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Abstract

High-throughput screening techniques, such as microscopy
imaging of cellular responses to genetic and chemical
perturbations, play a crucial role in drug discovery and
biomedical research. However, robust perturbation screen-
ing for de novo cell lines remains challenging due to the sig-
nificant morphological and biological heterogeneity across
cell lines. To address this, we propose a novel frame-
work that integrates external biological knowledge into
existing pretraining strategies to enhance microscopy im-
age profiling models. Our approach explicitly disentan-
gles perturbation-specific and cell line-specific representa-
tions using external biological information. Specifically, we
construct a knowledge graph leveraging protein interaction
data from STRING and Hetionet databases to guide models
toward perturbation-specific features during pretraining.
Additionally, we incorporate transcriptomic features from
single-cell foundation models to capture cell line-specific
representations. By learning these disentangled features,
our method improves the generalization of imaging models
to de novo cell lines. We evaluate our framework on the
RxRx database through one-shot fine-tuning on an RxRx1
cell line and few-shot fine-tuning on cell lines from the
RxRx19a dataset. Experimental results demonstrate that
our method enhances microscopy image profiling for de
novo cell lines, highlighting its effectiveness in real-world
phenotype-based drug discovery applications.

1. Introduction
Cellular responses to genetic and chemical perturbations
support drug discovery and biomedical research by provid-
ing critical insights into disease mechanisms and therapeu-
tic treatments [40, 42, 53]. In particular, fluorescence mi-
croscopy image analysis—the process of extracting mean-
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Figure 1. Microscopy image perturbation screening and transfer to
de novo cell lines. Our method integrates biological priors, includ-
ing protein interactions and cell line gene expression, to improve
model robustness.

ingful information about cellular responses from fluores-
cence images captured by a microscopy—facilitates the
identification of novel drug candidates and the prediction
of treatment outcomes, extending beyond traditional target-
based drug discovery approaches [29, 41]. With advance-
ments in high-throughput screening (HTS) techniques, we
can now capture large-scale microscopy data about cellular
morphology [6, 10, 46]. On the other hand, machine learn-
ing (ML) techniques have evolved rapidly to enable more
accurate and scalable image analyses [8, 16, 24]. Together,
these advancements are transforming phenotype-based drug
discovery by enabling more comprehensive, data-driven ap-
proaches to understand cellular behavior and identifying
promising therapeutic treatments [17, 35, 43]. With the
vast availability of microscopy data capturing cellular re-
sponses, pretraining has emerged as a dominant approach
in deep learning for microscopy image analysis. By train-
ing on large-scale microscopy datasets before fine-tuning
on specific tasks, pretrained models can leverage learned
generalizable features to enhance performance in special-
ized applications, such as perturbation screening [37, 46]
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and mechanism of action identification [28, 43]. While pre-
training strategies have successfully expanded microscopy
image analysis to de novo genetics and chemical perturba-
tions, existing methods are not designed to handle de novo
cell lines. Given the inherent challenges of in vitro perturba-
tion screening—such as high costs and the labor-intensive
nature of data collection [27, 33]—developing computa-
tional models which are robust to cell heterogeneity is cru-
cial. In this work, we address this limitation by focusing on
conducting perturbation screening for de novo cell lines, as-
sessing the generalization capabilities of microscopy image
analysis across previously unseen cell lines.

Existing pretraining strategies for fluorescence mi-
croscopy images, such as weakly supervised learning
with chemical and genetic perturbation labels [37] and
self-supervised methods like masked autoencoders (MAE)
[28] and self-distillation (DINO) [44], have demonstrated
promising results in perturbation screening for de novo per-
turbations. However, leveraging these pretrained models for
perturbation screening in de novo cell lines remains chal-
lenging due to the significant morphological and biological
heterogeneity across cell types. To enhance model general-
ization to de novo cell lines, we hypothesize that the model
must explicitly capture cell line-specific and perturbation-
specific information during pretraining. To achieve this,
we propose integrating external biological knowledge to
guide the model in learning disentangled representations,
as illustrated in Figure 1. First, we incorporate transcrip-
tomic information from diverse cell lines using gene-gene
relationships aggregated from multiple databases, includ-
ing STRING [48] and Hetionet [26], which provide a com-
prehensive resource of protein-protein interactions (PPIs)
across multiple organisms. By constructing a knowledge
graph where microscopy images serve as nodes and PPI
relationships define edges, our approach helps the model
focus on perturbation-specific patterns during pretraining.
Second, to ensure explicit cell-specific representation learn-
ing, we leverage a single-cell foundation model [15, 22, 32]
to encode RNA-seq data from each cell line and integrate it
into the microscopy image analysis. By fusing perturbation-
specific features extracted from microscopy images with
cell line-specific information derived from the single-cell
foundation model, our approach enables the model to learn
robust features, improving its generalization to de novo cell
lines and facilitating accurate, biologically meaningful per-
turbation screening.

We evaluate the effectiveness of our proposed method
for perturbation screening on two RxRx1 datasets: RxRx1
and RxRx19a. Our focus is on the de novo cell line setting,
where the cell lines in the training and testing sets do not
overlap. Specifically, we pretrain our model on one sub-
set of RxRx1 and evaluate it on a distinct partition of that

1https://www.rxrx.ai/datasets

dataset, as well as on RxRx19a. To ensure no overlap, we
split the RxRx1 data by cell lines, guaranteeing that those
in the testing set are absent from the training set. For eval-
uation on the RxRx1 dataset, the model must learn robust
imaging features to generalize its predictions to unseen cell
lines. The evaluation on the RxRx19a dataset presents an
even greater challenge, as the model must handle both the
de novo cell line scenario and the heterogeneity in imaging
protocols between the two datasets.

In summary, our contributions include:
• We introduce a realistic but more challenging setting for

microscopy image profiling and establish a benchmark
for pretraining methods using RxRx database.

• We propose a novel approach that integrates biological
knowledge to guide microscopy image profiling models
to learn robust imaging features that help them to gener-
alize their predictions performance to de novo cell lines.

• Through extensive experiments2, we demonstrate that our
method significantly improves existing pretraining strate-
gies for perturbation classification on de novo cell lines,
underscoring its potential impact on drug discovery.

2. Related Work
2.1. Cellular Response Data
Cellular response data serve as a critical resource in drug
discovery and have garnered significant attention in recent
years [21, 51, 54]. Advances in HTS have enabled the
collection of massive datasets that capture diverse cellu-
lar responses to various perturbations. For example, cel-
lular gene expression data, such as those generated by the
L1000 platform, provide bulk measurements that reflect av-
erage transcriptional changes across cell populations under
different treatments [45]. More recently, image-based as-
says have emerged as a powerful approach to capture phe-
notypic responses at a high resolution. Techniques like Cell
Painting generate fluorescent microscopy images that reveal
a wealth of morphological information, including changes
in cell shape, texture, and subcellular organization [6, 10].
These images document cellular responses to various per-
turbations, ranging from genetic modifications to chemical
treatments. The integration of these cellular datasets has
opened new avenues in drug discovery, facilitating appli-
cations such as target identification [2, 28], mechanism-of-
action studies [23, 31], and the development of predictive
models for drug efficacy and toxicity [19, 52].

2.2. Microscopy Image Representation Learning
Microscopy image representation learning is a critical step
in phenotype-based drug discovery, as it enables the extrac-
tion of meaningful features from perturbation images that

2https://github.com/The-Real-JerryChen/BioMicroscopyProfiler
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Figure 2. Overview of our proposed method. The upper section illustrates the baseline framework for perturbation screening based on
microscopy images. The bottom right section details the construction of the perturbation relational graph and the two graph regularization
losses based on it, where each node in the graph represents a perturbation gene. The bottom left part demonstrates how we learn cell
line-specific features and then incorporate them into the image encoder.

reflect underlying cellular responses [9, 49]. Traditional
methods, such as CellProfiler [36], rely on classical im-
age processing techniques. In recent years, deep learning-
based representation learning has emerged as a promising
alternative. One notable approach employs weakly super-
vised learning with a causal interpretation, leveraging a
large, diverse multi-study dataset to disentangle confound-
ing factors from phenotypic features [37]. In parallel, self-
supervised learning techniques popular in computer vision,
for example contrastive learning [11], masked autoencod-
ing [25], and self-distillation [7], have been successfully
adapted to microscopy image analysis, enabling robust fea-
ture extraction from large-scale unlabeled datasets. Addi-
tionally, several multimodal approaches have been proposed
[31, 43]; for example, Fradkin et al. [18] propose learning a
joint latent space that aligns chemical structure and cellular
image, overcoming challenges such as batch effects and in-
active perturbations. Another line of work in microscopy
image analysis has focused on image generation [5, 38].
For example, researchers have applied generative adversar-
ial networks and flow-based models to generate images that
simulate novel perturbations.

3. Methodology

3.1. Problem Setting
In this study, we focus on microscopy image analysis on
de novo cell line setting, where we aim to pretrain image
encoding models such as Vision Transformer (ViT) [16] on
cellular images associated with a set of training cell lines,
denoted as Ctr, and evaluate their performance on a distinct
set of testing cell lines, Cte, ensuring that Ctr ∩ Cte = ∅.
This setup allows us to assess the generalization capabilities

of the pretrained models when applied to unseen cell lines.
We specifically focus on the task of perturbation screen-
ing, where the objective is to predict perturbations based
on corresponding microscopy images, a critical application
in pharmaceutical research [1, 30].

3.2. Proposed Method
3.2.1. Overview
Our proposed method enhances model pretraining by incor-
porating biological knowledge, enabling the learning of ro-
bust visual features from cellular microscopy images while
seamlessly integrating with existing pretraining approaches
such as MAE [25] and BYOL [20]. Specifically, we
leverage gene-gene relationships from external databases
to construct a knowledge graph, guiding the model to cap-
ture perturbation-specific information. Simultaneously, we
introduce cell line-specific transcriptomic tokens, derived
from RNA-seq data using a single-cell foundation model
[15, 32], to encode cell line-specific characteristics. These
biologically informed components enable a more structured
and meaningful feature representation, ultimately improv-
ing perturbation screening in de novo cell line setting. In
the following sections, we provide detailed descriptions of
these two key components.

3.2.2. Learning perturbation-specific representation
Ideally, a vision encoding model should learn to extract
perturbation-specific information from microscopy images
to accurately predict the perturbation that induces a given
cell morphology. However, due to the limited number of
cell lines in the training set, the model may instead rely on
spurious features—cell line-specific information that corre-
lates with the labels in training data but lacks a true causal
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relationship with perturbation effects [50]. This reliance
on spurious correlations hampers the model’s generaliza-
tion, leading to performance degradation when applied to
de novo cell lines. To address this issue, we propose incor-
porating external biological knowledge during model pre-
training to explicitly guide the vision encoding model to-
ward perturbation-specific features. Specifically, we con-
struct a perturbation relational graph, where each node rep-
resents a genetic or chemical perturbation from cellular mi-
croscopy imaging datasets, and edges between nodes en-
code similarity weights. The motivation behind this graph
is to enable the model to leverage relationships between
similar and dissimilar perturbations, improving predictive
accuracy while ensuring robustness across different cell
lines. Additionally, this biological knowledge is inher-
ently transferable, facilitating generalization to de novo cell
lines. The edge weights between perturbation nodes are
derived from well-established biological resources such as
STRING [48] and Hetionet [26], which capture diverse bio-
logical relationships, including protein-protein interactions,
co-expression patterns, and shared functional pathways. In
our constructed graph, each perturbation node is assigned
a feature vector extracted from the corresponding cellular
image, providing a structured and biologically meaningful
representation. A formal definition of the perturbation rela-
tional graph follows, with further details on biological data
sources and graph construction described in Section 4.1.

Definition 3.1 (Perturbation Relational Graph). The per-
turbation relational graph G = (V, E ,W, ψ) is a struc-
tured representation of perturbations in cellular microscopy
datasets, designed to capture relationships between differ-
ent perturbations. Here, V denotes the set of perturbations
extracted from microscopy images, while E represents the
set of edges that connect related perturbations. The set of
edge weights, represented by W , quantify the intrinsic sim-
ilarity between perturbations based on biological knowl-
edge. Additionally, ψ : V → Rd is a mapping function
that assigns each perturbation v ∈ V a feature vector fv ,
extracted from its corresponding microscopy images.

To guide the vision encoding model in capturing
perturbation-specific signals, we introduce two regulariza-
tion techniques applied to the extracted visual features:
graph Laplacian regularization and graph node con-
trastive learning. Let F ∈ R|V|×d represent the matrix
of node features, where each row fvi

∈ Rd corresponds to
the feature representation of perturbation vi ∈ V . We de-
fine the degree matrix D ∈ R|V|×|V| with diagonal entries
Dii =

∑
j∈V wij , where wij denotes the edge weight be-

tween nodes vi and vj . The Laplacian regularization loss is
formulated as:

Llap = tr
(
F⊤(D −W )F

)
,

where tr denotes the trace operator. This loss enforces
feature similarity between strongly connected perturbations
(i.e., those with larger edge weights), ensuring that the
learned embeddings reflect underlying perturbation rela-
tionships. In parallel with the graph Laplacian regulariza-
tion, we employ a graph node contrastive loss on the pertur-
bation relational graph to enhance perturbation-specific rep-
resentations. For each perturbation vi, we define its neigh-
borhood N (i) as the set of perturbations with stronger edge
weights relative to vi, while treating all other perturbations
as negative examples in a contrastive learning framework.
The contrastive learning loss is formulated as:

Lcon =
1

|N (i)|
∑

vj∈N (i)

log
exp

(
sim(fvi , fvj )/τ

)∑
k∈V exp

(
sim(fvi , fvk)/τ

)
where sim(·, ·) represents a similarity measure (e.g., cosine
similarity), and τ is a temperature hyperparameter that con-
trols the sharpness of similarity scores. This loss encour-
ages the model to bring feature representations of biologi-
cally related perturbations closer together in the latent space
while pushing apart those of unrelated perturbations. In
our study, we experiment with both graph Laplacian reg-
ularization and contrastive learning to assess their ability
to guide the vision encoding model toward perturbation-
specific information. Since graph characteristics such as
density and connectivity can vary across datasets, the rel-
ative effectiveness of these regularization techniques may
depend on dataset-specific properties. We further analyze
these effects in Section 4.3.2. In addition, we demonstrate
that the regularization losses (i.e., Llap and Lcon) defined on
the perturbation relational graph implicitly minimizes the
intra-class distances within the same perturbation category,
thereby facilitating more effective perturbation screening.

Proposition 3.1. Let ϕ : X → Rd be a vision encoding
model that maps each cellular microscopy image x ∈ X to
a feature vector. For a given perturbation v ∈ V , we denote
Xv ⊂ X as the set of replicate images corresponding to
v, and define the perturbation node feature as the averaged
visual features over the images: fv = 1

|Xv|
∑

x∈Xv
ϕ(x).

Given a perturbation relational graph where each node
v ∈ V is assigned the feature ψ(v) := fv , then minimizing
the graph regularization loss implicitly minimizes the intra-
class distance 2

|Xv|×(|Xv|−1)

∑
x,x′∈Xv

∥ϕ(x) − ϕ(x′)∥ for
each perturbation v.

The overall objective function for the pretraining stage
is formulated as a weighted combination of the stan-
dard pretraining loss—specific to the chosen pretraining
method—and the graph regularization loss, either Laplacian
regularization (Llap) or contrastive learning loss (Lcon). This
combined objective ensures that the vision encoding model
not only learns rich visual features from microscopy images
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but also aligns these features with biologically meaningful
perturbation relationships. By incorporating graph-based
regularization, the model is guided to focus on perturbation-
induced cellular responses rather than spurious correlations,
ultimately improving generalization to de novo cell lines.
In Section 4.1.2, we provide a detailed explanation of how
the graph regularization loss is integrated with different pre-
training methods.

3.2.3. Learning cell line-specific representation
Cell lines inherently exhibit substantial morphological and
transcriptomic heterogeneity, manifesting in differences in
cell shape, size, nucleus-to-cytoplasm ratio, and the spatial
organization of intracellular organelles [34]. Additionally,
each cell line possesses a unique gene expression profile and
signaling pathway activity, leading to varied responses to
identical perturbations [53]. If a model relies solely on cell
line-specific information for prediction, it will fail to gener-
alize to de novo cell lines, as such information is not trans-
ferable across cell lines. However, completely disregard-
ing cell line-specific information can also lead to subop-
timal model performance, particularly when perturbation-
specific signals are insufficient for accurate predictions. In
such cases, leveraging cell line-specific information can ac-
tually enhance generalization performance. The primary
challenge lies in deriving useful cell line-specific represen-
tations for previously unseen cell lines. To address this, we
fine-tune a single-cell foundation model (scFM) [15, 32] to
extract informative transcriptomic features tailored to each
cell line. We begin by collecting RNA-seq data for cell lines
in both the training set (Ctr) and the test set (Cte) from the
basal gene expression dataset of human-derived cell lines in
the GSE portal [3], selecting k highly variable genes. Let
Ec ∈ Rk denote the gene expression vector for a given cell
line c ∈ Ctr ∪ Cte. We then fine-tune a pretrained scFM on
a cell-type annotation task, resulting in a refined cell line-
specific representation:

hc = scFM(Ec).

This transformation effectively converts high-dimensional,
sparse RNA-seq data into a compact, information-rich em-
bedding. By incorporating these refined cell line-specific
representations, our approach balances the need for gener-
alization while leveraging biologically relevant information
to enhance predictive performance.

3.2.4. Integrating perturbation-specific and cell line-
specific Information

Inspired by the training paradigm of vision-language mod-
els, we conceptualize perturbation-specific and cell line-
specific information as sequences of tokens and integrate
them using a ViT during pretraining. Specifically, given
a cell line-specific representation hc, we first transform it

Figure 3. Comparison of cellular phenotypes in response to the
same genetic perturbation (gene GAA) across different cell lines.

into a sequence of m transcriptomic tokens, denoted as
T c = [tc1, . . . , t

c
m], as illustrated in the lower left part of

Figure 2. These cell line-specific tokens are then prepended
as a prefix to the sequence of perturbation-specific image
tokens T p = [tp1, . . . , t

p
n], forming a unified input for the

vision encoding model:

z = ViT([T c, T p]), z = [z1, z2, . . . , zm+n].

Here, the image tokens zm+1, . . . , zm+n are averaged to ob-
tain the final visual representation, which is subsequently
used for downstream prediction tasks. This token-based
fusion mechanism enables the model to jointly process
perturbation-specific and cell line-specific information, en-
hancing its ability to learn biologically meaningful repre-
sentations that generalize across diverse cell lines.

4. Experiment
We empirically evaluate the effectiveness of our approach
for the perturbation screening task in a de novo cell line
setting using two large-scale cellular microscopy imaging
datasets: RxRx1 [46] and RxRx19a [14]. Our evaluation
follows a structured approach: first, we benchmark the per-
formance of existing pretraining methods on microscopy
images to establish a baseline. Next, we demonstrate the
impact of incorporating our proposed method, which inte-
grates biological knowledge during model pretraining, to
enhance robust representation learning. Furthermore, we
conduct a systematic analysis to disentangle the contri-
butions of graph regularization loss and cell line-specific
representation derived from single-cell foundation models,
providing deeper insights into their respective roles in im-
proving model generalization to unseen cell lines.

4.1. Experimental Setup
4.1.1. Datasets
Microscopy Imaging Datasets. RxRx1 consists of high-
throughput microscopy images capturing a diverse range of
genetic perturbations across multiple cell lines. For our ex-
periments, we select the HUVEC, RPE, and HepG2 cell
lines for pretraining and fine-tune the model on the U2OS
cell line to assess generalization. In contrast, RxRx19a is
the first microscopy imaging dataset designed to study the
rescue of COVID-19-induced morphological effects, con-
taining images from the HRCE and Vero cell lines under
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Pretrain Cell Line U2OS (RxRx1) HRCE (RxRx19a) VERO (RxRx19a)
Metrics Top-1 Top-5 Top-1 Top-5 Top-1 Top-5

None Baseline 0.09± 0.02 0.47± 0.12 0.07± 0.00 0.33± 0.01 3.21± 0.02 16.02± 0.23

WSL [37, 46] baseline 4.12± 0.10 8.84± 0.35 3.57± 0.19 8.73± 0.42 34.11± 1.41 72.26± 2.24
Ours 4.79± 0.16 9.60± 0.16 4.24± 0.19 9.78± 0.38 38.95± 2.61 75.89± 2.36

SimCLR [4, 39] baseline 4.22± 0.20 8.57± 0.43 3.68± 0.23 9.05± 0.33 32.82± 2.23 72.90± 2.86
Ours 4.59± 0.22 9.07± 0.36 3.99± 0.21 9.21± 0.20 38.71± 1.55 75.00± 1.61

BYOL [4] baseline 3.61± 0.22 8.02± 0.18 3.39± 0.36 8.92± 0.50 31.37± 4.91 69.92± 2.37
Ours 3.80± 0.25 8.05± 0.15 3.53± 0.10 9.03± 0.32 35.00± 3.63 70.73± 3.80

MoCo v3 [12] baseline 2.18± 0.15 5.80± 0.34 2.20± 0.06 5.97± 0.29 20.73± 5.67 53.31± 9.06
Ours 2.56± 0.10 6.36± 0.20 2.53± 0.17 6.86± 0.29 25.56± 4.27 62.26± 4.99

MAE [28] baseline 1.83± 0.16 5.32± 0.16 1.24± 0.32 3.95± 0.57 23.06± 4.75 58.23± 7.35
Ours 2.10± 0.10 5.83± 0.17 1.79± 0.33 5.17± 0.52 24.60± 3.05 63.31± 3.39

Table 1. Perturbation screening performance on novel cell lines after few-shot fine-tuning. We report the mean and standard deviation of
top-1 and top-5 accuracies (in percentage) over five random splits for various pretraining approaches, including baseline methods and those
augmented with our proposed method. “None” indicates that the ViT was directly initialized with ImageNet-pretrained weights without
any additional pretraining on microscopy images. The rows corresponding to our method are highlighted in grey.

Dataset Pretrain U2OS (R1) HRCE (R19) VERO (R19)

# Plate 46 5 53 4
# Perturbation 1138 1138 1512 31
# Image (train) 101486 1138 1512 62

Table 2. Summary statistics of the RxRx1 and RxRx19a datasets.

chemical perturbations. Unlike RxRx1, RxRx19a images
contain five channels instead of six due to the absence of the
MitoTracker stain, which increases the difficulty of transfer
learning. To ensure significant perturbation effects, we se-
lect only the highest dose samples for each chemical per-
turbation. Table 2 summarizes key dataset statistics, while
Appendix B.1 details the preprocessing steps. Addition-
ally, Figure 3 presents microscopy images illustrating how
different cell lines respond to the same genetic perturba-
tions. These visualizations reveal substantial phenotypic
variations among cell lines subjected to identical perturba-
tions, highlighting the challenge of generalizing perturba-
tion screening performance across diverse cell lines.

Biological Knowledge Sources. In our work, we utilize
basal gene expression data from 53 human-derived cell
lines, characterized using the human whole transcriptome
assay (GSE288929)3, to obtain robust cell line-specific rep-
resentations. To achieve this, we explore two single-cell
foundation models—scGPT [15] and scVI [32]—both of
which are fine-tuned on a cell type annotation task to gen-
erate informative embeddings that effectively capture cell
line-specific characteristics. For constructing the perturba-
tion relational graph, we integrate external gene-gene in-

3Vero cell line is from GSM7745109.

teraction knowledge from two major biological databases:
STRING and Hetionet. From the STRING database, we
select human data with the network type set to ”combined
score”, applying a confidence threshold of 200 to filter reli-
able gene-gene interactions with quantitative scores. In con-
trast, Hetionet provides binary connections between genes,
for which we perform a random walk to derive a probability
matrix that reflects interaction likelihoods. Additionally, in-
spired by Liu et al. [31], we compute gene-gene similarities
based on raw image features extracted from the dataset4.
To construct a comprehensive and biologically meaning-
ful gene interaction weight matrix, we combine and nor-
malize these three sources—STRING, Hetionet, and image-
derived similarities. For drug perturbations in RxRx19a, we
utilize the STITCH database [47], which directly provides
drug-drug interactions. This integration of multi-source bi-
ological knowledge ensures that our model captures mean-
ingful perturbation relationships and enhances its general-
ization to unseen cell lines.

4.1.2. Baselines
We conduct experiments using existing pretraining methods
designed for microscopy cell images, including weakly su-
pervised learning (WSL) [55] and various self-supervised
learning approaches such as SimCLR [11], BYOL [20],
MoCo v3 [12], and MAE [25]. Given the scaling proper-
ties of microscopy image learning discussed in Kraus et al.
[28] and the size constraints of our pretraining dataset, we
select ViT-S/16 as the vision encoding model for all our ex-
periments. To obtain the embeddings used in our graph reg-
ularization loss, we utilize the main encoder of WSL, Sim-

4https://www.rxrx.ai/rxrx1#Download

22851



Method WSL SimCLR BYOL MoCo v3 MAE
w. CS w. PS Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5

× × 4.12 8.84 4.22 8.57 3.61 8.02 2.18 5.80 1.83 5.32
✓ × 4.64 9.48 4.39 8.76 3.71 7.95 2.45 6.21 1.95 5.42
× ✓ 4.25 9.09 4.48 8.90 3.97 8.35 2.33 6.08 1.98 5.61
✓ ✓ 4.79 9.60 4.59 9.07 3.80 8.05 2.56 6.36 2.10 5.83

Table 3. Ablation study on the U2OS cell line. This table reports the average top-1 and top-5 accuracies over five random splits. The best
results are highlighted in bold. CS and PS denote cell line-specific representation and perturbation-specific representation, respectively.

CLR, and MAE. For methods that involve multiple vision
encoders, such as BYOL and MoCo v3, we extract embed-
dings from the student encoder.

4.1.3. Evaluation setting
We begin by pretraining the vision encoder using baseline
methods on the training set of the RxRx1 dataset. To assess
generalization in a de novo cell line setting, we then perform
one-shot supervised classification fine-tuning on the test-
ing set of RxRx1 and few-shot fine-tuning on the RxRx19a
dataset, measuring classification accuracy. Experiments are
conducted across five random splits, and we report the aver-
age top-1 and top-5 accuracy to ensure robustness. Beyond
evaluating existing pretraining methods, we further enhance
the models by integrating our proposed components—the
perturbation relational graph regularization loss and cell
line-specific representations derived from scFM. The same
experimental pipeline is applied across both standard and
enhanced model settings. All experiments are conducted on
a machine equipped with eight NVIDIA A100 GPUs. Ad-
ditional details regarding pretraining and fine-tuning con-
figurations are provided in Appendix B.5.

4.2. Main Results
Table 1 presents the perturbation screening performance on
three de novo cell lines—U2OS from RxRx1 and HRCE
and Vero from RxRx19a—after few-shot fine-tuning. We
compare several existing pretraining methods as baselines
and evaluate the impact of incorporating biological knowl-
edge through our proposed approach. Our results highlight
two key observations. First, integrating biological knowl-
edge significantly improves model performance across all
baseline pretraining methods, confirming its role in enhanc-
ing generalization to novel cell lines. In particular, for the
U2OS cell line, our method achieves an average top-1 accu-
racy improvement of approximately 20% over the baseline,
with notable gains in both top-1 and top-5 accuracy for the
other two cell lines as well. Second, we observe that ViT
models pretrained using different methods exhibit a sub-
stantial performance boost compared to unpretrained mod-
els, suggesting that pretraining on different cell lines still
provides generalizable features useful for novel cell lines.
Among the baseline pretraining approaches, WSL outper-

forms self-supervised techniques, likely due to its direct op-
timization for perturbation classification, which aligns more
closely with our downstream task. However, under one-
shot fine-tuning, we observe a accuracy drop for HRCE
cell line compared to U2OS. This discrepancy is likely due
to differences in imaging protocols between RxRx1 and
RxRx19a, making model adaptation more challenging for
HRCE. These findings emphasize the importance of devel-
oping pretraining strategies that can robustly adapt to de
novo cell lines while accounting for variability in experi-
mental conditions.

4.3. Ablation Studies
4.3.1. Analysis of perturbation-specific and cell line-

specific representations
In this section, we perform an ablation study on the
U2OS cell line to assess the individual contributions of
perturbation-specific and cell line-specific representations.
The results, presented in Table 3, demonstrate that both rep-
resentations lead to significant improvements over the base-
line, with their combined use typically achieving the best
performance. Notably, the improvement from perturbation-
specific representations is more pronounced on SimCLR,
BYOL and MAE than that from cell line-specific represen-
tations. This discrepancy may stem from the limited diver-
sity of our pretraining dataset, which consists of only three
cell lines, whereas the actual heterogeneity among cell lines
is far more complex. Consequently, cell line-specific rep-
resentations may be prone to overfitting, limiting their ef-
fectiveness. Additionally, we observe that adding cell line-
specific representations to BYOL results in a performance
drop. In contrast, the inclusion of the perturbation relational
graph consistently leads to substantial accuracy gains, both
when used in isolation and in combination with cell line-
specific representations. These findings validate the effec-
tiveness of our proposed approach, highlighting the impor-
tance of integrating external biological knowledge for im-
proved generalization in de novo cell line settings.

4.3.2. Analysis of graph regularization losses
To evaluate graph regularization losses, we used a ViT
model pretrained with SimCLR and performed 2-shot fine-
tuning on the VERO cell line. We selected the SimCLR-
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(a) Split 1: same batch. (b) Split 2: different batches.

Figure 4. Analysis of graph regularization losses on the VERO
dataset under different data split conditions for 2-shot fine-tuning.
For each split condition, we generate five random splits and report
the average top-1 accuracy. “lap” and “con” refer to the graph
Laplacian loss and graph node contrastive loss, respectively, and
1e-2 and 1e-5 represent the corresponding loss weights.

pretrained ViT because the addition of graph loss led to
significant performance gains over the baseline while also
exhibiting high variance, making it ideal for analyzing the
impact of graph losses and their interaction with batch ef-
fects in the training data. To systematically study these ef-
fects, we partitioned the fine-tuning data into two distinct
split conditions: (1) In split condition 1, training samples
were selected from a single plate, while test samples came
from the remaining plates within the same batch. (2) In
split condition 2, training samples were chosen across mul-
tiple batches, with test samples consisting of the remaining
dataset (excluding the training plates). Figure 4 presents the
results.

We observe that in split condition 2, incorporating
graph regularization loss significantly improves perfor-
mance compared to the baseline. Notably, the graph con-
trastive loss yields the most pronounced improvement when
its weight is set to 1e-5, and overall, using a 1e-5 weight for
both graph contrastive (Lcon) and graph Laplacian (Llap)
losses results in better performance than using 1e-2. In
contrast, in split condition 1, the impact of regularization
loss is relatively minimal, likely because training samples
originate from different sites within the same plate, leading
to low intra-class variability. However, in split conditions
2, where training samples come from different plates and
batches, the greater intra-class variability makes graph regu-
larization loss more effective, further validating Proposition
3.1. These findings suggest that in practical applications,
where data typically span multiple plates and batches, in-
corporating graph regularization losses is particularly ben-
eficial for enhancing model robustness and generalization.
More detailed explanations and analyses are provided in the
Appendix C.1.

4.3.3. Analysis of different scFMs
To assess the robustness of cell line-specific representations,
we conducted experiments exploring different scFMs and
varying the output gene expression token dimensionality.
Using WSL as the pretraining method, we evaluated model

(a) scVI (b) scGPT

Figure 5. Analysis of scVI and scGPT on the effect of represen-
tation dimensionality. The figure shows the mean and standard
deviation of top-1 accuracy, with “Raw GE” indicating results us-
ing raw cell line gene expression for comparison.

performance on the U2OS cell line, with results presented
in Figure 5. Our findings indicate that both scVI and scGPT
models achieve the highest accuracy when the representa-
tion dimensionality is set to 128 or 256, whereas increas-
ing the dimensionality to 512 leads to a noticeable perfor-
mance decline. This suggests that overly high-dimensional
representations may introduce redundant or less informa-
tive features, reducing their effectiveness for downstream
tasks. Additionally, when using raw gene expression data
instead of learned representations, we observe a slight im-
provement over the baseline, but the performance gains re-
main less pronounced compared to the representations gen-
erated by scFMs. These results highlight the importance of
leveraging scFMs to extract compact and informative cell
line-specific embeddings, ultimately enhancing model gen-
eralization to de novo cell lines. Notably, scGPT, which
was trained on extensive single cell data, did not demon-
strate significant advantages over scVI, a finding that aligns
with similar observations reported in previous studies [13].

5. Conclusion
In this paper, we tackle the challenge of developing ro-
bust microscopy image profiling models for novel cell lines.
We introduce an approach that integrates external biological
knowledge to guide models in learning both perturbation-
specific and cell line-specific representations, enabling im-
proved generalization to unseen cell lines. Our method is
evaluated on two RxRx datasets, where few-shot fine-tuning
on multiple novel cell lines demonstrates significant im-
provements in perturbation screening performance. These
results highlight the effectiveness of incorporating biologi-
cal priors into model pretraining to enhance transferability.
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