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ABSTRACT

Understanding cellular responses to external stimuli is critical for parsing biolog-
ical mechanisms and advancing therapeutic development. High-content image-
based assays provide a cost-effective approach to examine cellular phenotypes
induced by diverse interventions, which offers valuable insights into biological
processes and cellular states. We introduce MorphoDiff, a generative pipeline to
predict high-resolution cell morphological responses under different conditions
based on perturbation encoding. To the best of our knowledge, MorphoDiff is the
first framework capable of producing guided, high-resolution predictions of cell
morphology that generalize across both chemical and genetic interventions. The
model integrates perturbation embeddings as guiding signals within a 2D latent
diffusion model. The comprehensive computational, biological, and visual vali-
dations across three open-source Cell Painting datasets show that MorphoDiff can
generate high-fidelity images and produce meaningful biology signals under var-
ious interventions. We envision the model will facilitate efficient in silico explo-
ration of perturbational landscapes towards more effective drug discovery studies.

1 INTRODUCTION

Recent advancements in generative artificial intelligence (AI) have propelled significant progress
across various domains, including computer vision, natural language processing, and healthcare
(Rombach et al., 2022; OpenAI, 2022; Meskó & Topol, 2023). Notable advancements in AI method-
ologies, coupled with the availability of vast datasets, have yielded foundation models with exten-
sive applications and capabilities. Their practical application holds great promise for empowering
practitioners in more effective drug development, thereby streamlining this process at scale while
conserving expert and financial resources (Moor et al., 2023).

Modeling cellular responses to external interventions is a key focus in computational biology; it aims
to uncover biological insights that can inform the design of more effective therapies, which are, in
essence, interventions aiming at a particular cellular response (Celik et al., 2024). While there have
been significant efforts to model cellular dynamics using AI algorithms, much of the prior work has
concentrated on transcriptomic-level changes (Roohani et al., 2023; Lotfollahi et al., 2023; 2019;
Cui et al., 2024; Hetzel et al., 2022). However, advances in high-throughput screening technologies
now enable the exploration of rich phenotypic readouts, such as those generated by high-content
microscopy imaging, which provide critical insights into cellular activity and accelerate drug target
identification and mode-of-action studies under diverse conditions (Seal et al., 2024). Among these
technologies, the Cell Painting assay—a high-content microscopy imaging platform—has emerged
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as a powerful, cost-effective approach for cellular phenotype screening, playing a pivotal role in un-
derstanding the morphological characteristics of cells under various perturbations (Bray et al., 2016).
Image analysis software, such as CellPro�ler, has been widely adopted to extract detailed features
from microscopy images (Carpenter et al., 2006; Chow et al., 2022; Moshkov et al., 2024). These
features have provided valuable insights into compound polypharmacology (Chow et al., 2022),
mechanisms of action (Tian et al., 2023; Way et al., 2022; Wong et al., 2023; Dee et al., 2024), and
target genes associated with speci�c perturbations (Way et al., 2022). Despite these advances, a
signi�cant challenge in virtual screening remains: the size of existing screening libraries represents
only a small fraction of the vast chemical space, which is estimated to contain over1060 drug-like
molecules (Lu et al., 2024; Lipinski et al., 2012; Reymond, 2015). This limitation is particularly crit-
ical when seeking to identify the most effective treatments for speci�c cellular conditions. Machine
learning (ML) and generative models might overcome this barrier by enabling response estimation
across a much larger perturbational space, thus improving treatment ef�cacy while substantially
reducing cost.

There is growing interest in leveraging advanced deep learning methods to directly learn cellular
patterns from high-content images, rather than relying solely on engineered features extracted using
traditional image analysis software. A notable example is a recent study that developed a strategy
for learning representations of treatment effects from high-throughput imaging using a causal frame-
work (Moshkov et al., 2024). By employing weakly supervised learning, the model captured both
confounding factors and phenotypic features in the learned representations, providing a comprehen-
sive view of treatment-induced changes. Another signi�cant contribution is a retrieval system based
on multi-modal contrastive learning, which maps molecular perturbation and their corresponding
Cell Painting image features into a uni�ed embedding space (Sanchez-Fernandez et al., 2023). Al-
though the model lacks generative capabilities, it proves to be a valuable tool for retrieving perturba-
tions with morphological effects most similar to those of the input query. Two relevant studies used
generative models to transfer cell style between conditions in low-resolution, single cell cropped
image patches (Palma et al., 2023; Bourou et al., 2023). Although these methods offer insights
into cellular transitions, their focus on isolated cells overlooks inter-cellular effects in a wide well
area as screened in original microscopy images and limits practical applicability. The most relevant
method is a pipeline that employs conditional �ow models for cellular phenotype estimation using
perturbation information that was only tested on molecular interventions (Yang et al., 2021).

To the best of our knowledge, this work represents one of the �rst efforts for estimating cell re-
sponses at a high-resolution and high-content image scale. By leveraging advanced generative mod-
els in computer vision, as exempli�ed by Rombach et al. (2022), and incorporating state-of-the-art
(SOTA) perturbation encoding modules, including the single-cell foundational model proposed by
Cui et al. (2024), we introduce MorphoDiff, a novel diffusion-based generative pipeline for high-
resolution cellular morphology prediction, generalizable to both genetic and chemical perturbations.
We benchmarked MorphoDiff on three microscopy imaging datasets, evaluating image �delity and
biological properties of cells in in-distribution and unseen perturbations, demonstrating promising
performance overall. This work showcases the potential of advanced generative models to predict
high-resolution cellular phenotypic responses across a broad range of perturbations, and we hope it
paves the way for future research in this direction.

2 METHOD

Diffusion models have emerged as a powerful approach for image generation, overcoming chal-
lenges such as training instability and mode collapse common in GAN-based architectures. In this
work, we developed MorphoDiff, a novel pipeline capable of generating perturbed cellular mor-
phology in high-resolution and high-content microscopy images with the integration of perturba-
tion embedding as a guiding signal within the generative model. Our pipeline contains two key
components: an image-based denoising diffusion probabilistic model (DDPM) and a perturbation
projection module. The schematic representation of MorphoDiff is illustrated in Figure 1.

2.1 LATENT DIFFUSION MODEL FOR IMAGE GENERATION

The Stable Diffusion (SD) framework is built upon a latent diffusion model (LDM) pre-trained on a
vast corpus of natural images, enabling the generation of realistic images based on input text prompts
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(Rombach et al., 2022). We adapted SD pipeline for our task, and transformed available Cell Paint-
ing channels (elaborated in the 3.1 section) into three RGB channels for modelling. For our speci�c
task, we �ne-tuned the pre-trained DDPM model in the SD framework on Cell Painting images
projected into latent space. We opted to employ the existing SD VAE trained on natural images
due to its demonstrated ef�cacy in reconstructing Cell Painting images (sample images provided in
Appendix Figure 5). More speci�cally, given a high resolution512� 512RGB imageX , the image
encoderE transformsX into a latent representationz0 = E(X ) consisting of four channels of
64� 64 feature maps. Subsequently, the decoderD reconstructs the generated image in latent space
as the �nal outcome. The DDPM model learns sample distribution in the latent space, and perturbs
the latent image representationz by introducing noise during the forward diffusion process.

Figure 1:MorphoDiff overview: Work�ow diagram illustrating the architecture of the MorphoD-
iff pipeline, comprising two primary modules: a DDPM module and a perturbation encoder. The
diffusion algorithm serves as the central component of the work�ow, performing conditional image
generation. The perturbation projection module can be adapted depending on perturbation type.

In particular, the LDM training consists of two steps: a forward diffusion process and a generative
(or sampling) process. The forward process is conducted on the latent variablez, generating a noisy
perturbed embedding at various time pointst from 0 to T. This process is done by adding Gaussian
noise at each step, which is de�ned by:

q(zt jzt � 1) = N (zt ;
p

1 � � t zt � 1; � t I ); (1)

where� = � 1; � � � ; � T is the pre-de�ned variance schedule. It has been shown that the distribution
of noisy samples converges to a standard Gaussian distribution ast approachesT (Ho et al., 2020).
Assuming that the noise values follow a Gaussian distribution,zt can be sampled based onzt � 1 at
any desired time stept in a closed form using the reparameterization trick:

zt =
p

� t zt � 1 +
p

1 � � t � t � 1; (2)

where� t = 1 � � t and� � N (0; I ). By using the chain rule and recalling that merging multiple
Gaussian distributions remains Gaussian, we can derive a direct formula forzt from z0 as follows

zt =
p

�� t z0 +
p

1 � �� t �; (3)

where�� t =
Q t

1 � i , and� represents a sample noise drawn from a standard Gaussian distribution.

The forward process generates the noisy perturbed image embeddingzt at time stept. A 2D U-Net
is trained to estimate the noise level from the noisy embeddingzt (Ronneberger et al., 2015). In
this process, the projected perturbation embeddingp is integrated as a condition along with thezt
and time variablet, and are fed into the U-Net to predict the noise. The conditional LDM algo-
rithm in MorphoDiff leverages the information fromp to guide the conditional denoising step and
perturbation-speci�c phenotype estimation.

The MorphoDiff pipeline optimizes the U-Net model prediction by minimizing the Mean Squared
Error (MSE) between the ground truth noise� and the predicted noise. The loss enables the network
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to learn and accurately predict the added noise for each perturbed sample at time pointt, facilitating
the denoising process. The objective of the diffusion model can be summarized as:

loss = MSE (f � (p;
p

�� t z0 +
p

1 � �� t �; t ); � ); (4)

wheref � denotes the U-Net model. During the sampling process, MorphoDiff generates images
based on the input perturbation. To initiate the generation process, a random noise vector is then
sampled from a standard Gaussian distribution, denoted asz0

T . The pipeline iteratively calculatesz0
t

for t ranging fromT to 0 by:

z0
t � 1 =

1
p

� t

�
z0

t �
1 � � tp
1 � �� t

f � (p; z0
t ; t)

�
+

p
� t �; (5)

wherez0
t � 1 represents a less noisy embedding of the generated perturbed image at time stept � 1. It

is obtained using the current embeddingz0
t , the predictionf � (p; z0

t ; t) made by the U-Net model, and
a random noise sample� . The coef�cients� t and� t control the contributions of the embedding and
the noise, respectively. Through this iterative process, MorphoDiff generates a contextually relevant
embedding that captures the desired cellular phenotype.

2.2 PERTURBATION PROJECTIONMODULE

The original SD pipeline employed the CLIP model as the text encoder (Radford et al., 2021; Rom-
bach et al., 2022). To generate images exhibiting cellular morphological changes under speci�c
treatments, we replaced CLIP with the perturbation embeddings obtained from projection algo-
rithms depending on the type of perturbations. Our pipeline provides the �exibility of integrating
different projection modules and can handle both genetic and chemical interventions.

For genetic perturbations, we used the SOTA single-cell foundation model scGPT, which has been
trained on 33 million normal human cells and employs stacked transformer layers to generate cell
and gene embedding simultaneously (Cui et al., 2024). scGPT has demonstrated strong ability to
implicitly encode gene relationships in gene embeddings through generative modeling of gene ex-
pression (mRNA pro�les). This property is particularly relevant for our task as it facilitates learning
meaningful patterns of cellular morphology linked to the encoded gene representation containing
transcriptomic signals, thereby enhancing generalizability to unseen perturbations.

For chemical compounds, we employed the molecular encoder software RDKit, a well-established
tool that converts standard molecular representations in SMILES format into numerical embedding
(Landrum, 2023). It therefore captures structural similarity of the chemical compounds. The pro-
jected latent variables are then fed into the MorphoDiff pipeline as a guiding signal. Further details
on the perturbation incorporation steps (Appendix Note A.3.1), training protocol (Appendix Note
A.3.2), and experiment information (Appendix Table 4) are provided in the Appendix section.

3 EXPERIMENTS

3.1 DATASET

Three publicly available Cell Painting datasets were used for modelling and validation, representing
a diverse range of perturbations and cell types, described as follows.

RxRx1 datasetcontains1108perturbations across four cell types (Sypetkowski et al., 2023). Each
sample comprises six-channel �uorescent microscopy images capturing key cellular structures. Our
analysis concentrated on the largest group within the dataset (HUVEC cell line) with samples drawn
from multiple experimental batches. Each small interfering RNA perturbation in the dataset targets
a gene, resulting in signi�cant mRNA knockdown and corresponding changes in protein expression
(Sypetkowski et al., 2023). We conducted two sets of experiments: one using all HUVEC images
(All Batches), and the other constrained to a single batch (Single Batch) to minimize batch effects.
The authors' provided code was used to convert the six-channel images into RGB format1.

BBBC021 datasetcomprises13200images of MCF7 breast cancer cells, stained for DNA, F-actin,
and B-tubulin, and imaged using three-channel �uorescent microscopy, which were directly mapped

1Link to RxRx1 conversion code

4



Published as a conference paper at ICLR 2025

to RGB format for modelling (Caie et al., 2010). The MCF7 cells were treated with 113 small
molecules, each administered at eight different concentrations. We conducted two sets of experi-
ments: one using all compounds for which SMILES-based projections were available and the em-
bedding was generated, and another included 14 compounds obtained from a list of six mechanisms
of actions (MOA) reported having distinct phenotypes (Caie et al., 2010).

Rohban et al. datasetcontains U2OS cell images with 323 over-expressed genes (Rohban et al.,
2017). Based on expert consultation, three of the �ve imaging channels—RNA, Mitochondria,
and DNA— were selected for modeling and validation, prioritizing channels essential for image
segmentation and feature extraction that are also biologically informative and interpretable (Stirling
et al., 2021; Carpenter et al., 2006). Two gene subsets were analyzed, including: (1) �ve genes from
pathways reported to affect cellular morphology, and (2) a list of 12 genes obtained from clustering
performed in Rohban et al. (2017) based on gene morphological features. Detailed description of
perturbations for each dataset and their download links are provided in Appendix Note A.3.3.

Pre-processing:All images with larger than512� 512pixels were resized to512� 512resolutions
to ensure consistent dimensions, with the largest possible area covered in each image. Normal-
ization and scaling followed best practices in image pre-processing (Rombach et al., 2022). More
explanation of pre-processing are provided in Appendix Note A.3.4.

3.2 COMPARISON

For benchmarking, a set of comparative analysis was conducted against the �ne-tuned unconditional
SD as the baseline (with �xed prompt encoding), assessing the impact of integrating perturbation
data on guiding the generative process to mimic cellular phenotype consistent with real signals. To
the best of our knowledge, only one existing work offers conditional generative capabilities in a
high-resolution setting comparable to our approach (Yang et al., 2021). However, due to technical
challenges, adapting their model for benchmarking on our datasets was not feasible. To provide
an assessment of MorphoDiff's performance against the SOTA, we benchmarked against an exiting
method that generates cellular phenotypes in individual cell cropped patches (Palma et al., 2023).

For experimental validation, 500 images were generated per perturbation. Real (ground truth) im-
ages were augmented to match this number where necessary, using random �ipping and rotation, to
ensure consistency in evaluation metrics. The two-sample t-test was conducted for statistical anal-
ysis, with a p-value threshold of< 0:05 considered as statistically signi�cant. Further evaluation
details are provided in Appendix Note A.3.5.

3.3 RESULTS AND DISCUSSION

In this section, we present the results of MorphoDiff in predicting perturbation-speci�c cellular mor-
phology, including image �delity metrics, visual assessment, and biologically interpretable features.

3.3.1 MORPHODIFF IMPROVES PERTURBATION-SPECIFIC DISTRIBUTIONAL DISTANCE

To assess MorphoDiff's effectiveness to improve similarity of pixel distributions in generated im-
ages to the associated real images for each perturbation, we employed well-established metrics for
validating the quality of images created by generative models, including Fréchet Inception Distance
(FID) and Kernel Inception Distance (KID) (Heusel et al., 2017; Sutherland et al., 2018). FID sum-
marizes the distance between the Inception feature vectors for real and generated images in the same
domain, while KID measures the dissimilarity between two probability distributions using indepen-
dently drawn samples. We computed these distance metrics between generated images for each
perturbation and their corresponding real image groups.

Table 1 presents the average of calculated FID and KID distances across all perturbations. Lower
FID and KID values indicate better alignment between generated and real distributions, with statisti-
cally signi�cant differences between MorphoDiff and the unconditional Stable Diffusion highlighted
in bold. Our experiments showed that MorphoDiff consistently outperformed the baseline across all
experiments, by effectively embedding perturbation-speci�c patterns for both genetic and chemical
interventions. In the RxRx1 (All Batches) and BBBC021 (All Compounds) experiments, distance
metrics improved compared to smaller, single-batch experiments, suggesting that larger training
sets enhance model performance. Additionally, we observed that MorphoDiff predictions improved
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the average ranking of images to the matched real perturbed cohort based on the distance metrics.
Further details are provided in Appendix Table 5.

Table 1: Average FID (� 10� 2) and KID metrics across all perturbations in each experiment, assess-
ing distributional similarity between generated and real images from the corresponding perturbation
conditions (lower is better). Bold values highlight statistically signi�cant differences with p-value
< 0:05, * indicating p-value< 0:01and ** indicating p-value< 0:001.

Dataset Experiment Method FID# KID#
RxRx1 All Batches MorphoDiff 0:78�� 0:05��

RxRx1 All Batches Stable Diffusion 1.15 0:11
RxRx1 Single Batch MorphoDiff 1:14�� 0:12�

RxRx1 Single Batch Stable Diffusion 1.45 0.16
BBBC021 All Compounds MorphoDiff 1:99�� 0:21��

BBBC021 All Compounds Stable Diffusion 3.84 0.47
BBBC021 14 Compounds MorphoDiff 2:26� 0:30
BBBC021 14 Compounds Stable Diffusion 3.22 0.42

Rohban et al. 5 Genes MorphoDiff 2:51� 0:33�

Rohban et al. 5 Genes Stable Diffusion 3.26 0.45
Rohban et al. 12 Genes MorphoDiff 2:77� 0:38��

Rohban et al. 12 Genes Stable Diffusion 3.17 0.45

We further benchmarked MorphoDiff-generated images at the single-cell cropped patch scale against
another existing method by Palma et al. (2023), with results summarized in Table 2 and details of the
analysis provided in Appendix Note A.3.5. Statistical testing demonstrated that MorphoDiff outper-
forms the second-best method across all compounds except Cytochalasin B. For this compound, our
investigation revealed that in larger (broader �eld of view) images, MorphoDiff achieved superior
FID (1.9 vs. 2.9 (� 102)) and KID (0.23 vs. 0.37) metrics compared to Stable Diffusion, aligning
with our qualitative assessment (sample images provided in Appendix Figure 6). We propose that
generating and validating images with larger �elds of view facilitates capturing cellular density and
intercellular relationships. This approach has the potential to provide holistic insights into cellular
interactions, phenotypic shifts induced by various perturbations, and cellular diversity within a well.

Table 2: Average FID (� 10� 2) and KID metrics assessing distributional similarity between gen-
erated and real images of cell cropped patches (lower is better). Bold values highlight statistically
signi�cant differences of the best model with the second best model with p-value< 0:05, * indicat-
ing p-value< 0:01and ** indicating p-value< 0:001.

Model AZ138 AZ258 Taxol Cytochalasin B Vincristine
FID# KID# FID# KID# FID# KID# FID# KID# FID# KID#

Stable Diffusion 1.40 0.14 0.94 0.08 1.50 0.15 0:83�� 0:07�� 1.83 0.20
IMPA 0.98 0.07 1.18 0.12 1.28 0.11 1.23 0.11 1.05 0.07
MorphoDiff 0:82�� 0:06�� 0:76�� 0:05�� 1:09�� 0:10 1.19 0.11 0:86�� 0:06��

3.3.2 MORPHODIFF CAPTURES PERTURBATION-SPECIFIC CELL MORPHOLOGY SIGNALS

Among the three datasets, BBBC021 stands out due to its strong, visually detectable phenotypic
changes induced by small molecule treatments, as well as for including several compounds with
annotated Mechanisms of Action (MOA) (Caie et al., 2010). This dataset is particularly valuable for
modeling and validating the biological interpretability of generated images, motivating us to exam-
ine MorphoDiff's ability to capture the biological signals associated with different conditions. Our
visual assessment reveals that MorphoDiff effectively captures perturbation induced cellular pat-
terns for distinct compounds, closely mimicking the morphology of treated cells in real images. In
contrast, the baseline SD model primarily learns general cellular structures. Figure 2 presents sam-
ple images from six sample compounds representing the different MOA groups in the BBBC021
experiment (14 compounds). Our investigation further revealed that MorphoDiff-generated images
successfully captured relatively rare cell cycle events, with sample images provided in Appendix
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