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Abstract

Transcriptomic profiling resolves mechanism-of-
action signal at single-cell resolution, but cannot
match the scale or cost of morphological imaging.
If the fingerprint of a treated cell population car-
ries recoverable structure in transcriptomic space,
every imaging experiment, spanning millions of
cells at a fraction of the sequencing cost, becomes
a latent source of molecular insight. We intro-
duce PhenoSeq, a conditional diffusion model
with a cross-attention denoising architecture that
bridges two biological foundation models: a vi-
sion transformer for morphological features and
a transcriptomic language model for single-cell
gene expression. Operating under population-
level supervision, it learns a conditional distribu-
tion over transcriptomic profiles from treatment-
matched morphological observations. Evaluated
on a 28-compound treatment-identification bench-
mark, PhenoSeq-generated embeddings outper-
form raw imaging in single-profile classification,
and multimodal fusion recovers ~29% of the gap
to the real-transcriptomics ceiling; in the multi-
profile setting, synthetic fusion more than doubles
imaging-only balanced accuracy. Embedding-
space fidelity confirms correct treatment local-
isation for the majority of conditions. These
results demonstrate that generative cross-modal
modelling from imaging to transcriptomics is both
architecturally feasible and downstream-useful in
phenotypic drug discovery. Our code is available
at: https://github.com/reednaidoo/
PhenoSeq
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1. Introduction

High-content imaging assays such as Cell Painting (Bray
et al., 2016) produce morphological fingerprints of cellular
response to perturbation at scale (Haghighi et al., 2022),
making them among the richest phenotypic resources in
drug discovery (Kraus et al., 2024; De Vries et al., 2025).
Through the spatial organisation of cellular substructures
and nuclear geometry, these fingerprints encode the cumula-
tive effect of a cell’s molecular history and are broadly pre-
dictive of mechanism of action (Bakal et al., 2007; Lomakin
et al., 2020). Yet morphology captures only one projec-
tion of cellular state. Single-cell RNA sequencing resolves
the underlying molecular programme directly, including
pathway activity, regulatory dynamics, and mechanism-of-
action signal with access to mechanistic information that
imaging alone cannot fully decode (Van de Sande et al.,
2023; Dapello et al., 2026). These modalities are not in
competition but in correspondence, both projections of the
same biology onto different measurement axes (Way et al.,
2022; Sailem et al., 2014).

This correspondence motivates a generative question: can a
model learn the mapping between them? In digital pathol-
ogy, cross-modal generation has produced clinically signifi-
cant results: HE2RNA (Schmauch et al., 2020) showed bulk
RNA-seq signal is recoverable from histology, and PathGen
(Dey et al., 2025) demonstrated that diffusion-generated
transcriptomics fused with imaging reaches performance in-
distinguishable from real molecular data on cancer grading
and survival prediction. These results establish a clear prin-
ciple: synthesised transcriptomics can provide functional
signal genuinely complementary to imaging, even when
generation is imperfect. The analogous challenge in drug
discovery has remained unexplored, partly for lack of paired
data. Dapello et al. (2026) recently introduced the first
dataset pairing single-cell RNA-seq with Cell Painting im-
ages under matched perturbations, and explicitly identified
joint generative modelling as an untested direction.

We introduce PhenoSeq, a conditional diffusion model (Ho
et al., 2020; Song et al., 2022) that generates transcrip-
tomic embeddings from Cell Painting imaging features
without cell-paired supervision, trained on Dapello et al.
(2026). Because RNA-seq is destructive, PhenoSeq models
a population-level conditional distribution over transcrip-
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tomic profiles given treatment-matched morphological ob-
servations, rather than learning a per-cell mapping. Overall,
we propose PhenoSeq and make the following contributions:

* The first conditional diffusion model bridging Cell
Painting imaging to single-cell transcriptomic embed-
dings, building on foundation models for morpho-
logical profiling (Kraus et al., 2024; Chandrasekaran
et al., 2023), transcriptomic representation learning
(Cui et al., 2024; Theodoris et al., 2023), and within-
modality generative models (Zhang et al., 2025; Palma
et al., 2025; Wang et al., 2025; Naidoo et al., 2025;
Luo et al., 2024; He et al., 2026).

* A cross-attention denoising architecture paired with
a self-attention imaging context encoder, enabling
population-level conditioning without requiring per-
cell paired supervision.

* Synthetic embeddings outperform imaging in single-
profile classification (WE 0.293 vs. 0.270); multi-
modal fusion recovers ~=29% of the gap to the real-
transcriptomics ceiling (WE 0.315 vs. 0.425) and more
than doubles imaging-only balanced accuracy in the
multi-profile setting.

2. Methods and Evaluation Protocol

This section first introduces data processing pipelines (§2.1),
followed by detailed description of our proposed PhenoSeq
method (§2.2), and evaluation protocol (§2.3).

2.1. Dataset and Feature Extraction

Population-level pairing. Because RNA-seq is destructive,
imaging and transcriptomic measurements are made on dif-
ferent cells from the same treated well; pairing exists at the
treatment-condition level only. PhenoSeq therefore learns
a population-level conditional generator, and evaluation is
conducted at the treatment level.

The scGeneScope dataset (Dapello et al., 2026) pairs Cell
Painting images with scRNA-seq profiles of U2-OS cells
under 28 chemical perturbations, across five replicates in
two experimental rounds. Imaging features are ViT-L Ima-
geNet embeddings (Deng et al., 2009) (5 channels x 1024
= 5,120-dim). Transcriptomic targets are 512-dim scGPT
embeddings (Cui et al., 2024), chosen so PhenoSeq inherits
scGPT’s biologically structured pre-training geometry as
the target manifold. Embeddings are normalised to zero
mean and unit variance using training-split statistics.

2.2. PhenoSeq: Conditional Diffusion Model

At each step, N=16 cells are sampled uniformly from the
treatment pool (line 2); the self-attention context encoder
(line 8) aggregates population-level structure before cross-
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Figure 1. PhenoSeq training schematic. Cell Painting crops
are encoded per-channel by a frozen ViT-L backbone and con-
catenated into a 5,120-dim imaging feature vector, which is then
contextualised by a 2-layer self-attention encoder before serv-
ing as cross-attention conditioning context. scRNA-seq profiles
are embedded by scGPT into a 512-dim vector xo. A timestep
t ~ U{1,T} is sampled and noise € ~ AN(0,I) is added to
Xo via the cosine-schedule forward process to produce x;. The
cross-attention denoiser €¢ (6 blocks, AdaLLN time conditioning)
predicts the added noise, and the model is trained to minimise
L = Eyc[|le — co(xXt, Cimg, t)||*]. Imaging and transcriptomic
measurements are matched at the treatment-condition level rather
than the individual cell level.

attention conditioning in &¢.

Architecture. PhenoSeq is a denoising diffusion probabilis-
tic model (Ho et al., 2020) that generates 512-dim transcrip-
tomic embeddings conditioned on a set of per-cell imaging
features, following the training procedure in Algorithm 1.
The architecture has three components: an imaging context
encoder, a time embedding module, and a cross-attention
denoising stack.

The imaging context encoder projects IV per-cell ViT-L em-
beddings (5,120-dim) to 1,024-dim and passes them through
a 2-layer self-attention transformer (4 heads, GEGLU feed-
forward), capturing population-level covariation across cells
before the context is consumed by the denoiser. The re-
sulting sequence Cipmg € RY*1924 serves as the key-value
input to all downstream cross-attention layers. The time em-
bedding maps timestep ¢ to a 256-dim vector via sinusoidal
encoding and a 2-layer Mish MLP, consumed by adaptive
layer norm (AdaLN) in every block to modulate scale and
shift as a function of noise level.

The denoising stack comprises six transformer blocks, each
operating on the noisy RNA embedding x; projected to
1,024-dim. Within each block, 8-head cross-attention at-
tends over ¢, at every denoising step, followed by self-
attention and a GEGLU feedforward layer (4 x expansion),
with AdaLN conditioning throughout. The final output is
projected to 512-dim to produce £¢(X¢, Cimg, t). Architec-
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Algorithm 1 PhenoSeq Training

Require: Dataset D = {(Xi(fn)g7 x$)}, noise schedule {a;}7;,
denoiser €¢
repeat
Sample condition ¢ ~ D
Sample N=16 imaging cells X,z C X
Sample RNA embedding xo ~ p(xq | ¢)

1:

2

3 ©
4:

5:  Sample timestep ¢t ~ U{1,T}

6.

7

8

img

Sample noise € ~ N(0,1)
Compute x; = v/arXo +1—az e
: Encode context Cimg = SelfAttn(Proj(Ximg)g
9:  Take gradient step on Vg |le — e6(X¢, Cimg, t)]]
10:  Update EMA weights 0 < A0 + (1 — \)0
11: until convergence

ture hyperparameters are in Table 4.

Diffusion process. We use Gaussian diffusion with a cosine
[ schedule (Nichol & Dhariwal, 2021) over 7' = 1,000
steps. At each training step, a timestep ¢t ~ U{1,T} is
sampled, noise ¢ ~ A(0,I) is added to the clean RNA
embedding xo according to the forward process, and the
model is trained to predict the added noise: £ = E; . [|le —
£9(X¢, Cimg, t)[|?]. The cosine schedule is preferred over
linear because it decays ai; more gradually near the terminal
end of the forward process, preserving signal-to-noise at
high noise levels and improving the conditioning of the
denoising task.

Training. The model is optimised with AdamW (Ir=10"%,
weight decay 10~5) with batch size 256, cosine schedule
with 5-epoch linear warmup, early stopping (patience 50 on
validation loss), and EMA (decay 0.9999) used exclusively
at inference. Full training hyperparameters are in Table 5.

Inference. At inference, all available imaging cell em-
beddings are mean-pooled into a single context token (vs.
N=16 random cells at training), removing sampling vari-
ance from the conditioning signal. Sampling follows DDIM
(Song et al., 2022) with 50 steps under a fixed seed; outputs
are de-normalised using training-split statistics before all
downstream evaluation.

2.3. Evaluation Protocol

The effectiveness of PhenoSeq is evaluated in embedding-
space fidelity and treatment classification performance.

Embedding-space fidelity. For each of the 29 conditions
(28 compounds and DMSO, with DMSO retained as an ad-
ditional reference point) we compute per-treatment mean
embeddings for real and synthetic profiles separately. Be-
cause pairwise cosine similarities between real treatment
centroids sit near 0.999 — a consequence of scGPT’s pre-
training geometry rather than model behaviour — absolute
cosine values are not diagnostic of treatment specificity. The
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Figure 2. UMAP comparison of scGPT representations for the top
8 treatments. Circles (@) and triangles (A) denote real and syn-
thetic cells respectively; filled markers indicate cluster centroids.
Inset shows a magnified view of the top-ranked treatment cluster.

primary metrics are therefore retrieval rank, Accuracy@1,
and Mean Reciprocal Rank (MRR). For each synthetic cen-
troid s we rank all 29 real centroids by cosine similarity;
rank 1 indicates the synthetic embedding is geometrically
nearest to its own treatment’s real centroid.

Treatment classification. We mirror the scGeneScope
benchmark exactly (Dapello et al., 2026). The canonical
split assigns replicate 3 to training, replicate 5 to valida-
tion, replicate 4 as the within-experiment (WE) test, and
replicates 142 from the independent round 2 as the held-out-
experiment (HE) test. DMSO is excluded from the predic-
tion target, yielding a 28-class problem with chance level
1/28 = 0.036 balanced accuracy. All results are averaged
over 5 independent training seeds; we report mean =+ std.
Reference rows from Dapello et al. (2026) (marked t, re-
ported as mean = std error over 5 seeds on the same split)
are included for calibration.

We evaluate two input settings. In the single-profile setting,
all cells from a sample are averaged into one embedding be-
fore training and evaluation, removing subsampling stochas-
ticity and providing the cleanest modality comparison. In
the multi-profile (avgpool) setting, k=32 cells are drawn
uniformly at random per sample per forward pass and aver-
aged, simulating realistic inference where only a subset of
profiled cells is available. For multimodal inputs, imaging
and RNA embeddings are sampled independently from their
respective cell pools, reflecting the experimental reality that
the two modalities are measured on different cells.
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3. Experimental Results
3.1. Embedding-Space Fidelity

To measure the fidelity of synthetic transcriptomic profiles
relative to real ones, we compare the two qualitatively in
Figure 2 via UMAP visualisation, and quantitatively in Ap-
pendix Table 3 via per-treatment retrieval rank and speci-
ficity. The visualization shows that the global cluster geom-
etry of the real scGPT space is preserved in the synthetic
space. Synthetic treatment centroids localise correctly in the
real scGPT embedding space for the majority of conditions:
21 of 29 conditions achieve rank < 4, and 15 achieve rank 1
(MRR = 0.60). Treatments with morphologically distinc-
tive phenotypes rank first with the largest specificity mar-
gins: Thapsigargin (0.0109), DBeQ (0.008), Cycloheximide
(0.0079). Simvastatin (rank 17), LY303511 (rank 18), and
12-O-tetradecanoylphorbol-13-acetate (rank 25) are three
failure cases: they induce phenotypes that are insufficiently
discriminative in U2-OS cells at the doses used, providing
a natural ceiling: the model cannot place synthetic cen-
troids in the correct neighbourhood when imaging features
themselves do not separate the treatment from controls.

3.2. Treatment Classification: Single Profile

We further examine how much our synthetic embeddings
can benefit treatment classification when used as a com-
plementary modality. Table 1 reports single-profile results.
The primary finding is that synthetic RNA improves over
imaging both unimodally and in fusion; HE gains are more
modest. Unimodally, synthetic RNA achieves WE balanced
accuracy of 0.293 + 0.002 against 0.270 £ 0.005 for imag-
ing alone — a gain of 4-0.023 WE. Because PhenoSeq’s
output is a deterministic function of imaging features (fixed
DDIM seed, mean-pool conditioning), this gain reflects fea-
ture distillation into biologically structured scGPT geometry
rather than recovery of genuinely new transcriptomic signal:
the same imaging information, transformed into a target
space shaped by scGPT pre-training, is more useful to the
downstream classifier under matched capacity.

Table 1. Treatment classification under single-profile setting (mean
=+ std over 5 seeds, canonical split: train=rep3 val=repS WE-
test=rep4 HE-test=rep1+2). Reference rows () are reported results
from Dapello et al. (2026) Table 1 using zero-shot embeddings.

Method WE Bal. Acc.  WE Macro-F1  HE Bal. Acc. HE Macro-F1

Image (real) 0.270 £0.005  0.258 +0.002  0.206 £+ 0.002  0.179 + 0.003
RNA (real) 0.383+0.002 0.375+£0.002 0.379 +0.002  0.340 £+ 0.003
RNA (synthetic) 0293 +0.002 0.243 £0.002  0.205 4+ 0.001  0.152 £ 0.002
Image + RNA (real) 0.42540.003  0.403 £0.004 0.402 +0.003 0.375 £ 0.005
Image + RNA (synthetic) 0315 £0.002  0.269 +0.002  0.226 £+ 0.002  0.194 + 0.003
Image (real)t 0.279 £0.009  0.264 +0.013  0.208 £ 0.003  0.184 + 0.002
RNA (real, scGPT)¥ 0.387 +£0.004 0.378 £0.003  0.381 +0.004 0.341 £ 0.005

9The scGeneScope benchmark reports results across multiple
embedding backbones and input settings, including multimodal
and multi-profile configurations not fully reproduced here. Our

Fusing synthetic RNA with real imaging yields WE 0.315 +
0.002 and HE 0.226 + 0.002, recovering ~29% of the gap
between imaging-only (WE 0.270) and the real-RNA multi-
modal ceiling (WE 0.425 £ 0.003, HE 0.402 + 0.003). Our
synthetic RNA and multimodal synthetic numbers sit close
to but slightly below the scGeneScope reference scGPT
rows (1), consistent with independently tuned hyperparam-
eters on the same split. The HE generalisation of imaging-
only (0.206) and synthetic RNA unimodal (0.205) are near-
identical, confirming that the WE gain does not worsen
out-of-distribution generalisation.

3.3. Treatment Classification: Multi Profile

Besides the single-profile setting, Table 2 further reports
multi-profile performance (avgpool, k=32). The gain from
synthetic RNA fusion is larger here in absolute terms than
in the single-profile setting: multimodal fusion of synthetic
RNA with imaging achieves WE 0.271 £ 0.029 against
an imaging-only baseline of WE 0.157 +0.017, a +0.114
absolute gain on WE and +0.125 on HE (0.211 vs. 0.086).

Table 2. Treatment classification under multi-profile setting (avg-
pool, k=32, mean =+ std over 5 seeds, canonical split).

Method WE Bal. Acc.  WE Macro-F1  HE Bal. Acc.  HE Macro-F1

Image (real) 0.157£0.017 0.126 £0.015  0.086 £ 0.013  0.055 + 0.016
RNA (real) 0.4294+0.039 0.395+0.039 0.307 +£0.029 0.237 £ 0.037
RNA (synthetic) 0.300+0.017  0.253 +£0.033  0.286 +0.039  0.225 + 0.050
Image + RNA (real) 0.436 +£0.061  0.369 £0.070  0.336 +0.013  0.270 £ 0.032

Image + RNA (synthetic) 0.271 £0.029  0.2324+0.032 0211 £0.031  0.179 +0.033

This pattern is consistent with the feature-distillation in-
terpretation: in the multi-profile setting, the imaging-only
classifier is weakened by stochastic 32-cell subsampling,
making the representational improvement from generating
into scGPT space more visible. Unimodal synthetic RNA
achieves WE 0.300 +£ 0.017, above the imaging-only base-
line (WE 0.157); elevated standard deviation reflects the
interaction between stochastic subsampling and treatment
imbalance across replicate folds, and the single-profile set-
ting remains the cleaner primary comparison. The real-
RNA multimodal ceiling reaches WE 0.436 + 0.061 and
HE 0.336 £ 0.013.

4. Conclusion

PhenoSeq demonstrates that foundation model representa-
tions are complementary across modalities: Cell Painting
imaging features, distilled into a biologically structured tran-
scriptomic space via a conditional diffusion model, improve
treatment identification over imaging alone. It recovers
approximately 29% of the gap to the real-transcriptomics
ceiling in single-profile fusion, and more than doubling

comparisons are scoped to the scGPT zero-shot rows, which match
the embedding space PhenoSeq targets; higher-performing options
exist in the full benchmark.
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imaging-only balanced accuracy in the multi-profile set-
ting. Embedding-space fidelity confirms correct localisa-
tion for 21 of 29 conditions. The population-level pair-
ing imposed by destructive sequencing is a natural starting
point; future work will incorporate cell-paired joint readouts,
richer population-level conditioning via biological priors,
and learned set-aggregation at inference to move toward per-
cell supervision. In digital pathology, diffusion-generated
transcriptomics has already produced clinically meaningful
gains over imaging-only models (Schmauch et al., 2020;
Dey et al., 2025) and PhenoSeq demonstrates the same is
viable in phenotypic drug discovery.

Impact Statement

PhenoSeq generates synthetic transcriptomic embeddings
from Cell Painting imaging as an auxiliary representation
for downstream analysis in early-stage phenotypic drug dis-
covery. Synthetic embeddings are intended to complement,
not replace, empirical molecular measurement. The primary
societal benefit is accelerating mechanism-of-action discov-
ery at reduced experimental cost; we do not anticipate harms
beyond those generally associated with machine-learning-
driven compound prioritisation, such as the propagation of
dataset biases into screening decisions. There are no con-
cerns specific to this work that we feel must be highlighted
here.
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Cell Painting Generates Single-Cell Transcriptomics via Conditional Diffusion

A. Detailed Methods
A.1. Diffusion Model

Forward process. PhenoSeq uses Gaussian diffusion (Ho et al., 2020) in the 512-dimensional scGPT embedding space.
Given a clean RNA-seq embedding x; € R?'2, the forward process defines a fixed Markov chain that progressively noises
xo with Gaussian noise over 7' = 1,000 steps:

q(x¢ | x¢—1) = N(Xt; V1—=Bixi1, ﬁtI) ; (1

where {f3;}1_, is the noise schedule. The marginal at any step admits a closed form:

t

q(Xt ‘ XO) :N(Xt; @XOa (1 - at)I) ) oy = H(l - 58)7 (2)

s=1

which is used to sample noisy embeddings directly at training time without iterating through the chain.

Noise schedule. We use the cosine schedule of Nichol & Dhariwal (2021), which defines:

B _& ~ cos t/T—|—5'E 2

with offset s = 0.008 to avoid &, reaching zero too early near t = T'.

Training objective. The denoiser ¢ is trained with the simple noise-prediction objective (Ho et al., 2020):
£= By xp.e[le = 20(xt, img, )] o

where e ~ N (0,I), x; is obtained from Equation 2, and cin, is the imaging context sequence described below. The
timestep ¢ is sampled uniformly from {1, ..., 7'} at each training step.

Denoiser architecture. The denoiser ey takes as input a noisy RNA embedding x;, an imaging context Cing, and a scalar
timestep t, and outputs a noise prediction of the same shape as xg. It has three components.

(i) Imaging encoder. At each training step, N = 16 imaging cell embeddings are drawn uniformly at random from the
sample’s pool of ViT-L features (each 5,120-dimensional). These are projected to 1,024 dimensions via a linear layer
and passed through a 2-layer self-attention transformer (4 heads, no positional encoding), producing a context sequence
Cimg € RY*1024_ Self-attention across the N cells allows the encoder to capture population-level structure — heterogeneity
and co-variation within the well — before serving as conditioning context.

(ii) Time embedding. The scalar timestep ¢ is encoded as a 256-dimensional sinusoidal embedding, then passed through a
two-layer MLP to produce a time vector e; € R256. This vector is consumed by every adaptive layer norm (AdaLLN) in the
denoising stack, modulating both scale and shift of each sublayer’s output as a function of the noise level.

(iii) Cross-attention denoising stack. Six transformer blocks progressively refine the noisy RNA query. In each block: (a)
x; is projected to 1,024 dimensions and treated as a single query token that attends over c;,, via 8-head cross-attention,
pulling information from the imaging context at every denoising step; (b) the output undergoes self-attention (residual
refinement); (c) a feedforward layer with 4 x hidden expansion is applied. AdaLLN with e; conditions both the self-attention
and feedforward sublayers. The final block output is projected from 1,024 to 512 dimensions to produce £¢(X¢, Cimg, t).
Full architecture hyperparameters are in Table 4.

Training details. The model is optimised with AdamW (Ir = 104, 3; = 0.9, 8> = 0.999, weight decay 10~?), batch
size 256, gradient clipping at || - ||2 < 1.0, and a 5-epoch linear warm-up followed by cosine learning-rate decay. Training
runs for up to 5,000 epochs with early stopping on validation loss (patience 50). An exponential moving average (EMA,
decay 0.9999) of model weights is maintained throughout and used exclusively for inference. Training hyperparameters are
summarised in Table 5.
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Inference. Synthetic embeddings are generated per sample using DDIM (Song et al., 2022) with 50 deterministic denoising
steps, starting from x7 ~ A(0,I). At inference, the imaging context is the mean of all available imaging cell embeddings
for the sample — a single 5,120-dim vector projected to a single context token — rather than a stochastic subset of N = 16
cells as at training time. This removes sampling variance from the conditioning signal and aligns with the population-level
evaluation protocol. It introduces a mild train/inference asymmetry in the context encoder (trained on length-/N sequences,
evaluated on length-1), which we note as an avenue for future improvement. Under a fixed random seed, the DDIM sampler
is deterministic: synthetic embeddings are therefore a deterministic function of the imaging input at inference time.

A.2. Downstream Classification: Evaluation Protocol

The treatment identification benchmark mirrors the scGeneScope protocol exactly (Dapello et al., 2026). This section
documents every design decision in sufficient detail to allow independent replication.

Data splits. The scGeneScope dataset provides five pairs of biological replicates across two independent experimental
rounds (Figure 2 of Dapello et al. 2026). We use the canonical split defined in that work:

e Train: Round 1, Replicate 3 (146,389 scImages / 103,865 scRNA-seq profiles).
* Validation: Round 1, Replicate 5 (138,842 / 113,446).
¢ Within-Experiment (WE) test: Round 1, Replicate 4 (138,842 / 113,446).

L]

Held-out-Experiment (HE) test: Round 2, Replicates 1 and 2 (231,710/ 179,357, pooled).

The WE test assesses in-distribution performance on a held-out replicate from the same experimental round. The HE
test assesses generalisation to a fully independent experimental round collected under slightly different but functionally
equivalent procedures (Dapello et al., 2026). Round 2 replicates are never included in the train or validation splits: treatment
and batch are confounded in Round 2 (groups of seven treatments are processed consecutively), so splitting Round 2 across
train/test would allow batch signal to inflate test accuracy.

Classification target. DMSO (CONTROL) is excluded from the prediction target, yielding a 28-class treatment iden-
tification problem. DMSO is retained in the embedding-space fidelity analysis (Appendix B) as an additional reference
condition, but is never a classification target. This matches the scGeneScope benchmark definition and makes the chance
level 1/28 ~ 0.036 balanced accuracy.

Input settings. We evaluate two input settings, following Dapello et al. (2026):

Single-profile. Each input example is a single cell embedding x; € R”. At training and evaluation time, all cells from a
sample are averaged into one vector before being presented to the classifier. This removes stochasticity from the input and is
the most stable setting for comparing modalities.

Multi-profile (avgpool). Each forward pass draws k = 32 cells uniformly at random from the sample’s cell pool (without
replacement if n.ens > 32, otherwise with replacement), computes their mean, and presents the result as the classifier input.
This simulates the practical setting where a subset of profiled cells is used at inference, and tests whether classifiers can
integrate evidence across a population. The stochastic subsampling introduces evaluation variance that compounds with
treatment imbalance across the replicate-based CV folds; the single-profile setting is therefore the primary comparison.

For multimodal inputs, imaging and RNA-seq embeddings are drawn independently from their respective cell pools,
following the scGeneScope multimodal sampling protocol. This reflects the experimental reality that the two modalities are
measured on different cells.

Classifier architectures. Unimodal MLP. A feedforward network with ngcpn hidden layers, each of width npijqgen, With
LayerNorm and ReL.U activations, followed by a linear classification head:

h(x) = Wous [ReLU 0 LN o W, 0 - - - 0 ReLU o LN o W] (x), Q)

where W1, ..., W, are linear layers of width npjqden and Wyt € RC % hidden maps to C' = 28 treatment classes.

8



Cell Painting Generates Single-Cell Transcriptomics via Conditional Diffusion

Multimodal DualMLP. Separate MLP encoders for each modality:

Zimg = MLPimg(Ximg) € ]R9137 (6)
Zipa = MLPrna(Xrna) S R9137 (7)

concatenated and passed through a linear head:
h(ximg7 Xrna) = Wout [zimg || Zrna] ) Wout S RCX1826~ (8)

The imaging encoder maps R°120 — R266x3 o RI3 and the RNA encoder maps R%2 —
R2748x3  _  R93 with LayerNorm-ReLU at each hidden layer.  This architecture exactly mirrors the
MultiModalMultipleInputClassifier used by Dapello et al. (2026).

Training procedure. All classifiers are trained with AdamW, batch size 4,096, cross-entropy loss, and early stopping on
validation balanced accuracy (patience 25, mode max). Gradient clipping is applied at || - |2 = 0.5. The learning rate and
weight decay for each modality are independently tuned (Table 6); all other hyperparameters are shared. Models are trained
for up to 100 epochs; the checkpoint with the best validation balanced accuracy is used for test evaluation.

Metrics. We report balanced accuracy (macro-average recall across classes), macro-F1, and weighted-F1, averaged over
the WE and HE test splits separately. Balanced accuracy is the primary metric, matching Dapello et al. (2026), and is robust
to the mild class imbalance arising from variable cell yields per treatment replicate.

Canonical split: 5-seed evaluation. Primary results (Tables 1 and 2) are obtained by training 5 classifiers per modality
on the canonical split above, each with a different random seed (12345, 42, 1234, 99, 7),and reporting mean £
standard deviation. The standard deviation over seeds captures training stochasticity (random weight initialisation and, in
the multi-profile setting, stochastic 32-cell subsampling per forward pass) under a fixed data split.

3-fold cross-validation: robustness check. As an additional robustness check, we evaluate all modalities under 3-fold
leave-one-replicate-out cross-validation over the three Round-1 replicates (3, 4, 5). In each fold, one replicate is held out as
the WE test set, one as the validation set, and one as the training set:

Fold Train Val WE test

1 Rep3 Rep5 Rep 4
2 Rep4 Rep3 Rep 5
3 Rep5 Rep4 Rep3

The HE test (Round 2, Replicates 1+2) is evaluated at the end of every fold using the fold’s best checkpoint. Mean =+ std are
reported over the three folds, with a single training seed (12345).

Comparison with scGeneScope published results. Tables 1 and 2 include reference rows from Dapello et al. (2026)
Table 1 for ViT-L (zero-shot ImageNet) and scGPT (zero-shot). These are marked T and reported as mean + standard error
over 5 training seeds on their canonical split. Our classifiers for the same backbones differ from the published numbers
because: (i) our hyperparameters were independently tuned on the validation split rather than using the scGeneScope search
space, and (ii) our variant of the canonical split uses the same replicate assignment but a different random seed schedule.
The directional ordering of modalities is consistent with the published benchmark.

A.3. Embedding-Space Fidelity Evaluation

For each of the 29 conditions (28 compounds and DMSO — DMSO retained here as an additional reference point), we
compute:

1. Treatment-mean centroids. Let r = NLT Zf\fl rr ; be the mean real scGPT embedding over all cells from treatment

T, and st the analogous mean over synthetic embeddings.
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2. Cosine similarity cos(srt,rr), Euclidean distance ||sp — rr||2, and Pearson correlation r(sr, r) between same-

treatment centroids.

3. Retrieval rank. For each synthetic centroid sz, rank all 29 real centroids by cosine similarity to sp. The rank of rr in
this ordering (1 = nearest neighbour) measures whether PhenoSeq places synthetic embeddings in the correct region of
scGPT space.

4. Specificity score.
1

IT1-1

spec(T) = cos(sr,rr) —

> cos(sr,rr), ©)

T'£T

the margin by which the correct-treatment cosine similarity exceeds the mean off-diagonal similarity. Positive specificity
with rank 1 jointly confirm that the synthetic centroid is both near to and specifically near to the correct real centroid.
Specificity alone is interpretable even when absolute cosine values are uninformative: pairwise cosine similarities
between real treatment centroids in scGPT space sit near 0.999, reflecting the geometry of the pre-trained embedding
space rather than model behaviour. The specificity score and retrieval rank are invariant to this global cosine bias.

5. Summary statistics. Accuracy@1 = ﬁ >~ 7 1{rank(T") = 1] and Mean Reciprocal Rank MRR = ‘—}I Sor m,
both computed over all 29 conditions. Full per-treatment results are in Table 3.
B. Embedding-Space Fidelity Details

C. Architecture and Hyperparameter Details
C.1. Diffusion Model Architecture

Table 4 summarises the hyperparameters of the PhenoSeq denoiser. The cross-attention transformer uses imaging features as
keys/values while the noisy RNA embedding query attends across them.

C.2. Diffusion Model Training

Table 5 summarises the training hyperparameters.

C.3. Classifier Hyperparameters

Table 6 summarises the hyperparameters for all ten evaluation settings. All settings share AdamW optimisation, batch size
4096, maximum 100 epochs, early stopping (patience 25 on validation balanced accuracy), and gradient clipping (/2 = 0.5).

10
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Table 3. Per-treatment fidelity of synthetic scGPT embeddings. Rank = retrieval rank of the correct treatment when synthetic mean
vectors are matched against all 29 real treatment mean vectors by cosine similarity (1 = nearest neighbour). Specificity = cos(sr,rr) —

cos(St, rr/27).

Treatment Rank Specificity Euclidean Dist.
Thapsigargin 1 0.0109 0.0478
DBeQ 1 0.0080 0.0258
Cycloheximide 1 0.0079 0.0562
Vorinostat / SAHA 1 0.0074 0.0166
GW-843682X 1 0.0071 0.0200
CGK-733 1 0.0068 0.0150
Colchicine 1 0.0058 0.0175
BAY 11-7082 1 0.0054 0.0224
(R)-Roscovitine 1 0.0042 0.0356
AMG-900 1 0.0039 0.0228
PQ401 1 0.0031 0.0196
Caffeine 1 0.0029 0.0187
Phenacetin 1 0.0029 0.0122
Quinidine 1 0.0028 0.0157
Daporinad / FK-866 1 0.0028 0.0130
Aloxistatin / E-64d 3 0.0029 0.0137
Splitomicin 3 0.0027 0.0167
Benzbromarone 3 0.0028 0.0153
HARMAN 3 0.0028 0.0142
Wy 14643 / Pirinixic Acid 4 0.0029 0.0174
Fluocinonide 4 0.0028 0.0184
DMSO 6 0.0028 0.0193
SKII 11 0.0026 0.0298
Pantoprazole 12 0.0026 0.0247
PD-98059 14 0.0025 0.0284
(R)-MG132 14 0.0024 0.0308
Simvastatin 17 0.0021 0.0405
LY303511 (hydrochloride) 18 0.0018 0.0457
12-O-tetradecanoylphorbol-13-acetate 25 -0.0021 0.1023

Table 4. Diffusion model architecture hyperparameters. The denoiser is a cross-attention transformer: imaging features serve as context
(keys/values) while the noisy RNA-seq query attends across them in each of the 6 transformer blocks.

Parameter Description Value Notes

img_dim Input (imaging) 5120  ViT-L features (5 channels x 1024)
rna_dim Target (RNA) 512 scGPT embedding dimension
model_dim Model dimension d 1024 Internal hidden dimension
num_heads Attention heads 8 Multi-head attention

num_layers Transformer blocks 6 Cross-attention denoising blocks
time_dim Time embedding dim 256  Sinusoidal + MLP time embedding
ffmult FF expansion factor 4 Feedforward hidden = 4d
dropout Dropout 0.10  Applied in attention & FF layers
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Table 5. Diffusion model training hyperparameters.

Parameter Description Value
num_steps Diffusion steps T 1000
schedule Noise schedule cosine
batch.size Batch size 256
1r Learning rate 1074
weight_decay Weight decay 10—°
epochs Max epochs 5000
warmup_epochs LR warm-up 5
scheduler LR schedule cosine
max.-grad-norm Gradient clipping 1.0
ema_decay EMA decay 0.9999
mixed. precision Mixed precision  floatl6
seed Random seed 42

Table 6. Classifier hyperparameters for all ten evaluation settings. MLP: Linear-LayerNorm—ReLU blocks of width Hidden and depth
Depth, followed by a linear output head. DualMLP: separate image (5120 — 266 x 3 — 913) and RNA (512 — 2748 x 3 — 913)
encoders, concatenated before a 1826 — C classification head. Shared across all settings: AdamW, batch size 4096, max 100 epochs,
early stopping patience 25 (val balanced accuracy), gradient clipping /> = 0.5, seed 12345.

Modality Profile Inputdim Arch. Hidden Depth LR Weight decay
Image (real) single 5120 MLP 512 5 1073 1074
RNA (real) single 512 MLP 3934 3 1.49 x 107 9.24 x 107°
RNA (synthetic) single 512 MLP 3934 3 1.49 x 107*  9.24 x 107°
Image + RNA (real) single 51204512 DualMLP 266/2748 3 1.37 x 107°  4.52 x 107°
Image + RNA (synth.) single 51204512 DualMLP 266/2748 3 1.37 x 107°  4.52 x 1075
Image (real) multi 5120 MLP 279 2 520 x 1075  5.79 x 1073
RNA (real) multi 512 MLP 1922 4 1.63 x 107*  1.90 x 1076
RNA (synthetic) multi 512 MLP 1922 4 1.63x107* 190 x 1076
Image + RNA (real) multi 51204512 DualMLP 266/2748 3 1.63 x 107*  4.52 x 107°
Image + RNA (synth.) multi 5120+512 DualMLP 266/2748 3 1.63 x 107*  4.52 x 1075
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