natural way to produce gene embeddings is to perform PCA
on the cells in the control population. Formally, let X € RVNX% be a matrix of expres-
sion values for G genes over IV control cells for some cell line. Choose an embedding
dimension d. Then by performing PCA on X7 we can produce G embeddings of
dimension d.

scGPT [30]. A transformer-based foundation model trained on 33 million cells
that bins the expression values of genes before obtaining a gene-specific embedding
per cell. The gene set is fixed.

scPRINT [56]. A cellular foundation model trained on 50 million cells designed
to infer gene regulatory networks. It uses a bidirectional multi-head transformer and
optimizes a zero-inflated negative binomial loss. The gene set is fixed.

TranscriptFormer [57]. A generative, multi-species foundation model trained on
112 million single cells from 12 species. It uses a fixed context length of 2048 “genes”,
but this vocabulary varies depending on the species and context of the input. Given
that this set of genes varies from cell-to-cell, we use the variable gene set aggregation
method described above.

4.5.2 Prior Knowledge

DepMap [58]. An embedding may capture gene function without being useful for
predicting the effect of a gene knockout. For instance, consider a gene whose loss can
be compensated for by another. To construct embeddings that capture this sort of
information, we collect gene essentiality measurements for over 400 cell lines from the
DepMap Portal. This yields a matrix A € RV*E where N is the number of cell lines
and G is the number of genes for which essentiality scores are measured. To represent
a gene, we simply use the corresponding column z, = A[:, 7(k)] where 7(k) indexes
the gene corresponding to perturbation Pj.

GenePT [59]. GenePT produces gene embeddings by taking text descriptions of
genes from the biomedical literature and using an LLM (GPT-3.5) to extract embed-
dings of that text. We consider 6 variants of embeddings from GenePT, one based
on NCBI gene cards and UniProt gene descriptions and 5 based on gene ontology
information.

GenotypeVAE [60]. GenotypeVAE learns gene embeddings by training a vari-
ational autoencoder to learn latent embeddings of gene ontology annotation vectors.
The original GenotypeVAE was trained with a latent dimension of 10. For the embed-
dings in this work, we retrained the model with a latent dimension of 128 to increase
the capacity of the model. Additionally, we used the latest gene annotations from
Functionome [61] to encode genes. All hyperparameters were identical to those from
the original GenotypeVAE.

16


https://doi.org/10.64898/2026.02.18.706454
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.02.18.706454; this version posted February 19, 2026. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

STRING GNN. We train a simple graph convolution network with residual skip
connections using the link prediction objective on StringDB [62], a protein-protein
interaction network. Node embeddings are randomly initialized. We used around 300
Optuna trials to tune over layers (2, 4, 6, 8), dimensionality (128, 256), dropout (0,
0.1, 0.2), learning rate (1e-3, le-4), weight decay (0, 0.01), batch size (1024, 2048, 4096,
8192, 16384), StringDB graph filter threshold (0.6, 0.7, 0.8, 0.9), and layer type (Graph
Isomorphism Network (GIN), Graph Convolutional Network (GCN)). Optimal values
are underlined. We performed a 90:10 train to validation split of the StringDB edges
and selected the model with the lowest validation loss on the link prediction objective.

STRING Network [63]. Network-based embeddings were obtained by applying
weighted node2vec to species-specific STRING protein-protein association networks,
resulting in 128-dimensional node representations.

STRING Spectral. Starting from StringDB, we construct a weighted interaction
network using only the experimental, coexpression, and database channels. Interac-
tions were filtered to maintain a medium-confidence threshold, retaining only those
with a combined weight greater than 400. Using the SpectralEmbedding function
from scikit-learn, the resulting adjacency matrix was projected into a 128-dimensional
space. This spectral approach utilizes Laplacian eigenmaps to transform the graph’s
topological structure into Euclidean vectors, ensuring that proteins with functional
associations are positioned closely together in the embedding space.

WaveGC [64]. WaveGC is a wavelet-based graph convolutional network. We use
2 layers, 3 wavelet scales, and 7 Chebyshev terms. The model was trained using the
Adam optimizer with a learning rate of 1e-3 for 200 epochs. We select the model with
the best validation loss. We use early stopping with a tolerance of 30 epochs. The
model was trained on link prediction using the STRING network.

4.5.3 DNA

ATIDO.DNA [33]. We use the AIDO.DNA model to compute gene embeddings based
on the nucleotide sequence. For each gene, we run inference on a 4kbp window centered
at the transcription start site. This yields per-nucleotide embeddings, which are then
mean pooled to form gene embeddings.

4.5.4 Protein

In all cases below, multiple protein isoforms may be available for a given gene. In
such cases, the embedding for a gene is the mean over embeddings of corresponding
isoforms. For models that produce per-residue embeddings, protein embeddings are
produced by mean pooling over residues.

ATIDO.StructureTokenizer [65]. 300M parameter VQ-VAE model for protein
structure tokenization.

AIDO.ProteinIF-16B [66]. 16B parameter protein language model based on a
sparse mixture of experts.

AIDO.Protein-RAG-16B [35]. A multimodal protein language model that
integrates Multiple Sequence Alignment (MSA) and structural data.

ESM2 [34]. 15B parameter protein language model trained on single protein
sequences, without using MSA data.
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STRING Sequence [67]. Protein sequence embeddings from the ProtT5, an
encoder-decoder transformer model.

4.6 Embeddings for Chemical Perturbation Modeling

Molecular fingerprints. Fingerprints are fixed-length vector representations of
molecules, obtained by hashing the presence or absence of specific chemical substruc-
tures (e.g., circular subgraphs, paths, atom environments). They are fast to compute
and widely used in cheminformatics. We use several from RDKit [68]: MACCS,
Topological, SECPF, ECPF:2, Avalon, and ErG.

SMILES-based foundation models. These models - MiniMol [69], Chem-
BERTa [36], Uni-Mol [70], MolT5 [71] - are large pretrained transformers that
operate on either a SMILES string or a molecular structure graph. These models are
trained with different supervised and self-supervised objectives, including contrastive
learning between text descriptions of the drug and structure-based embeddings of
the drug (MoIT5), multi-target regression on chemistry-related labels from RDKit
(ChemBERTa-MTR, MiniMol), masked atom prediction (Uni-Mol), and masked
language modeling on the SMILES string (ChemBERTa-MLM),

Text embeddings. These embeddings (ChatGPT) use an off-the-shelf LLM (in
our case, text-embedding-3-small from OpenAl) to embed textual metadata. In
particular, we form a prompt that includes the name of the drug, the SMILES repre-
sentation, any known targets, the mechanism of action (if known), and clinical trial
status.

Target embeddings (FMs). Many small molecules have known or suspected
gene targets. To put this into practice for a given chemical perturbation dataset, we
first use an LLM to predict 3 genetic targets for each small molecule given the name
of the drug. (We make no claim about the accuracy of these targets - we simply eval-
uate their utility on the downstream task of perturbation response prediction.) We
use claude-4-sonnet-20250514. We then use expression FMs (scPRINT, AIDO.Cell
100M, TranscriptFormer) to embed those genes. For simplicity, we use the embeddings
derived from the Norman dataset. Using the control cells from the chemical pertur-
bation dataset itself may perform better. The embeddings of the three targets are
concatenated.

Target embeddings (ablation). As an ablation on the FM-based target embed-
dings, we also experiment with encoding the targets as binary vectors (1 if a gene is
a target, 0 otherwise; the number of genes is equal to the number of unique targets in
the dataset). This method is denoted Targets Binary (Name). We also try a weighted
version where we ask the LLM to return targets along with confidence weights: 1.0,
0.5, or 0.25. Then the target encoding replaces the “1” values with the correspond-
ing weights. This method is named Targets Weighted (Name). Finally, we also try
providing PubChem descriptions for each drug in addition to the drug name when
querying for targets. This results in the methods Targets Binary (Name, PubChem)
and Targets Weighted (Name, PubChem). We again use claude-4-sonnet-20250514
for target prediction.

Affinity-based embeddings. Boltz-2 [72] is an open-source implementation of
AlphaFold 3 that predicts 3D protein-ligand structures and estimates binding affinity.
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In this work, we used Boltz to develop embeddings of small molecules based on their
predicted interactions with various proteins.

For each small molecule, we co-folded and computed the predicted binding affinity
with a set of proteins. This allowed us to create a vector where each entry corresponds
to the predicted binding affinity between the molecule and a given protein. We can
treat this vector as an embedding of the small molecule.

We consider two variants: fragment-based embeddings and protein-based embed-
dings. See Supplemental Methods for details.

4.7 Perturbation Prediction Models
4.7.1 Positive Controls

To establish best case performance, we considered several positive control methods.

Idealized baseline. Let D € RX*% be the matrix of treatment effects for G genes
over K perturbations. Crucially, let these K perturbations include both the train and
test data. Choose an embedding dimension d. We perform PCA on D, resulting in K
embeddings of dimension d.

Intuitively, these embeddings directly encode the similarity between all perturba-
tions in the dataset, including the test set. Formally, the Eckhart-Young theorem [73]
implies that these are the d-dimensional embeddings that compress D optimally (in
terms of L2 error, and assuming a linear decoder). Note that nonlinear models could
in theory produce d-dimensional embeddings that compress D with lower error, but
even so we expect this baseline to be difficult to beat.

Experimental error. The idealized baseline described above ignores experimen-
tal noise. In this work we do not measure the true experimental error under repeated
experiments €. However, we do introduce a method to estimate a lower bound on
€true Using bootstrapping. (It is a lower bound because €4e would include the error
we estimate as well as other sources of error.) The basic idea is that the difference
between replicates of the same measurement (which we call “experimental error” in a
slight abuse of terminology) the minimum error we can reasonably expect to achieve
with any algorithm trained on that data.

Let X € RVXE be a matrix of expression measurements for G genes in N cells,
some of which receive a perturbation and some of which are control cells. Given control
and perturbed cells, we can compute the perturbation’s treatment effect which we will

call A € RE.
By sampling with replacement from X and repeating M times, we can create a
collection of M bootstrap samples {A], ..., A’,}. These samples can be transformed

to samples of the error in estimating y by computing
Serr = {IIA] = Allz, .., [ A) — All2}- (12)
The samples in S, approximate the distribution of the error in estimating y from

repeated experiments. Then we define €(q) - the experimental error at ¢ - to be the
gth quantile of Se,..
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For example, if a model’s prediction A satisfies |A — Ally < €(0.9), then the
experimental error is higher than the model’s error 10% of the time. We believe this
is a reasonable definition of predicting “within experimental error”. Throughout this
work we use ¢ = 0.9. In the same vein, we can recompute DEGs under resampling to
get a distribution of F1 scores and define a corresponding “experimental error” limit
for the DEG classification setting. In this case, since higher is better, we use ¢ = 0.1.

Note that in practice we perform a hierarchical bootstrap, where we bootstrap over
batches (Mouter trials) and cells within batches (Minner trials) with the total number
of trials being M = Myuter X Minner- See Supplemental Methods for details.

4.7.2 Negative Controls

To establish null performance, we considered several negative control methods which
we expect to work poorly.

Train Mean. For LFC regression, the Train Mean is a model that predicts the
mean response over all training perturbations. For DEG classification, the Train Mean
samples predictions from the distribution of classes observed for each gene in the
training set.

No Change. For any perturbation Py, this method simply predicts that P, has
no effect. That is, we predict Ay =0 for all k, meaning that the perturbed expression
was identical to control expression (in the LFC regression setting) or that no genes
are differentially expressed (in the DEG classification setting).

Random Embeddings. For each perturbation P (gene or small molecule), we
define a random embedding z; as follows. Given an embedding dimension d, we sample
for each perturbation an embedding z;, ~ Uniform([0, 1]¢). These embeddings carry no
information about true similarity between perturbations and therefore cannot enable
any generalization. Predictive models (e.g. kNN, Lasso) are fit using these embeddings
under our standard benchmarking protocol.

4.7.3 Classical Machine Learning Methods

We tested several standard machine learning models including lasso, linear regression,
and kNN regression. We detail our use of these models in Supplemental Methods,
where we discuss embedding evaluation protocols.

4.7.4 Advanced Perturbation Prediction Methods

In this section we describe the advanced perturbation prediction methods we evaluate
in this work. For consistency, all models are evaluated using our LFC regression formu-
lation, even those that make single-cell predictions (Latent Diffusion, Flow Matching,
Schrodinger Bridge). For each perturbation, control cells are sampled within each
batch and passed through the model conditioned on the perturbation embedding to
generate predicted perturbed single-cell profiles. These predictions are averaged to
form per-batch predicted pseudobulks, which are then averaged across batches. The
final prediction for each perturbation is obtained by subtracting the global control
pseudobulk from the batch-averaged predicted pseudobulk, resulting in predictions Ay,
for each perturbation Pj.
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GEARS. GEARs [27] is a graph neural network where the edges are constructed
roughly based on cell-ontology. Specifically, there is a cell-state encoder that is a GNN,
and a perturbation encoder that is also a GNN. The training scheme is that one cell
is sampled from the control distribution, and the two GNNs are used to predict the
gene expression of the perturbed cell. This model is trained on one cell type at a time.

Latent Diffusion. Diffusion models are a powerful class of generative models
that learn to iteratively transform a Gaussian random vector into a high quality data
sample [44, 74]. (If we perform modeling in a latent space instead of data space, this is
termed latent diffusion.) Applications to perturbation modeling include Squidiff [42]
and dbDiffusion [75].

In general, diffusion models have a forward and reverse process. In the forward
process, a data sample xg has small amounts of noise progressively added until the data
sample is fully transformed into a Gaussian random noise sample zp after T steps. In
the reverse or generative process, the model Py(z;_1|z;) learns to predict 21 from z;
by training a neural network (parameterized by ) to predict the noise that was added
to xo to produce x;. At prediction time, the generative model is iteratively applied
to new Gaussian noise samples to generate data samples. Generation is conditioned
on an embedding of the perturbation being applied. See Supplemental Methods for
implementation details.

Flow Matching. Flow Matching models can be seen as a generalization of dif-
fusion models where, instead of transforming a sample from a Gaussian distribution
to the data distribution, the sample can be transformed from one arbitrary distribu-
tion to another [45]. Applications in perturbation modeling include CellFlow [41] and
CellFlux [76].

In Flow Matching, the model is trained to learn the vector field between two
distributions by sampling linear interpolants during training. Specifically, for each
training sample, zo is sampled from the start distribution, x; is sampled from the
target distribution, and ¢ € [0, 1] is a sampled time point. A linear interpolant is drawn
between the samples x; = (1 —t)*xzo+t*x1 and a derivative is calculated at the point
dzy/dt = x1 — x9. The model is trained with the mean squared error (MSE) objective
to predict the velocity dz;/dt from z; and t. At prediction time, Flow Matching uses
ODE solvers to transform the start distribution into the target distribution according
to the vector field learned by the model. Generation is conditioned on an embedding of
the perturbation being applied. See Supplemental Methods for implementation details.

Schrédinger Bridge. Schrodinger Bridge models are a further generalization
of diffusion and Flow Matching models that draws from the strengths of both [46].
This method has been applied to perturbation modeling in DEPARTURES [77] and
ARTEMIS [43]. Schrodinger Bridge models allow for arbitrary distribution to arbitrary
distributions (like Flow Matching) but are stochastic in nature (like diffusion). We
adopt the implementation of simulation-free Schrodinger Bridge models from Tong
et al. [78], which builds on the aforementioned diffusion and Flow Matching models.
Generation is conditioned on an embedding of the perturbation being applied. See
Supplemental Methods for implementation details.

STATE. STATE [47] is a large transformer-based model trained using 100M per-
turbed cells. The model was developed for cross-context prediction, i.e. predicting
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the effect of perturbations seen during training in cell lines not seen during training.
STATE operates at the level of cell populations, consuming a set of control cells and a
perturbation encoding and predicting a set of perturbed cells. Implementation details
for our analysis of STATE can be found in Supplemental Methods.

4.8 Fine-Tuning
4.8.1 AIDO.Cell

Formulation (Indexing). Here we describe our approach to fine-tuning an
AIDO.Cell model on the LFC regression task. Recall that we aim to predict Aj € R,
which is defined to be the vector of observed treatment effects for perturbation Pj.
Let X € RB*E denote a batch of B control cell scRNA-seq profiles measured
over G’ genes. (Note that in general, it is not necessary to have G = G’.) Let
fo : RBXG" 5 RB*G'xd denote the AIDO.Cell encoder (parameterized by ), which
consumes a batch of scRNA-seq profiles and produces a d-dimensional embedding for
each gene and cell. Let’s define a function m to compute the mean over the batch
dimension and define Fy(X) = mo fo(X) € RS %4, Finally, we introduce a prediction
head (e.g. a linear layer or an MLP) gy : R? — RY. We then define our perturbation
response predictor as

AP® = g4 0 (Fo(X)[7(k),:]) € RE (13)

where 7(k) indexes the gene corresponding to perturbation Py. To fine-tune, we use
stochastic gradient descent to optimize

argmin, o[|A77 — Ag|.. (14)

Note that training was performed using data from only a single cell line, so the
target output remains fixed regardless of the batch. A natural extension for future
work would be to fine-tune across multiple cell lines so the model learns to differentiate
perturbation effects in a cell type specific manner.

Formulation (In-Silico KO). Let y € RS’ denote the average expression over
all control cells. Suppose we want to make a prediction for perturbation Py. Let 7(k)
give the gene index corresponding to perturbation Py. Let @ € 0, 1% be a masking
vector such that Q[i] = 0 if i = 7(k) and Q[i] = 1 otherwise. Let fy : RS’ — RE x4
denote the AIDO.Cell encoder (parameterized by 6). Let g4 : R? — R be a prediction
head (parameterized by ¢). Then we compute

AY? = g4 0 fo(Qy)][n] (15)

where 1 € R is a set of indices that pick out the genes we want to predict. We then
optimize

argmin(b’e”Af’g — Aglla- (16)
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Implementation details. For indexing mode, we implement g, as an MLP with
two hidden layers of sizes 1024 and 2048. For in-silico KO, we implement g, as an
MLP with two hidden layers of sizes 64 and 32. We trained using LoRA for 20 epochs
for indexing mode and 250 epochs for in-silico KO. Both models seem to have trained
to convergence. We use a batch size of 8. In each batch, we randomly select 8 pertur-
bations to update. The only hyperparameter optimization we performed was tuning
the learning rate, which we tuned over {1le-2, le-3, le-4, 1e-5} using the validation set.
We explored both the Adam and Muon optimizers but did not observe a significant
difference in performance. Within each of the 5 folds, we took 20% of the training
data for validation.

4.8.2 STRING GNN

Formulation. We aim to predict observed treatment effects A, € RS for a per-
turbation Py. Let W denote a graph over G’ genes, with some node embeddings of
dimension d’. Let fy : RG> — RG'*d denote our GNN, parameterized by 6. Let
96 : R? — R% be a prediction head, mapping a gene embedding to an estimate Ay of
Ay. Define Fy(k|W) = fo(W)[r(k),:] where 7(k) provides the index corresponding to
perturbation Py. Then our prediction for perturbation Py is

AP = g4 0 Fy(k|W). (17)
The training objective is
. A 6,0
argming o[|A7 — Ag|la. (18)

Implementation details. We initialize fy as the STRING GNN model we used
to generate embeddings, which was selected using the validation performance on the
link prediction task. We let g4 be a linear projection. We follow the same 5-fold cross-
validation splits used throughout the paper for Essential. For each fold, we split off
10% of the training perturbations for a validation set and train on the rest. We tune
the learning rate (le-3, le-4, le-5) and batch size (16, 32, 64) and select the model
with the lowest validation loss. The optimal hyperparameters for each split can be
found in Table S3.

4.9 Integrating FMs to Predict Perturbation Results
4.9.1 Preliminaries

Let Eyx C E denote the set of embedding sources that are valid for perturbation Py,
where E = {1,...,J} is the set of all possible embedding sources. Let Z; = {z,(f) :

e € Ey} denote the set of valid embeddings for perturbation Py, where z,(:‘) € R,
Typically Ej is a strict subset of E. (For example, in the genetic perturbation setting
we might use a scRNA-seq FM as one gene embedding source e. But if the gene
corresponding to Py was not used when training the FM, then z,(:) is not defined.) Let
L be the total number of cell lines under consideration. Note that some embeddings are
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cell-line specific, so in general we should write Z;; to acknowledge this dependence.
We omit this unless necessary for clarity.

4.9.2 Simple Fusion Model

The aim of our embedding fusion model is to use the set of embeddings Zj, to predict
the observed treatment effect Ay, (for either the LFC regression or DEG classification
case). We propose an attention-based fusion head for integrating embeddings, which
we describe below. This model is trained jointly over multiple cell lines.

Architecture. In the first stage of our model, each embedding z,ie) is passed
through a preprocessing stage:

Qi = {Dropout(fore)(2”),p = 0.1) : e € By} (19)

where f () : R — R is a per-source projection model which maps embeddings of
type e from dimension d. to a common dimension d. We parameterize the cell line
using a learnable, randomly initialized vector zjpe € R?, which is preprocessed as

Giine = Dropout(LayerNorm(2jine ), p = 0.1). (20)
We also create a CLS token gcrs. We form our input set for perturbation Py as

Skt = Qr U{gcLs} + Giine() (21)

where addition is performed elementwise. Note that we do not explicitly inject source
identity information into these tokens because the bias terms in the models fy(.) are
able to perform that function.

Let Tp : RI*4 — RIL*4 denote a transformer model and let g; : R? — RY
denote a prediction head. We integrate information across embeddings by computing
R = Ty(Sk,). Finally, we make predictions as A, = go(roLs) where ropg is the
contextualized output (and thus a row of R) corresponding to gcrs.

Implementation details. We fix the transformer’s dyoqe1 = d = 100 and use
5 attention heads. We train with an L2 loss using a batch size of 64 and the Adam
optimizer. We use Optuna to tune over the depth of Ty (ranging from 1 to 8 layers)
and the learning rate (ranging from le-5 to le-3, searching logarithmically). We tune
on one fold and use the same hyperparameters for all other folds.

We also tune over a binary variable that toggles between the “global” cell line
injection style presented above and an alternative approach where we append the cell
line token to the input set. For the LFC regression setting on Essential (where fusion
was quite successful), we found that the former consistently worked better than the
latter.

We used 100 Optuna trials for all cases except Tahoe DEG, where we stopped
tuning after 50 trials. In Tahoe DEG, we observed no improvement past the 22nd trial.
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4.9.3 Full Fusion Model

This model is applied only to the Essential LFC task since other datasets did not
show improvements with the simple fusion model. It is generally more complex and
harder to tune, but it demonstrates that architectural innovations are available that
can push the performance of multimodal fusion higher. This model is trained jointly
over multiple cell lines. See Supplemental Methods for complete details.
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