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A. Comparison to MorphDiff

The results of in-distribution com-
parison against MorphDiff are 3 poa
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tion and, in contrast to MorphDiff,
does not require post-perturbation £
RNA during inference. Thus, for a
novel drug, cell morphology can be
predicted solely from its SMILES
string, enabling true virtual screen-
ing.

B. Implementation Details

All models are implemented in
PyTorch and trained on a high- :
performance computing cluster *
equipped with eight NVIDIA A100
GPUs, each with 80GB of mem-
ory. The core of our Morphology
Generation Module is a Diffusion
Transformer architecture. This transformer is configured
with 28 layers, a hidden dimension of 1152, and 16 attention
heads. The complete TRIDENT framework is trained end-
to-end for a total of 100,000 steps. We employ the AdamW
optimizer with a constant learning rate of le-4. A global
batch size of 32 is used, distributed across the eight GPUs.
All Cell Painting images are processed at a resolution of
512 x 512 pixels. The total training process for the final
model takes approximately four days.

C. Dataset pairing consistency

In constructing MorphoGene, we implemented a strict align-
ment on cell line (MCF-7), perturbation time (24h), and
compound dosage: 89% of pairing data have exact dose
matches, and the remaining 11% use nearest-neighbor dose
matching to minimize dose-response discrepancies.
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D. Cellprofiler Feature Construction

To derive quantitative descriptors of cellular phenotype, we
construct a bespoke analysis workflow using CellProfiler
(v5.0). This pipeline is engineered to process each Cell
Painting image and output a single, comprehensive feature
vector summarizing its morphological characteristics.

The workflow’s core is a three-step segmentation process
to delineate cellular structures. First, nucleus are identified
as primary objects from the blue (DNA) channel. Next, cell
boundaries are segmented as secondary objects by propagat-
ing outwards from the identified nucleus, using the green
channel to define the cell periphery. Finally, the cytoplasm
is defined as a tertiary region, calculated by subtracting the
nuclear mask from the corresponding cell mask. A quality
control step is integrated to discard all objects touching the
image border, ensuring that all downstream measurements
are derived from complete, intact cells.

Following segmentation, a comprehensive suite of Cell-
Profiler modules is executed to extract measurements from
all three compartments (nucleus, cytoplasm, and cells) across
all channels. The extracted features include morphological
descriptors of size and shape, such as area, perimeter, major
and minor axis lengths, eccentricity, and solidity. Further-
more, statistics on pixel intensity distribution like mean,
median, standard deviation, median absolute deviation, and
quartiles are computed. Finally, the pipeline captures rela-
tional metrics, such as spatial relationships between cells,
inter-channel signal correlations, and radial intensity distri-
butions.

To generate a single profile for each image, these per-
object measurements are aggregated by calculating their
mean, median, and standard deviation across all valid cells.
This process yields a final, high-dimensional profile of 6,345
distinct morphological features for each image, providing a
detailed quantitative fingerprint of the cellular phenotype in
response to perturbation.



E. TRIDENT Algorithm

Algorithm 1 TRIDENT Framework: Training Procedure
Require: Training data D = {(GSre, DO, 10 G )}

post
Require: Pre-trained image VAE (Eimage, Dimage)
Require: Diffusion timesteps 7', variance schedule {3;}£_,
(and Qg &t)

Ensure: Trained parameters © = {¢,,0,~}

1: Initialize VAE parameters ¢ (for &pa, Edrug), ¥ (for
Dperturb)

2: Initialize Denoising Transformer fy parameters 6
3: Initialize Time Embedding parameters y for ;e
4: for eachepoche =1,..., E4, do

5: for each batch (Gpre, D, I, Gpost) ~ D do

6: Xrna — grna(Gpre>’ Xdrug — gdrug(D)
7 [P‘Za log Uz] <~ gperturb([Xrna; Xdrug])
8: €, ~ N(O, I)

9: zZ u, +0,0€,

10: [ll’Gpost ’ IOg a%zmst] — Dperturb(z)

11: Erecon — Eq¢ [_ logpw (Gpost|z)]

12: Lxr < Dx(4(2|Gpre, D) || p(2))

13: £VAE — £7'econ +Lkr

14: Xzomage A Eimn,ge (I)

15: t~U{1,...,T})

16: e~ N(0,1)

17: X?mage <_ @X?mage + \/1_7@156

18: Xtime — gtime (t)

19: Xcondition —z+ Xtime

20: € f¢9 (Xﬁmage, Xcondition)

21: £LDM<_H6_69||2

22: LrripENT < Lvae + LM

23: Update parameters o, 1,0,y using

VLrrIDENT
24: end for
25: end for

26: return Trained parameters © = {¢, v, 0,~v}

F. Additional Comparison Results

Algorithm 2 TRIDENT Framework: Inference Procedure

Require: Input Gy, D
Require: Trained parameters © = {¢,v,0,~v}
Require: Pre-trained image VAE (Eipmages Dimage)
Require: Diffusion timesteps 7" and schedule {3, }/_,
Ensure: Generated Image /
I Xppng grna(Gpre)
Xdrug < gdrug (D)
[N27 log 0’5] — gperturb([xrnaa XdrugD
€. ~N(0,I)
ZA — IJ’z + O-Z @ 62
Xszage ~ N(O7 I)
fort =T down to 1 do
Xtime < gtime(t)
XconditionA —z+ Xtime
€ < fG (Xgmagea Xcondition)
€ ~N(0,I)ift > 1,else € «+ 0
c1 . )
Xz'rnage — \/%;Tt (intmage - \/%69) + 0756,
13: end for R
14: I < Dimage(X a0e)

image
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15: return I
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Figure A1. Additional visual comparison of generated cellular morphologies. Ground-truth images (Row 1) are compared to outputs from
TRIDENT (Row 2), MorphoDiff (Row 3), and Stable Diffusion (Row 4).



cisplatin etoposide methotrexate nocodazole

Real

TRIDENT (Ours)

MorphoDiff

¢ s
!
.

Figure A2. Additional visual comparison of generated cellular morphologies. Ground-truth images (Row 1) are compared to outputs from
TRIDENT (Row 2), MorphoDiff (Row 3), and Stable Diffusion (Row 4).
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Figure A3. Additional visual comparison of generated cellular morphologies. Ground-truth images (Row 1) are compared to outputs from
TRIDENT (Row 2), MorphoDiff (Row 3), and Stable Diffusion (Row 4).



