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ABSTRACT

The understanding of how transcriptional programs give rise to cellular morphol-
ogy, and how morphological features reflect and influence cell identity and func-
tion remains limited. This is due in part to the lack of large-scale datasets pairing
the two modalities, as well as the absence of computational frameworks capable
of modeling their cross-modal structure. Here, we introduce COSMIC, a bidirec-
tional generative framework that enables quantitative decomposition of transcrip-
tional variance reflected in morphology and morphological variance explained by
gene expression. COSMIC builds on a foundation model trained on over 21 mil-
lion segmented nuclei and couples it with existing transcriptomic embeddings. To
enable cross-modal learning, we leveraged a newly generated multimodal dataset
acquired using IRIS, a technology that captures high-resolution images and tran-
scriptomes from the same single cells at scale. COSMIC accurately modeled cell
type identity, establishing a quantitative link between morphological phenotypes
and underlying gene expression. In prostate cancer cells, COSMIC identified mor-
phological and transcriptomic differences between chemotherapy drug treatment-
responsive and -resistant cells. Together, these results demonstrate that generative
modeling powered by paired single-cell measurements can capture the bidirec-
tional flow of information between cellular form and gene expression, opening
new avenues for mechanistic discovery and predictive modeling in both basic and
translational cell biology.

1 INTRODUCTION

Deciphering the extent to which transcriptional programs encode cellular form, and, conversely, how
morphological variation reflects underlying gene expression remains an open question in cell biol-
ogy. Single-cell RNA sequencing (scRNA-seq) (Macosko et al., 2015; Tang et al., 2009) provides
high-resolution molecular profiles, while imaging technologies (Basiji et al., 2007; Bray et al., 2016;
Nitta et al., 2018; Schraivogel et al., 2022) capture the detailed morphological and structural orga-
nization of individual cells. Bridging these complementary modalities is essential for deciphering

1



Accepted at the Gen2 Workshop at ICLR 2026

how transcriptional programs determine cellular form and, conversely, how morphological features
affect cell identity, function, and responses to perturbations.

Multimodal computational frameworks could enable translation between transcriptomic and mor-
phological information, revealing how gene-expression programs give rise to cellular phenotypes
and how morphological variation reflects underlying molecular states. Progress toward this goal
over the past decade has been driven by advances in both biotechnology (Cadwell et al., 2016;
Pitino et al., 2025) and computational modeling (Yang et al., 2021; Lee & Welch, 2022). However,
the biotechnologies remain limited either in their sensitivity and gene coverage or in the through-
put needed for training AI models. At the same time, current computational approaches struggle
to capture fine-grained morphological differences between cells. Due to these shortcomings, the
quantitative decomposition of how transcriptional variance manifests in morphology and how mor-
phological variance is shaped by gene expression remains unclear.

In this work, we developed COSMIC (Cross-mOdal generation between Single-cell RNA-seq and
MICroscopy images), a bidirectional generative framework that enables translation between single-
cell transcriptomes and cellular morphology. To pair modalities, we built a collection of 17,109
human and 9,039 mouse single cells using the IRIS platform (Bues et al., 2025), a microfluidic
system that simultaneously acquires high-resolution microscopy images and high-quality transcrip-
tomic profiles from the same individual cells. We focus on nuclear morphology, which is known
to be linked with transcriptional activity, chromatin organization, disease states, and can be used to
identify pathologies (Skinner & Johnson, 2017). To capture distinct features of nuclear morphol-
ogy, we build a foundation model pretrained on 21.8 million segmented nuclear images to capture
diverse morphological representations. COSMIC couples this nuclear morphology encoder with
transcriptomics encoders (Lopez et al., 2018; Rosen et al., 2023) to enable cross-modal generation
using a diffusion model conditioned on the unimodal representations of transcriptome and nuclear
morphology.

By enabling bidirectional translation between nuclear morphology and transcriptome, we show that
discriminative morphological features can be generated from transcriptomic profiles with high ac-
curacy, and that nuclear morphology, in turn, captures biologically meaningful variation in tran-
scriptomic states. This bidirectional relationship spans multiple levels of biological information,
capturing discrete differences between cell types as well as continuous variation associated with
cell-cycle progression. We built a paired multi-modal dataset of prostate cancer cells treated
with the chemotherapeutic agent Docetaxel and showed that COSMIC enables the identification
of genes whose expression is associated with nuclear morphological differences between treatment-
responsive and non-responsive cells.

2 RELATED WORK

2.1 MULTIMODAL COMPUTATIONAL FRAMEWORKS

Multimodal computational frameworks, particularly cross-modal generative models, offer a pow-
erful approach for translating between different data modalities and uncovering the relationships
that link them. Large-scale conditional generative models, such as diffusion-based architectures and
models in the IMAGEN family, have demonstrated strong capability in synthesizing high-fidelity
data in one modality conditioned on another by learning shared latent representations across modal-
ities (Ho et al., 2020; Zhang et al., 2023; Wu et al., 2023).

In the single-cell biology domain, multi-domain translation (MDT) (Yang et al., 2021) leverages
adversarial training to align feature spaces without paired data, extending applicability to settings
lacking direct correspondence; however, this approach largely overlooks rich biological prior in-
formation. In contrast, MorphNet (Lee & Welch, 2022) seeks to predict cellular morphology from
transcriptomic profiles using paired samples, but it struggles to capture fine-grained morphological
variability across cells. In this work, leveraging paired measurements, we propose COSMIC, a deep
generative framework that quantitatively decomposes transcriptional variance reflected in cellular
morphology and, conversely, morphological variance explained by gene expression.
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Figure 1: Training pipeline of COSMIC. Conditioned on cell features extracted from microscopy
images and single-cell transcriptomes obtained from pretrained unimodal models, COSMIC per-
forms conditional generation using two conditional diffusion models. The diffusion models are
trained on paired samples generated with IRIS technology to learn cross-modal relationships be-
tween nuclear morphology and the transcriptome.

2.2 MULTIMODAL IMAGING AND TRANSCRIPTOMICS DATA

Over the past years, advances in imaging and transcriptomics technologies have enabled the large-
scale acquisition of paired visual and molecular measurements. Large-scale programs such as GTEx
(Lonsdale et al., 2013) and TCGA (Weinstein et al., 2013) provide extensive molecular and imaging
data that have powered methods for inferring transcriptomic information from histology images (Fu
et al., 2020; Schmauch et al., 2020; Alsaafin et al., 2023; Pizurica et al., 2024). At finer resolution,
imaging-based spatial transcriptomics (Chen et al., 2015; Eng et al., 2019; Stickels et al., 2021;
Jaume et al., 2024) and single-cell multimodal technologies, such as STAMP (Pitino et al., 2025)
and Patch-seq (Cadwell et al., 2016), enable coupling of images with molecular readouts at the
single-cell resolution. However, these approaches remain constrained by limited sensitivity and gene
coverage, or by insufficient throughput for training large-scale AI models. More recently, the IRIS
(Bues et al., 2025) platform enables simultaneous acquisition of high-resolution microscopy images
and high-quality transcriptomic profiles from the same individual cells, opening new opportunities to
study the connection between cellular morphology and gene expression. In this work, we construct
a dataset using the IRIS technique and apply COSMIC to this data.

3 METHOD

We developed COSMIC, a bidirectional generative framework that enables the prediction of gene
expression profiles from microscopy images of nuclei, and, conversely, the reconstruction of nuclear
images from transcriptomic data. In each direction, COSMIC first encodes the input modality
into a feature representation, then conditions the diffusion model on these features to generate the
corresponding transcriptome or nuclear image (Figure 1). In this work, we focused on nuclear
morphology, as it is widely available across microscopy imaging datasets and known to be associated
with cellular function and disease states (Skinner & Johnson, 2017).

3.1 ENCODING NUCLEAR MORPHOLOGY AND TRANSCRIPTOMIC PROFILES

COSMIC builds on the morphology FM to encode information about nuclear morphology, and
leverages existing embedding models to encode transcriptomic profile of cells (Lopez et al., 2018;
Rosen et al., 2023; Cui et al., 2024).

Nuclear morphology encoder. To obtain robust single-cell nuclear image embeddings for condi-
tioning the generative model, we train a large-scale model on 21,784,309 segmented nuclear images
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Figure 2: Training pipeline of COSMIC Morphology FM. We collected ∼50.3K whole-well mi-
croscopy images stained with Hoechst dyes from three studies. Whole-well images were segmented
to obtain single-cell images, resulting in a total of ∼21.8M nuclear images. To learn meaningful
morphological representations of cells, we pretrained a masked auto-encoder (MAE) on collected
nuclear images. During pretraining, random patches of the input images were masked, and the
model was trained to reconstruct the missing regions.

collected from three datasets (Weisbart et al., 2024; Stojic et al., 2020; Pascual-Vargas et al., 2017).
We segmented individual cells from the whole-well images by applying an adaptive thresholding
procedure (Otsu thresholding (Otsu, 1979)) followed by connected-component analysis to identify
distinct cell regions. We then filtered out nuclei whose projected area lies outside the central range
of the area distribution, discarding cells below the 5th percentile or above the 95th percentile in nu-
clear area, as well as nuclei that are severely occluded or truncated at image borders. After filtering,
we crop each detected cell into a 128×128 patch centered on its nucleus. We mask out background
pixels and neighboring cells to isolate single-cell morphology (Figure 2).

The model is trained in the encoder-decoder architecture. It uses a vision transformer (ViT-Large;
24 layers) as the backbone and consists of 307M parameters. We train the model in a masked
autoencoder (MAE) (He et al., 2022) training fashion. We resize the input images to 224 × 224
and divide them into non-overlapping patches. In particular, during training, given an input image x
from the segmented nuclear images, we apply a random binary mask m to produce xmasked = m⊙x
with a 0.75 masked ratio per image, where ⊙ denotes Hadamard product. The encoder EncIMG
extracts a representation from the masked patches, and the decoder gϕ reconstructs the complete
image, yielding x̂ = gϕ(EncIMG(xmasked)). The training objective minimizes the reconstruction
error on the masked regions:

LMAE = ∥(1−m)⊙ (x− x̂)∥22.

This approach encourages the model to learn biologically meaningful features of nuclear morphol-
ogy. To leverage these representations for COSMIC, we remove the decoder part and use the learned
image embeddings from the last layer of the encoder, zIMG = EncIMG(x) as conditioning inputs to
the transcriptome generation model. The image embeddings are extracted from the full image with-
out applying any masking during inference.

Representations of transcriptomic profiles. To obtain embeddings of transcriptomic profiles for
conditioning the generative model, COSMIC is compatible with existing models for batch effect
removal (Lopez et al., 2018; Lotfollahi et al., 2019), as well as single-cell foundation models (Rosen
et al., 2023; Cui et al., 2024; Hao et al., 2024). In particular, we use scVI (Lopez et al., 2018), a
probabilistic framework based on variational inference, as a default model for our experiments.
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3.2 DIFFUSION MODEL CONDITIONED ON CELL REPRESENTATIONS.

Building on the learned representations of nuclear morphology and transcriptomic profiles intro-
duced above, COSMIC employs conditional denoising diffusion probabilistic models (Ho et al.,
2020; Zhang et al., 2023) to generate one modality from the other by iteratively refining noise-
corrupted inputs. In this setting, a clean sample x0 corresponds to either a nuclear morphology
image or a transcriptomic profile of a single cell. COSMIC operates in two phases: (i) a forward
diffusion process that gradually adds Gaussian noise to a data sample, and (ii) a learned reverse pro-
cess that reconstructs the original data by denoising. Formally, given a clean sample x0, the forward
process generates a sequence x1,x2, . . . ,xT by adding noise at each timestep:

q(xt|xt−1) = N (xt;
√

1− βt xt−1, βt I),

where βt is a fixed variance schedule. A closed-form expression allows sampling xt directly from
x0:

xt =
√
ᾱt x0 +

√
1− ᾱt ϵ, ϵ ∼ N (0, I),

with ᾱt =
∏t

s=1(1− βs).

The reverse process is parameterized by a neural network ϵθ(xt, t, c), which predicts the noise
component ϵ given the current sample xt, the timestep t, and a conditioning embedding c derived
from the opposite modality. The model is trained to minimize the denoising objective:

Ldiff = Ex0,ϵ,t

[
∥ϵ− ϵθ(xt, t, c)∥22

]
.

COSMIC includes two such conditional diffusion models. The first is the seq2img module with
an Attention U-Net (Oktay et al., 2018) architecture designed to synthesize nuclear morphology
images from gene expression profiles. Here, the clean sample x0 is a nuclear morphology image
and the conditioning input is the transcriptomic embedding c = zRNA. The U-Net operates on
256 × 256 images with multiple resolution levels, and integrates the conditioning embedding at
several layers through feature-wise affine transformations and attention. The second is the img2seq
module with an MLP-based conditional diffusion architecture designed to generate transcriptomic
profiles from nuclear morphology images. Here, the clean sample x0 is a transcriptomic profile, and
the conditioning input is the morphology embedding c = zIMG extracted by the morphology FM.

By conditioning on zIMG or zRNA, the diffusion models learn to capture biologically meaningful
relationships between morphology and gene expression. Through iterative refinement, COSMIC
generates high-fidelity outputs that reflect the underlying structure of both modalities. Appendix A
shows the details about hyperparameters and model selection.

4 EXPERIMENT

4.1 SETUP

Dataset We built a dataset of a collection of 17,109 human and 9,039 mouse single cells using
the IRIS platform (Bues et al., 2025). For mouse cells, we trained COSMIC on 4, 520 samples
and evaluated it on an independent set of 4, 519 samples. We profiled mouse embryonic fibroblasts
(3T3), macrophage-like cells (RAW), CAR-engineered T cells derived from the A20 B-cell lym-
phoma model (CAR A20), and primary naive CD8+ T cells (naive CD8). The dataset comprises
batches generated in our work and from Bues et al. (2025) (Appendix Table 1). For human cells,
we trained COSMIC on 8, 555 samples and evaluated it on an independent set of 8, 554 samples.
The human data comprises peripheral blood mononuclear cells (PBMCs, including lymphocytes and
monocytes) and established cell lines: RPE1 (retinal pigment epithelial cells; named as RPE), C4-
2B (prostate cancer cells from a lymph node metastasis; named as PCa-LN), and DU145 (prostate
cancer cells from a brain metastasis; named as PCa-Br). Detailed description of the dataset and data
pre-processing are shown in Appendix B.

Existing methods We compared COSMIC to two existing deep learning methods: (i) Mor-
phNet (Lee & Welch, 2022) is a generative adversarial network based model trained to synthesize
images from gene expression, and (ii) Multi-Domain Translation (MDT) (Yang et al., 2021) aligns
unpaired samples across modalities via representation space matching, without relying on paired
data.
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Figure 3: COSMIC generates high-quality nuclear images from transcriptomic profiles of cells. (a)
Qualitative comparison of COSMIC with MorphNet (Lee & Welch, 2022) and MDT (Yang et al.,
2021) on randomly selected mouse cell types. (b) Quantitative evaluation on IRIS mouse cells using
COV, SWD, and k-NNA. Error bars represent the standard deviation across five independent rounds
of generation. Red dashes indicate the best value; numbers denote COSMIC’s improvement over
the strongest baseline. (c) Cell type classification accuracy on generated images for IRIS mouse and
human datasets using a classifier trained on ground-truth images. The red dashed line shows the
ground-truth upper bound.

4.2 COSMIC GENERATES REALISTIC SINGLE-CELL NUCLEAR IMAGES FROM THE
TRANSCRIPTOMIC PROFILES OF CELLS

We quantified the ability of COSMIC to generate nuclear images from transcriptomic profiles of
cells. We first examined representative examples of generated images, selecting the cluster centers
across diverse cell types. The COSMIC-generated images closely matched real microscopy images
in nucleus size, texture, and shape variation, appearing nearly indistinguishable (Fig. 3a). These
results demonstrate COSMIC’s capacity to generate high-fidelity, cell type-specific nuclear mor-
phologies from single-cell transcriptomes. Conversely, MorphNet produced lower-fidelity samples,
while MDT generated outputs that failed to preserve cell type information. Similarly, we observe
large improvements in the quality of the generated images on human cells (Appendix D Figure 6a).

To quantify the overall quality of the generated images, we use three metrics widely used in com-
puter vision: coverage (COV) (Achlioptas et al., 2018), sliced Wasserstein distance (SWD) (Bon-
neel et al., 2015), and k-nearest neighbor accuracy (k-NNA) (Xu et al., 2018) (Appendix C). COV
measures how well the generated samples span the real data distribution; SWD assesses statistical
divergence between real and generated distributions; and k-NNA evaluates how well the real and
generated samples are intermixed. Across all three metrics, COSMIC substantially outperformed
both MorphNet and MDT (Fig. 3b), achieving 46% to 70% better performance compared to the
best alternative method MorphNet. Similarly, we observe large improvements when applying COS-
MIC to human cells from the IRIS technology. Similar improvements are shown on human cells
(Appendix D Figure 6b).

We next evaluated whether COSMIC-generated images preserve cell type-specific information. To
this end, we trained a convolutional neural network (CNN) classifier to predict cell types using real
images and applied it on synthetic images generated by COSMIC, MDT, and MorphNet. On the
IRIS mouse dataset, we found that classifier applied to COSMIC’s generated images achieved an
average classification accuracy of 78%, close to the upper bound of 85% observed on the test set
of real data (Fig. 3c). In contrast, images generated by alternative methods MorphNet and MDT
achieved significantly lower performance (48% and 32%, respectively). We observed comparable
performance on a human dataset, where the model achieved 88% accuracy, with an upper bound
of 93% on real images. This demonstrates that the COSMIC-generated images retained a strong
conditional signal and preserved discriminative features of cell types.

Together, these findings establish that COSMIC’s transcriptome-to-image generation pipeline pro-
duces diverse nuclear morphologies that are quantitatively consistent with the input gene expression
profiles, laying the foundation for a generative understanding of the relationship between cellular
morphology and transcriptional state in single cells.

6



Accepted at the Gen2 Workshop at ICLR 2026

(a)

+200%

Pearson correlation threshold

Lef1
Itga4

Agl

Pe
rc

en
ta

ge
 o

f g
en

es

-0.2     0.0     0.2     0.4     0.6     0.8 0.0    0.2     0.4    0.6     0.8

0.8

0.6

0.4

0.2

0.0

100

80

60

40

20

0

M
D

T

COSMIC

Lgals1

COSMIC
MDT

Ground truth Generated

BCL

Fibroblasts

Macrophages

CD8

Arhgap15

(b) (c)

Figure 4: COSMIC generates transcriptomic profiles of cells from nuclear images. (a) Evaluation
of the generated transcriptomic profiles using Pearson correlation coefficient (ρ) by comparing them
to the ground-truth transcriptomes. Higher values indicate better performance. The curve shows
the cumulative percentage of genes exceeding a given Pearson correlation threshold. We compare
multi-domain translation (MDT) to COSMIC. (b) Comparison of Pearson correlation coefficient be-
tween COSMIC and MDT for individual genes. Five genes with the highest Pearson correlation are
highlighted in green. (c) Average gene expression of the five genes with the highest Pearson corre-
lation across different cell types. Ground truth expression (left) and COSMIC predictions (right).

4.3 COSMIC GENERATES TRANSCRIPTOMIC PROFILES OF SINGLE CELLS FROM NUCLEAR
IMAGES.

We examined the performance of COSMIC in the reverse direction: predicting transcriptomic pro-
files from microscopy images of single cells. To evaluate gene-level fidelity, we computed the Pear-
son correlation coefficient between generated transcriptome profiles and their ground truth coun-
terparts for all genes (details in Appendix C). We compared COSMIC to MDT, the only method
designed for this task. Using COSMIC, 12.5% (n = 1, 814 out of 14, 455 genes) had a correlation
coefficient higher than 0.4 (Fig. 4a) compared to MDT, using which none of the genes satisfied this
threshold.

When comparing individual genes, COSMIC was particularly predictive for cell type-specific
marker genes, for example, some marker genes, including Lef1, Itga4, Lgals1, and Arhgap15, dis-
played correlation coefficients nearing 0.8 across all cells, suggesting that morphology encodes
precise expression patterns for a subset of genes with strong phenotypic associations (Fig. 4b).

To understand the biological relevance of these predictions, we identified the top five most accurately
predicted genes for each cell type and plotted their average expression across cell types (4c). These
gene signatures respected the expected enrichment patterns, confirming that COSMIC could recover
cell type-specific expression programs for a subset of genes from nuclear morphology alone. We
observe similar results on human cells (Appendix D Figure 7).

Additionally, we show that our Morphology FM provides robust morphology representations that
outperform other image foundation models like OpenPhenom (Kraus et al., 2024) and ImageNet
MAE (He et al., 2022) (Appendix D Figure 8).

4.4 COSMIC IDENTIFIES MORPHOLOGY-ASSOCIATED GENES.

To evaluate whether COSMIC can uncover biologically meaningful morphology–transcriptome re-
lationships in unstructured and clinically relevant contexts, we next applied it to prostate cancer
cells. We treated DU145 cells with the chemotherapeutic agent Docetaxel, a taxane that blocks mi-
totic progression, induces G2/M arrest, and ultimately triggers apoptosis (Wall & Wani, 1995), and
profiled all the treated and untreated cells using IRIS.

We implemented a cycle-consistency strategy that leverages COSMIC’s bidirectional architecture:
a gene is considered “morphology-associated” if its expression can be reconstructed through an en-
tire inference cycle: from transcriptome to image back to transcriptome with minimal signal loss
(Fig. 5a). Intuitively, only genes whose information is encoded in morphological features can pass
through this bottleneck. While not implying causality, this criterion highlights genes whose expres-
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Figure 5: COSMIC identifies morphology-associated genes in prostate cancer cells. (a) Cycle gen-
erative framework using seq2img and img2seq models to identify genes associated with nuclear
morphology. (b) Validation on IRIS human and DU145 cells showing gene-wise Pearson corre-
lation between transcriptomes inferred from ground-truth images and COSMIC-generated images
(cycle). (c) Top morphology-associated genes identified in DU145 cells: CKS2, BUB1, DLGAP5,
AURKA, and CCNB1. (d) Distribution of CKS2 expression in DU145 cells, showing agreement
between COSMIC-generated (red) and ground-truth (blue) expressions. (e) Representative ground-
truth and COSMIC-generated nuclei for cycling and G2/M-arrested cells.

sion strongly covaries with morphological structure. As a validation, we confirmed that COSMIC-
generated images retained sufficient information to support complete inference cycles. Transcrip-
tomes predicted from (i) real images and (ii) COSMIC-generated synthetic images showed strong
Pearson correlations across all human cell types in the IRIS dataset (Fig. 5b).

COSMIC identified a set of nuclear morphology-associated genes such as CKS2, BUB1, DLGAP5,
AURKA, and CCNB1, which are all well-known regulators of mitosis and drivers of tumor progres-
sion (Toolabi et al., 2022) (Fig. 5c). Their enrichment for mitotic spindle and chromosomal seg-
regation pathways aligns with the distorted G2/M nuclear shapes observed in Docetaxel-responsive
cells, consistent with COSMIC detecting cross-modal structure linked to mitotic instability. For
CKS2, which was the top morphology-associated gene and a regulator frequently upregulated in
aggressive prostate cancers (Lai & Lin, 2024), COSMIC recovered two clear expression subpop-
ulations (Fig. 5d). These corresponded to the “responsive” (G2/M-arrested, enlarged nuclei) and
“non-responsive” (regular nuclei) Docetaxel groups. One plausible biological interpretation is that
CKS2-high cells progress rapidly into the vulnerable G2/M window where Docetaxel exerts its ef-
fect, while CKS2-low cells cycle more slowly and therefore appear less affected at the measured
timepoint. Alternatively, the CKS2-high cells might represent cells closest to progressing to G2/M
in the cell cycle, which would explain that these are the first cells to arrest in G2/M following Do-
cetaxel treatment. We observed similar results for other genes with high correlations (Appendix D
Figure 9).

Additionally, COSMIC’s bidirectional structure allowed us to generate synthetic nuclear images
conditioned on transcriptomes. These generated images recapitulated the expected morphological
differences. Specifically, CKS2-high cells exhibited enlarged, lobulated nuclei, whereas CKS2-low
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cells showed compact, uniform nuclei (Fig. 5e). This demonstrates that COSMIC captures subtle
but meaningful cross-modal structure and can resolve molecularly divergent subpopulations even
within a homogeneous cancer line.

Together, these results show that COSMIC can robustly recover genes whose expression is tightly
coupled to nuclear morphology in Docetaxel-treated prostate cancer cells. This highlights COS-
MIC’s ability to uncover cross-modal structure that links transcriptomic state to continuous variation
in nuclear architecture.

5 CONCLUSION

To model and quantify how transcriptional programs relate to nuclear morphology at single-cell
resolution, we developed COSMIC, a bidirectional generative framework that quantifies and mod-
els the information shared between these two modalities. By training conditional diffusion models
on paired transcriptomic and imaging data, COSMIC imposes strong biological priors on the map-
ping between modalities and enables generation in both directions: synthesizing realistic single-cell
nuclear images from gene expression profiles and predicting transcriptomic states from single-cell
nuclear images. Through this dual generative capability, COSMIC provides a way to characterize
how molecular programs and nuclear morphology are coupled.
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A HYPERPARAMETERS AND MODEL SELECTION

Encoder of Gene Expression. In our transcriptomic encoder, we preprocess the dataset (mouse
and human separately) by applying library-size normalization, log transformation, and selecting the
top 1024 highly variable genes using experiment ID as the batch key. The model is instantiated
as an SCVI Lopez et al. (2018) variational autoencoder with a hidden dimension of 128 and a latent
dimension of 64. Training is conducted for a maximum of 50 epochs while accounting for batch-
specific effects through the experiment ID. The model is trained for a fixed budget of 50 epochs
without early stopping or checkpoint-based selection. The final trained model is adopted directly,
and its latent representation is used as the condition of the conditional diffusion model. When
applying UCE Rosen et al. (2023) as the transcriptomic encoder, we directly use the pretrained 4-
layer UCE model with its default configuration, without any further fine-tuning or retraining. For
UCE, we perform inference only and use the resulting latent representation as an the conditioning
signal for the diffusion model.

Encoder of Cell Morphology. In COSMIC, we pretrain the image encoder as a masked autoen-
coder built on a ViT-Large backbone with 16 × 16 patches and 224 × 224 inputs. We mask a
fixed ratio of 0.75 tokens per image and reconstruct the corresponding pixel patches using an MAE
decoder configured with a decoder embedding dimension of 512, a single transformer layer, 16 at-
tention heads, an MLP ratio of 4.0, and no projection or attention dropout. Images are resized to
224 and augmented with independent horizontal and vertical flips (probability 0.5 each). Train-
ing uses mean-squared error between predicted and target masked patches, the AdamW optimizer
with a learning rate of 1.5 × 10−4, and mini-batches of size 256. We train the MAE for up to 10
epochs without early stopping or validation-based selection. We adopt the final-epoch checkpoint
for downstream use.

Decoder of Gene Expression. In COSMIC, we map image-derived embeddings to gene-
expression vectors in two training stages. Targets are constructed from the mouse dataset by ap-
plying library-size normalization followed by a log(1+x) transform. In Stage 1, a ViT-L/16 masked
autoencoder backbone encodes each image into a 1024-dimensional feature vector (with only the
last transformer block trainable), and a linear regressor maps this feature to the full gene-expression
vector; we train this baseline with a mean squared error loss using Adam (learning rate 1× 10−4), a
batch size of 32 for training (and 256 for testing), for 30 epochs. In Stage 2, we freeze the encoder
and regressor and train a residual diffusion model on the prediction residuals r0 = x0 − x̂base, using
a denoiser that is a 3-layer MLP (2048 of hidden dimension) conditioned on the 1024-dimensional
image feature, We use a short diffusion horizon of T = 10 steps with a linear noise schedule from
5× 10−5 to 5× 10−4 and train the residual model with an MSE loss for 10 epochs. We use a fixed
train/test split implemented by alternating indices (odd for training, even for testing), evaluate on
the test split after each epoch, and adopt the final checkpoint from Stage 2 for downstream use.

Decoder of Cell Morphology. In COSMIC, we train a conditional diffusion image decoder using
the Imagen framework to generate 256×256 images from transcriptomic embeddings. The architec-
ture comprises a single UNET with base dimension 32, conditioning dimension 64, and multi-scale
widths given by (1, 2, 4, 8). Each scale uses one ResNet block; self- and cross-attention are enabled
only at the final scale. Conditioning vectors are 64-dimensional with classifier-free guidance via a
drop probability of 0.1. The diffusion process spans 1000 timesteps with prediction objective xstart.
Inputs are resized to 256 without additional augmentations. Training optimizes the Imagen loss with
AdamW at a learning rate of 1.5× 10−4 and a mini-batch size of 16. We train for up to 100 epochs
(iterating over mini-batches) without early stopping or validation-based checkpointing. We adopt
the most recent checkpoint for downstream experiments.
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B DATASETS AND DATA PRE-PROCESSING

For COSMIC training, we use paired single-cell nuclear images and transcriptomic profiles obtained
from the IRIS platform, which enables the simultaneous capture of scRNA-seq data and fluorescence
microscopy images from the same individual cells. The dataset includes both mouse and human
samples. The mouse dataset contains 9,039 cells from 4 cell lines (3T3, RAW, CAR A20, and naive
CD8+ T cells), spanning 8 batches. The human dataset consists of 17,109 cells drawn from 3 cell
lines (DU145, RPE1, C4-2B) and PBMCs (Lymphocytes and Monocytes), spanning 15 batches.
Table 1 shows the batches by source for each cell line.

Cell line This work (expIDs) From IRIS work Bues et al. (2025)
(expIDs)

Human
DU145 JP240 -
PBMC JP247 NG037, NG039, NG050, NG042, JP250,

JP268, NG045, NG027
RPE JP270, NG046 -
C4-2B JP273, NG047 -

Mouse
3T3 - JP241, JP277, NG015, NG026, NG029
Naive CD8+ JP263 -
CAR-A20 JP271 -
RAW NG033 -

Table 1: Batches by source for each cell line.

Nuclear images are acquired via Hoechst staining and imaged under standard epifluorescence con-
ditions. Raw whole-well images are first corrected for illumination heterogeneity and nuclei are
segmented using a deep learning-based nucleus segmentation pipeline. Each segmented nucleus is
cropped into a square patch centered on the nucleus centroid, with a fixed input size of 256 × 256
pixels. Cropped images are intensity-normalized to the [0, 1] range per patch. The final preprocessed
nuclear morphology images serve as input to the COSMIC morphology FM and as targets for the
seq2img diffusion model.

We process transcriptomic data using standard single-cell RNA-seq workflows. Raw count matrices
are filtered to remove low-quality cells (i.e., with fewer than 500 detected genes or high mitochon-
drial gene content) and genes not expressed in at least 5 cells. We normalize counts using total-count
scaling to ensure that each cell has a total count equal to the median across cells, followed by a log1p
transformation.

For training the COSMIC morphology FM, we construct a large-scale single-cell morphology
dataset by aggregating Hoechst-stained nuclear images from three publicly available sources: the
JUMP-Cell Painting (JUMP-CP) dataset Weisbart et al. (2024) (cell line: U2OS), the stojic-lncrnas
dataset Stojic et al. (2020) (cell line: HeLa), and the pascualvargas-rhogtpases dataset Pascual-
Vargas et al. (2017) (cell line: LM2). From each whole-well image, we perform automated segmen-
tation using a deep learning-based pipeline to identify individual nuclei. Following segmentation,
we extract cropped image patches centered on each nucleus using a fixed-size bounding box. Quality
control steps included filtering out images with overlapping nuclei, debris, or segmentation errors,
ensuring only well-centered and morphologically intact cells were retained. Altogether, this process
yielded over 21.7 million high-quality single-nucleus images spanning distinct cell types and exper-
imental perturbations. These curated image patches were used to train the COSMIC morphology
FM from scratch with a masked autoencoder (MAE) objective, enabling the model to learn rich and
generalizable representations of nuclear morphology.
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C EVALUATION METRICS

We evaluated COSMIC using different metrics, including Coverage (COV) Achlioptas et al. (2018),
Sliced Wasserstein Distance (SWD) Bonneel et al. (2015), k-Nearest Neighbor Accuracy (k-
NNA) Xu et al. (2018), gene-level correlation, and classification accuracy. Unless stated otherwise,
all distances are computed in the embedding spaces defined by the morphology FM or the transcrip-
tomic encoder using the Euclidean distance.

Distributional fidelity and diversity. To assess the distributional fidelity and diversity of COS-
MIC’s generated outputs relative to real data, we computed COV, SWD, and k-NNA. Coverage
(COV) Achlioptas et al. (2018) measures the proportion of real samples that are the nearest neigh-
bour of at least one generated sample. Formally, given real samples Xreal = {xi}Ni=1 and generated
samples Xgen = {x̂j}Mj=1, we define

COVd(Xreal,Xgen) =
1

N

N∑
i=1

1[ ∃ j ∈ {1, . . . ,M} s.t. i = x̂jXreal] .

where x̂jXreal = argminx∈Xreal
d(x̂j , x) is the (index of the) nearest real point to x̂j . In all our

experiments, we set M = 10N , sampling the model more densely than the data to obtain a more
stable empirical estimate of coverage, in line with prior practice of using many more generated than
real samples for evaluation Chen & Zhang (2019).

We measure fidelity with the Sliced Wasserstein distance (SWD) Bonneel et al. (2015). Intuitively,
SWD compares two point sets by repeatedly (i) projecting both sets onto a random one-dimensional
direction, (ii) sorting the projected points, and (iii) averaging the absolute gaps between the two
sorted lists. Doing this over many random directions and averaging the results yields a stable dis-
tance: a small SWD means that the generated embeddings align well with the real ones.

Formally, let {θk}Kk=1 be unit vectors drawn at random from the unit sphere in the embedding space.
For each direction θk, we project the real and generated samples to obtain one-dimensional point
sets

u(k) = {⟨θk,xi⟩}Ni=1, v(k) = {⟨θk, x̂j⟩}Mj=1.

We then compute the one-dimensional Wasserstein–1 distance W1(u
(k), v(k)) by sorting and pairing

the projected points. The sliced Wasserstein distance between the two distributions is defined as the
expectation of this quantity over random directions and is approximated in practice by the empirical
average

SWD(Xreal,Xgen) =
1

K

K∑
k=1

W1

(
u(k), v(k)

)
.

To normalize the scores to [0, 1], we divide all SWD values by SWD(Xreal,Xgauss), where Xgauss is
sampled from a Gaussian distribution with the same mean and variance as Xreal.

To quantify how well real and generated samples mix in feature space, we use a k-nearest neighbor
accuracy (k-NNA) metric extended from 1-NNA Xu et al. (2018). Let X = Xreal ∪Xgen denote the
union of real and generated samples, and let y(x) ∈ {0, 1} be the domain label (real or generated).
For each sample x ∈ X, we consider its k nearest neighbors {x(i)}ki=1 in X \ {x} and compute the
fraction of neighbors that come from the same domain. The k-NNA score is defined as

k-NNAk = Ex∈X

[
1

k

k∑
i=1

1
[
y(x(i)) = y(x)

]]
. (1)

For balanced real and generated sets with matching cardinality (that is, |Xreal| = |Xgen|), an ideal
generator yields k-NNAk ≈ 0.5, which indicates that local neighborhoods are well mixed across
domains. Larger values of k-NNAk indicate that neighborhoods are dominated by a single domain
and that the two distributions are more easily separable. In all experiments, we set k = 0.05 ×
(|Xreal|+ |Xgen|), that is, we use the 5% nearest neighbors of the pooled dataset.
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Gene-level correlation. To evaluate transcriptome generation from images, we computed the
Pearson correlation between predicted and ground-truth gene expression vectors. When evaluat-
ing across cell lines, for each gene g, we define

P-corrg = PearsonCorr(xRNA
g , x̂RNA

g ),

where xRNA
g and x̂RNA

g are the real and generated expression values for gene g across cells. The
resulting distribution of correlation scores reflects gene-level accuracy and informs the extent to
which morphological features constrain transcriptional variability.

When evaluating within each cell line, we calculate the Pearson correlation separately for each ex-
perimental batch and then average the correlation scores across batches. This reduces the influence
of batch effects on the evaluation scores. Where appropriate, we assess statistical significance us-
ing the standard two-sided t-test for the Pearson correlation coefficient, with multiple-hypothesis
correction applied to the resulting adjusted p-values.

Cell-type classification. To assess how well generated images capture cell type information, we
trained a cell type classifier on real data and evaluated its performance on generated data. Specif-
ically, we train an image cell type classifier (a four-layer convolutional backbone followed by a
two-layer fully connected head) on ground-truth nuclear images and tested it on generated images
to determine whether cell type discriminative visual features are preserved. Similarly, for transcrip-
tome prediction, we train a two-layer multilayer perceptron (MLP) as the transcriptome cell type
classifier and test it on generated transcriptomes to evaluate whether cell type discriminative molec-
ular signatures are preserved.

Cell cycle angular score calculation. Following Hsiao et al. (2020), we assign each cell a con-
tinuous cell cycle phase on the interval [0, 2π). We first apply a log1p transformation to FUCCI
intensities, then project them onto the orthonormal basis given by the first two principal components
(PC1 and PC2). For each cell, we compute the angle

θ = arctan2(PC2, PC1),

which yields a continuous angular score along the cell cycle trajectory. The orientation of the angle
is chosen such that phases assigned from FUCCI gating (for example G1, S, G2, M) align with the
expected order as described in Hsiao et al. (2020).

16



Accepted at the Gen2 Workshop at ICLR 2026

D ADDITIONAL RESULTS

D.1 COSMIC GENERATES REALISTIC SINGLE-CELL NUCLEAR IMAGES

(a) (b)
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Figure 6: COSMIC generates high-quality nuclear images from transcriptomic profiles of human
cells. (a) Qualitative comparison of COSMIC with MorphNet Lee & Welch (2022) and MDT Yang
et al. (2021) on randomly selected mouse cell types. (b) Quantitative evaluation on IRIS mouse cells
using COV, SWD, and k-NNA. Error bars represent the standard deviation across five independent
rounds of generation. Red dashes indicate the best value; numbers denote COSMIC’s improvement
over the strongest baseline.

D.2 COSMIC GENERATES TRANSCRIPTOMIC PROFILES OF SINGLE CELLS
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Figure 7: COSMIC generates transcriptomic profiles of cells from nuclear images on human data.
(a) Cumulative distribution of per-gene Pearson correlations on human data comparing COSMIC
to the MDT baseline; COSMIC yields a substantially larger fraction of positively correlated genes,
corresponding to a 250% accumulated improvement from a correlation threshold of 0. (b) Per-gene
performance comparison (MDT vs COSMIC); points below the diagonal indicate COSMIC outper-
forms MDT. Example genes are annotated (CENPX, DST, HMGA2, CD59). (c) Cell-type–level heat
map of top predictable genes, showing that COSMIC preserves characteristic expression patterns
relative to ground truth, consistent with accurate recovery of cell-type signatures.
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D.3 MORPHOLOGY FM OUTPERFORMS THE OTHER IMAGE ENCODERS
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Figure 8: Comparison of four image encoders for generating nuclear images from transcriptomic
profiles: COSMIC Morphology FM, ImageNet MAE He et al. (2022), ImageNet ResNet ?, and
OpenPhenom Kraus et al. (2024). Boxplots showing the distribution of Pearson correlations for
genes consistently well-predicted across all four methods. Genes with correlation ≥ 0.3 in every
method were retained (n = 1636). Each boxplot summarizes correlations for the same set of genes
across different methods. Each box indicates the interquartile range (25th to 75th percentiles) with
the central line marking the median. Whiskers extend to the 5th and 95th percentiles.

D.4 COSMIC IDENTIFIES MORPHOLOGY-ASSOCIATED GENES

Figure 9: Expression histograms for additional top morphology-associated genes in DU145 cells,
including AURKA, CCNB1, DLGAP5, and BUB1. For each gene, the histogram shows its nor-
malized expression level (y-axis) as a function of the number of DU145 cells (x-axis), compar-
ing COSMIC-generated expressions from nuclear morphology (red) with ground-truth expressions
(blue).
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