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ABSTRACT

Phenotypic drug discovery generates rich multi-modal biological data, yet trans-
lating complex cellular responses into molecular design remains a computational
bottleneck. Existing generative methods operate on single modalities (transcrip-
tomic or morphological alone) and condition on post-treatment measurements
without leveraging paired control-treatment dynamics. We present Pert2Mol,
the first framework for multi-modal phenotype-to-structure generation that inte-
grates transcriptomic and morphological features from paired control-treatment
experiments. Pert2Mol employs separate ResNet and cross-attention encoders
for microscopy images and gene expression profiles, with bidirectional cross-
attention between control and treatment states to capture perturbation dynamics
rather than simple differential measurements. These multi-modal embeddings
condition a rectified flow transformer that learns velocity fields along straight-
line trajectories from noise to molecular structures, enabling deterministic gen-
eration with superior efficiency over diffusion models. We introduce Student-
Teacher Self-Representation (SERE) learning where an exponential moving aver-
age teacher supervises student representations across network depths, stabilizing
training in high-dimensional multi-modal spaces. Unlike previous approaches that
require preprocessed differential expression vectors, Pert2Mol learns perturbation
effects directly from raw paired experimental data. Experiments on large-scale
datasets demonstrate the first successful multi-modal framework for phenotype-
driven molecular generation.
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Figure 1: Perturbation guided drug molecule design through Pert2Mol

1 INTRODUCTION

Phenotypic drug discovery is re-emerging as a powerful alternative to target-centric strategies, con-
sistently yielding more first-in-class medicines |Swinney| (2013)); Vincent et al.| (2022); Moftat et al.
(2017). Modern assays now capture transcriptomic and morphological responses to perturbations
Chandrasekaran et al.[(2021)); Bray et al.|(2017);|Haghighi et al.[(2022); Way et al.| (2021), yet trans-
lating these rich readouts into molecular design remains a challenging inverse problem. Current
workflows rely on manual interpretation, creating a bottleneck between phenotypic data and struc-
ture—activity insights. This mapping is inherently many-to-many: distinct compounds often induce
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convergent phenotypes |Sun et al.|(2012); |Schneider et al.| (1999). Rather than a limitation, this re-
dundancy enables scaffold hopping and novel mechanism discovery, reflecting how most approved
drugs historically emerged from phenotype-first approaches Eder et al.| (2014).

Existing generative methods cannot capture this complexity. Transcriptome-only models such as
MolGene-E use differential expression profiles without paired controls (Ohlan et al.| (2025)), while
morphology-based approaches rely solely on imaging Zapata et al.| (2023); Tang et al.| (2025);
Caicedo et al.| (2017). No framework integrates both modalities, despite their complementarity:
expression reveals pathway-level changes, while microscopy captures structural phenotypes absent
from gene-level data [Scheeder et al.| (2018)); Rohban et al.| (2017). Graph-based [Simonovsky &
Komodakis| (2018)); Mitton et al.| (2021) and text-conditioned models (Chang & Yel (2024); Wang
et al.| (2023)); [Edwards et al.|(2022)) ensure structural validity or semantic alignment but fail on high-
dimensional multi-modal perturbation data. Multi-modal conditioning further poses computational
challenges, as perturbations span thousands of genes and complex morphological features, requiring
encoding strategies that preserve interpretability while enabling cross-modal interactions [Lotfollahi
et al.|(2023)); Rampasek et al.|(2022). Diffusion models add inefficiency with hundreds of denoising
steps and stochastic outputs misaligned with reproducibility requirements for hypothesis-driven val-
idation|Song et al.| (2020); |N1 et al.[(2025)). Advances in spatial transcriptomics underscore the value
of integrating morphology with molecular signatures at cellular resolution Moses & Pachter|(2022);
Rao et al.| (2021)), yet existing methods remain focused on tissue analysis rather than molecular
design Bae et al.[(2021); |Williams et al.|(2022]).

We present Pert2Mol, the first framework for multi-modal phenotype-to-structure generation. By
integrating transcriptomic and morphological features with paired control-treatment data and rec-
tified flow dynamics, Pert2Mol enables efficient, structurally diverse molecule generation guided
by complex cellular phenotypes. This establishes a paradigm for linking high-content phenotypic
screening with computational hypothesis generation in drug discovery. Pert2Mol operates in the la-
tent space of molecular autoencoders, conditioned on integrated transcriptomic and morphological
embeddings. A paired transcriptome encoder with cross-attention learns gene-to-gene mappings be-
tween control and treatment states, capturing perturbation dynamics beyond differential expression.
Morphological features are extracted via a ResNet encoder, providing complementary information.
These embeddings condition a rectified flow transformer that learns velocity fields along straight-
line trajectories from noise to molecular structures, eliminating stochastic sampling and high cost in
diffusion models while enabling deterministic hypothesis generation suitable for validation.

Our contributions include: (i) The first application of rectified flow for inverse drug design using
perturbation conditioning; (ii) A transformer architecture that directly models control—treatment per-
turbation dynamics by fusing transcriptomic and morphological signals; and (iii) Student-Teacher
Self-Representation Learning (SERE), where an EMA teacher supervises student representations
across depths, stabilizing training in high-dimensional multi-modal spaces. Together, these inno-
vations enable systematic and reproducible molecule generation from phenotypic measurements,
advancing phenotype-driven drug discovery.

2 RELATED WORK

Generative Models for Molecular Design have advanced from SMILES-based RNNs and VAEs
Segler et al|(2018); (Gomez-Bombarelli et al.| (2018)); |Arts-Pous et al.| (2019) to graph- and flow-
based models such as GraphNVP, MoFlow, and GraphAF Madhawa et al.| (2019); [Zang & Wang
(2020); [Shi et al.| (2020), which ensure structural validity and latent invertibility. More recently,
transformers and diffusion models have improved controllability; e.g., Graph Diffusion Transform-
ers [Liu et al.| (2024) integrate property encoders with a transformer denoiser for multi-conditional
generation across polymers and small molecules. While these approaches optimize chemical/
physicochemical properties (e.g., solubility, synthetic accessibility), they rarely incorporate biolog-
ical conditioning (transcriptomic, morphological) or perturbation dynamics. Multi-property inverse
design has been explored using hierarchical VAEs, Gaussian mixture latent spaces, and encoder-
decoder architectures Jin et al.| (2018)); |[Shino & Kaneko| (2025)); Lee & Min| (2022)), addressing
constraints like synthetic score and gas permeability, but typically relying on static property vectors
rather than high-dimensional biological readouts or paired control/ treatment states.
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Perturbation-Conditioned Molecular Design incorporates biological data more directly.
MolGene-E |Ohlan et al.| (2025) harmonizes bulk and single-cell transcriptomics with contrastive
learning to generate molecules from perturbation-induced profiles. GexMolGen |Cheng et al.|(2024)
produces hit-like molecules guided by gene expression signatures, and GxVAEs |[Li & Yamanishi
(2024)) predict responses from transcriptomic profiles. Yet, these methods are largely unimodal
and focus on processed differential or post-treatment signatures rather than paired control-treatment
modeling or joint transcriptome-morphology conditioning.

Flow Matching and Biological Conditioning provide deterministic generative paths and efficient
sampling compared to diffusion. GraphNVP [Madhawa et al.| (2019) and MoFlow
(2020) yield invertible latent representations, but flow-based frameworks conditioned on multi-
modal biological data (gene + morphology) under paired perturbation control remain unexplored.
Our work addresses this gap by integrating latent rectified flow with multi-modal condition encoders
to enable efficient, deterministic molecular generation from biological perturbation data.

3 METHODS
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Figure 2: Overview of the Pert2Mol architecture.
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We formulate drug perturbation prediction as a conditional generative modeling problem where the
model learns to generate molecular structures given multi-modal biological context. Let x € R” be
a molecular structure in latent space, let ¢ipmg € R *W be control and treatment microscopy im-
ages, and ¢, € RY be gene expression profiles with G genes. The objective is to learn conditional
distribution p(x | Cimg, Crna) that captures a relationship between biological perturbation context
and molecular structure. Figure 2] presents the high-level architecture of Pert2Mol.

3.1 MULTI-MODAL CONDITIONING

Image encoding. To process the 4-channel microscopy images representing control and treatment
conditions, we implement separate ResNet backbones for each condition. Each image encoder

i(rfg), fi(r;‘:g); : RVHXW _, Rdime begins with a 7 x 7 convolution followed by GroupNorm, ReLU
and processes through four residual layers with progressively increasing channel dimensions (64 —
128 — 256 — 512) and spatial downsampling. Each residual block implements the skip-connection
update h; 1 = h; + F(h;, W;), where F denotes the residual function composed of two 3 x 3
convolutions with GroupNorm and ReLU activations. After adaptive global pooling, the condition-

specific representations undergo bidirectional cross-attention:

/
control — HCOHtrOl + CrOSSAttn(Hcontrola Htreatment)7
H/

treatment — Hireatment + CrOSSAttn(Htreatmen‘m Hcontrol)-

The final image embeddings are produced €img control > €img,treatment € R256. The separate back-
bones enable condition-specific feature learning, while bidirectional cross-attention captures inter-
condition relationships critical for understanding treatment effects on cellular morphology.
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RNA expression encoding. For gene expression data we implement two complementary approaches
for different experimental setups. In the single-condition setting, we use a standard self-attention
encoder that permits genes to attend to each other based on expression patterns. The gene embedding
matrix is Egene = Embedding(cna) € RG*Xdembed | For paired control-treatment experiments we
implement a cross-attention mechanism between the two conditions. We first compute self-attended
condition representations as:

Hcontroh Htreatment = SelfAttn(Econtrol); SelfAttn(Etreatment)7
and then refine each condition representation with cross-attention:
/control = Heontrol + CrOSSAttn(Hcontrola Htreatment)7

/ 1Q
Htreatment = Hireatment + CrOSbAttn(Htreatmenta Hcontrol)-

This cross-attention explicitly models gene-to-gene relationships between control and treatment con-
ditions and thus captures differential expression patterns that are important for understanding drug
mechanisms. Both RNA encoders use attention-weighted pooling to obtain a condition-level repre-
sentation:

exp (wT tanh(Wamnhi))
Zle exp (wT tanh(Wattnhj)) '

G
€rpa = E a;h;, where «; =
i=1

Multi-Modal Fusion. Image and RNA features for each condition are concatenated and stacked to
produce the final conditioning tensor:

2x192
Yy = StaCk([eimg,control 2 €rna,control; €img,treatment S erna,trcatmcnt]) eR )

where & denotes concatenation. This structured representation preserves relationships between con-
ditions while providing rich multi-modal context to the generator.

Molecular Representation. Molecular structures are represented using a pre-trained BERT-based
autoencoder |Liu et al.| (2019) that maps SMILES strings to continuous latent representations similar
to|Chang & Ye| (2024). Tokenization uses learned molecular motifs (regex tokenization) instead of
character-level tokens to capture chemically meaningful substructures. A frozen pre-trained BERT
encoder processes tokenized sequences, and a trainable linear compression layer reduces BERT out-
puts from 768 to 64 dimensions, producing a compact molecular latent representation. Concretely,

Xtarget = Linear (BERT (Tokenize(SMILES))) € RO4x127

Continuous latent representations are amenable to gradient-based optimization; pre-trained molec-
ular BERT captures chemical semantics, and dimensionality reduction focuses the model on task-
relevant molecular features.

3.2 GENERATIVE MODELING

We adopt rectified flow [Liu et al.|(2022)) as the generative framework with its training stability and
sampling efficiency relative to traditional diffusion models. Rectified flow parameterizes straight-
line paths between noise and data distributions. Given a noise sample xo ~ A/(0,I) and data
X1 = Xtarget, the interpolating path is x; = (1 — t)x¢ + tx;,¢t € [0,1], and its instantaneous
velocity is given by:

Vi = = X1 — Xp.

dt
The model is trained to predict this velocity field vy (x¢,t,y) & v, with the rectified flow objective:

Liow = Ei14(0,1), x0~N(0,1) {HV&(Xt,t,.Y) —(x1— Xo)Hﬂ.

This formulation obviates complex noise scheduling, provides stable gradients compared to score-
based methods, enables efficient sampling in fewer steps, and supports exact likelihood computation.

Rectified Transformer Architecture. Our core generative model is a transformer adapted to
molecular generation with multi-modal conditioning. Noisy molecular representations are lin-
early projected and augmented with learnable positional embeddings: X = Linear(x;) + P €
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RE*dmoaet and timesteps are embedded via a sinusoidal encoding passed through an MLP: t,;, =
MLP(SinCos(t)) € Rmoder, Conditioning information is processed along two pathways: a cross-
attention pathway and an adaptive-normalization pathway:

Yeross = Linearios 5056(¥),  Ypool = Linearigy 4,4, (Mean(y,dim = 1))

The conditioning signal used for adaptive normalization is ¢ = tem1, + Ypool- Each transformer
block implements Adaptive Layer Normalization (AdaLN) [Xu et al.| (2019)), which modulates nor-
malization parameters as a function of conditioning:

AdaLN(x,c) =x ® (1 + scale(c)) + shift(c),
where scale(c), shift(c) = Linear(SiLU(c)), allowing fine-grained conditional modulation.
Each block first applies self-attention with a gating mechanism:
X' =X + gate, (c) ® MultiHeadAttn(AdaLN(X, c)),
then applies cross-attention to the conditioning embedding:
X" =X’ + gate,, (c) ® CrossAttn(AdaLN(X', ¢), Yeross) »
and finally performs a feed-forward update using the SwiGLU nonlinearity:
Xout = X" + gateg, (c) © SwiGLU(AdaLN(X", ¢)).

The SwiGLU |Shazeer| (2020) activation is defined as SwiGLU(x) = SiLU(xW;) ® (xW3)W3,
and empirically provides superior performance compared to a standard MLP. AdaLN is critical
for conditional generation because it provides layer-wise, conditioning-dependent modulation of
activations and attention.

Student-Teacher Self-representation (SERE). To improve training stability and sample quality we
introduce SERE. The SERE teacher model is maintained as an exponential moving average (EMA)
of the student parameters: Oicacher < 5 Oteacher + (1 — ) Ostudent. During training we extract
intermediate representations from selected layers: the student representation is taken at a higher-
noise layer, €.g., hgtudent = Xiayer-4, While the teacher representation is taken at a lower-noise layer
(shifted by a small At), e.g., hicacher = Xteacher The SERE loss aligns representations using a

) X layer-8 *
projection head:
2

27

ACSERE = HProjeCtionHead(hstudent) - hteacher’
with the projection head defined as

ProjectionHead(h) = LayerNorm (Linear(SiLU(Linear(h))))).
The total training objective combines the rectified flow loss and the SERE loss,

Liotal = LAow + ASERELSERE,

where A\sgrr = 0.1 balances the contribution of representation alignment. SERE provides inter-
mediate supervision beyond just the final velocity prediction, creating multiple gradient pathways
through the network. Performance gain comes from the model learning what good representa-
tions should look like at different noise levels, rather than just learning to predict velocities. This
representation-level supervision creates more stable, generalizable internal features that improve
both training stability and sample quality shown in Figure 4]

Training Setup. Multi-modal data batches are assembled with temporal alignment across condi-
tions. For classifier-free guidance, modalities are randomly masked during training: 10% RNA-
only and 10% image-only inputs. SMILES strings are augmented via canonical randomization to
preserve molecular identity. Optimization uses AdamW (Ir=10"* with scheduled weight decay),
mixed-precision (16-bit) for memory efficiency, gradient clipping (norm=5.0), distributed data-
parallel training with synchronized gradients, and early stopping (patience=10). Two exponential
moving averages are maintained: 8 = 0.9999 for final parameter averaging and Ssgre = 0.9999
for updating the SERE teacher network.

Sample generation integrates the learned velocity field from noise to data. Updates follow x;11 =
x;+At-vy(x;,1t;,y), using Euler integration for speed or Dormand-Prince (DOPRIS5) for accuracy,
with adaptive step size At,qapt. Modality-specific guidance enables independent control:

Vguided = Vimg 1 )\img (Vfull - Vimg) + Arna (Vrna - Vimg)7
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where Veull, Vimg, and v, are predictions conditioned on both, image-only, and RNA-only in-
puts, respectively. Latent molecular representations are decoded to SMILES with our pre-trained
autoencoder and beam search to improve recovery and validity. The generative model is a 12-layer
transformer (768 hidden dims, 16 attention heads) implemented in PyTorch, trained for 200 epochs
with batch size 64 on 4 NVIDIA H100 GPUs. Experiments use GDP, LINCS RNA, CPGJump
datasets. Evaluation metrics include molecular validity, uniqueness, and biological relevance.

4 EXPERIMENT

Datasets. We build upon the multi-modal Ginkgo Data Platform (GDP) collection Model & Bi-
ologics| (2025)), which pairs transcriptomic profiles with four-channel fluorescence microscopy of
chemically perturbed cell populations. Correspondence across modalities was established through
compound identity matching and experimental parameter alignment, with metadata standardized
for dose normalization, consistent cell line identifiers, and synchronized timepoints; DMSO-treated
samples served as controls. Transcriptomic data were normalized to 10° reads per sample, loglp
transformed, and reduced to the top 2000 variable genes via scanpy. Imaging data were scaled from
16-bit to unit range, contrast-adjusted per channel using percentile clipping, and resampled with
bilinear interpolation. This framework preserved the full combinatorial design (cell line, drug-dose,
timepoint) during partitioning, enabling controlled comparisons between compounds and vehicle
controls. Canonical SMILES for PubChem drugs Wang et al.| (2009) were obtained, with up to
20 variants enumerated to train molecular autoencoders; evaluation outputs were standardized into
canonical SMILES with RDKit Landrum| (2016). For single-modality experiments, we trained on
GDP RNA-seq and Cell Painting data, and further incorporated preprocessed LINCS gene expres-
sion data |Subramanian et al.[| (2017) covering >3000 PubChem-matched perturbations. To miti-
gate LINCS batch effects |Hetzel et al.| (2022), we applied Harmony [Korsunsky et al.| (2019) for
dimension-matched normalization. Since our model uses both pre- and post-treatment data, it learns
treatment-induced changes even under Harmony transformation, whereas simple vector differences
after correction would be invalid. This design allows leveraging batch-effect corrections under uni-
form transformations. We also evaluated on Cell Painting (cpgjump-pilot) (Chandrasekaran et al.
(2024), comprising ~300 compounds across two cell lines, for imaging-only experiments.

Evaluation Metrics. We evaluate molecular generation for drug discovery (Grant & Sit/ (2021) using
a diverse set of metrics. Validity ensures chemically sound structures, while the Fréchet ChemNet
Distance (FCD) quantifies similarity to the target dataset by comparing deep neural network acti-
vations that capture chemical and biological properties. Quantitative Estimation of Drug-likeness
(QED) provides a unified drug-likeness score, and Lipinski compliance measures adherence to the
Rule of Five, critical for oral bioavailability. We further assess the drug-like fraction and target sim-
ilarity to capture therapeutic relevance. Finally, KL divergences for molecular weight, LogP, and
TPSA quantify preservation of key physicochemical property distributions. Together, these metrics
provide a comprehensive evaluation of validity, drug-likeness, therapeutic relevance, and property
distribution preservation, satisfying core requirements for practical drug discovery.

Generation Task. Pert2Mol demonstrates the capacity for de novo molecular design by generating
novel drug candidates directly conditioned on biological perturbation profiles. The model employs
a rectified flow-based generative process to sample molecular structures from learned distributions,
conditioned on encoded pre- and post-treatment biological features. This capability directly mea-
sures Pert2Mol’s fundamental generative abilities and its capacity to explore chemically meaningful
regions of molecular space while maintaining therapeutically relevant properties.

Repurposing Task. Pert2Mol can perform drug selection guided by known-context for unseen (test)
data through biological similarity matching. Here we encode test biological conditions using the
same feature extraction pipeline as the generative framework, then performs nearest neighbor search
in the known biological feature space from provided training data, to identify similar conditions from
the training set using cosine similarity metrics. The drugs associated with these nearest biological
profiles are returned as predictions. Performance is quantified using same metrics as generation
evaluation. This capability establishes how Pert2Mol’s learned representations compare against
direct biological similarity-based approaches for therapeutic compound identification.

Retrieval Task. To show meaningful learned drug representations, Pert2Mol performs retrieval ac-
curacy analysis on augmented train data. Each training sample is used as a query to retrieve nearest
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neighbors in the 192-dimensional embedding space using cosine similarity, testing whether samples
treated with the same compound clustered together. Retrieval performance was measured with Pre-
cision@K and Hit@K (K=1,3,5,10), Mean Reciprocal Rank (MRR), and average intra-compound
similarity. Clustering quality was further assessed via separation scores (intra- vs. inter-compound
similarity), identifying compounds most effectively distinguished by the learned embeddings. This
framework validates whether the RNA-image encoder captures compound-specific biological ef-
fects, a prerequisite for downstream tasks such as mechanism-of-action prediction and repurposing.

4.1 RESULTS

Since no existing method tackles the task of perturbation guided drug molecule design, we compared
our method with a diffusion-based baseline. We also trained our model with only RNA-seq or
CellPainting imaging input, as well as with a version with SERE disabled as ablations.

Pert2Mol achieves superior molecular generation performance across all evaluation metrics. On the
GDP dataset (Table[I), the full multi-modal model attains an FCD score of 4.996, outperforming the
diffusion baseline (7.343) and all ablation variants. The model maintains perfect molecular validity
(1.0) while achieving a QED score of 0.587 and Lipinski compliance rate of 78.5%, compared to the
baseline’s 55.2% QED and 71.5% Lipinski compliance. The model demonstrates precise physic-
ochemical property distribution preservation with KL divergences of 0.263 for molecular weight,
0.195 for LogP, and 0.208 for TPSA, substantially lower than baseline values of 1.524, 1.044,
and 3.081 respectively. Among single-modality variants, Pert2Mol-RNA (FCD: 5.501) outperforms
Pert2Mol-image (FCD: 5.762), indicating transcriptomic features provide more informative signals
than imaging features alone. Cross-dataset evaluation (Table [2)) shows consistent performance with
FCD scores of 4.996 (GDP), 2.748 (CPG-jump), and 8.354 (LINCS). All datasets maintain per-
fect validity while achieving QED scores between 0.551-0.587 and Lipinski compliance rates of
76.7-79.6%.

Table 1: Molecular generation performance on GDP dataset, compared against baseline & ablations.

Method Validity FCD] QED7 Lipinskil Drug-like? Target Sim.t MW KL| LogP KL| TPSA KL/
Baseline 0962 7343 0552 0715 0.557 0.133 1.524 1.044 3.081
Pert2Mol-RNA 1.0 5501 0568 0.723 0.591 0.136 0.827 0.870 0.819
Pert2Mol-image 0.998 5.762 0.538  0.702 0.522 0.136 0.332 0.249 0.41
Pert2Mol-wo-SERE 1.0 6.809 0.582  0.745 0.627 0.143 0.153 0.274 0.282
Pert2Mol 1.0 4996 0.587 0.785 0.652 0.136 0.263 0.195 0.208

Table 2: Molecular generation performance on all datasets for Pert2Mol model.
Dataset  Validity FCD| QED? Lipinski{ Drug-likeT Target Sim.? MW KL| LogP KL| TPSA KL|

GDP 1.0 4996 0.587  0.785 0.652 0.136 0.263 0.195 0.208
CPG-jump 1.0 2748 0551  0.767 0.611 0.103 0.159 0.091 0.167
LINCS 1.0 8354 0.568  0.796 0.621 0.104 0.052 0.062 0.096

Drug repurposing evaluation results in Table [3|reveals Tanimoto similarity scores of 0.571 + 0.427
for the full model on GDP dataset, compared to 0.498 £ 0.411 for the baseline. Pert2Mol-RNA
achieves the highest similarity score of 0.597 + 0.415, while Pert2Mol-image (0.407 £ 0.378)
and Pert2Mol-wo-SERE (0.401 £ 0.371) show reduced performance, highlighting the importance
of transcriptomic data and cross-modal integration mechanisms. Cross-dataset analysis in Table []
shows dataset-dependent performance with GDP achieving 0.571 4+ 0.427, while CPG-jump and
LINCS datasets yield lower similarity scores of 0.195 + 0.164 and 0.198 + 0.154 respectively,
despite maintaining high Lipinski compliance rates (95.5% and 99.8%).

Compound retrieval analysis on GDP dataset (Table [5)) demonstrates the effectiveness of learned
drug representations. Pert2Mol achieves Precision@1 of 0.7610 and Hit@1 of 0.7610, compared
to 0.6560 for both metrics in the SERE-disabled variant. Performance scales consistently across
retrieval depths, reaching Precision@ 10 of 0.7659 and Hit@10 of 0.9690. The Mean Reciprocal
Rank increases from 0.7656 (without SERE) to 0.8364 (full model), confirming the critical role of
cross-condition attention mechanisms. The validation loss curves (Figure [ reveal distinct conver-
gence patterns between model variants. Pert2Mol achieves rapid convergence with validation loss
decreasing from 0.72 to approximately 0.10 by step 2500, while Pert2Mol-no-SERE shows slower
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Figure 3: Molecule generation results for given control-treatment RNA-image input for different
drug examples from GDP dataset. Our Pert2Mol is compared against diffusion baseline along with
RNA & image only models.
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. Figure 4: SERE ablation
Table 3: Repurposing performance on GDP dataset,

Validation Loss

compared against baseline & ablations. 12 —
Method Validity QED?T Lipinskit Tanimoto Sim.f 1.0 Pert2Mol-no-SERE
Baseline 1.0 0.537£0206 0.824 0498+ 0411
Pert2Mol-RNA 1.0 0.536+£0.193 0750  0.597 +0.415 0.8
Pert2Mol-image 1.0 0407+0.378 0878  0.407 +0.378
Pert2Mol-wo-SERE 1.0 0550 £0.205 0785  0.401 £ 0.371 0.6
Pert2Mol 1.0 0552+0213  0.878  0.571 + 0427
0.4
Table 4: Repurposing performance on all datasets 02
Dataset  Validity QEDT LipinskitT Tanimoto Sim.7
0.0
GDP 1.0 0552+£0213 0.878 0.571 £ 0.427
CPG-jump 1.0 0.569+0.192 0.955 0.195 £ 0.164 0 500 1000 1500 2000 2500 3000
LINCS 1.0 0.561 +£0.168  0.998 0.198 £+ 0.154 Steps

convergence, declining from 0.95 to 0.43 over the same period. The full model demonstrates su-
perior optimization dynamics with lower final loss values, supporting the quantitative performance
improvements observed across all evaluation tasks.

Table 5: Retrieval performance on GDP dataset
Pert2Mol-wo-SERE Pert2Mol
Precision Hit Precision  Hit

@] 0.6560 0.6560  0.7610 0.7610
@3 0.6730  0.8590  0.7653 0.8920
@5 0.6766 09030 0.7640 0.9350
@10 0.6840 09330 0.7659 0.9690

MRR 0.7656 0.8364

Metric

5 DISCUSSION

Pert2Mol establishes the first successful framework for multi-modal phenotype-to-structure gener-
ation. We demonstrate that integrating transcriptomic and morphological features can effectively
bridge the gap between complex biological perturbation data and molecular design. Our latent
rectified flow method consistently outperforms diffusion-based baseline approaches across drug dis-
covery metrics while maintaining perfect molecular validity. Through SERE our model learns en-
hanced representations without additional components, showing training stability, which is crucial
for generative modeling in high-dimensional multi-modal spaces. The bidirectional cross-attention
mechanism successfully captures perturbation dynamics beyond simple differential measurements,
enabling direct learning from paired control-treatment experimental data rather than preprocessed
differential vectors.

While our method currently requires paired control-treatment data, it could be adapted for tar-
geted perturbations of specific pathways or phenotypic features. Performance variability across
datasets reflects differences in measurement technologies, presenting opportunities to explore uni-
fied datasets such as large-scale single-cell RNA-seq screening where foundational models could
standardize data curation. Although our framework generates chemically valid structures with favor-
able drug-like properties, experimental validation of biological activity remains essential for trans-
lating computational predictions into therapeutic applications. Despite these limitations, Pert2Mol
represents a significant step forward in systematic, reproducible molecule generation from phe-
notypic measurements, offering a new approach for phenotype-driven drug discovery that could
accelerate the identification of novel therapeutic compounds from high-content screening data.



Under review as a conference paper at ICLR 2026

REFERENCES

Josep Artis-Pous, Thomas Blaschke, Silas Ulander, Jean-Louis Reymond, Hongming Chen, and
Ola Engkvist. Exploring the gdb-13 chemical space using deep generative models. Journal of
cheminformatics, 11(1):20, 2019.

Sungwoo Bae, Hongyoon Choi, and Dong Soo Lee. Discovery of molecular features underlying the
morphological landscape by integrating spatial transcriptomic data with deep features of tissue
images. Nucleic acids research, 49(10):e55-e55, 2021.

Mark-Anthony Bray, Sigrun M Gustafsdottir, Mohammad H Rohban, Shantanu Singh, Vebjorn
Ljosa, Katherine L Sokolnicki, Joshua A Bittker, Nicole E Bodycombe, Vlado Dancik, Thomas P
Hasaka, et al. A dataset of images and morphological profiles of 30 000 small-molecule treat-
ments using the cell painting assay. Gigascience, 6(12):giw014, 2017.

Juan C Caicedo, Sam Cooper, Florian Heigwer, Scott Warchal, Peng Qiu, Csaba Molnar, Aliaksei S
Vasilevich, Joseph D Barry, Harmanjit Singh Bansal, Oren Kraus, et al. Data-analysis strategies
for image-based cell profiling. Nature methods, 14(9):849-863, 2017.

Srinivas Niranj Chandrasekaran, Hugo Ceulemans, Justin D Boyd, and Anne E Carpenter. Image-
based profiling for drug discovery: due for a machine-learning upgrade? Nature reviews drug
discovery, 20(2):145-159, 2021.

Srinivas Niranj Chandrasekaran, Beth A Cimini, Amy Goodale, Lisa Miller, Maria Kost-Alimova,
Nasim Jamali, John G Doench, Briana Fritchman, Adam Skepner, Michelle Melanson, et al. Three
million images and morphological profiles of cells treated with matched chemical and genetic
perturbations. Nature Methods, 21(6):1114-1121, 2024.

Jinho Chang and Jong Chul Ye. Ldmol: Text-conditioned molecule diffusion model leveraging
chemically informative latent space. arXiv e-prints, pp. arXiv—2405, 2024.

Jiabei Cheng, Xiaoyong Pan, Yi Fang, Kaiyuan Yang, Yiming Xue, Qingran Yan, and Ye Yuan.
Gexmolgen: cross-modal generation of hit-like molecules via large language model encoding of
gene expression signatures. Briefings in Bioinformatics, 25(6):bbae525, 2024.

Jorg Eder, Richard Sedrani, and Christian Wiesmann. The discovery of first-in-class drugs: origins
and evolution. Nature Reviews Drug Discovery, 13(8):577-587, 2014.

Carl Edwards, Tuan Lai, Kevin Ros, Garrett Honke, Kyunghyun Cho, and Heng Ji. Translation
between molecules and natural language. arXiv preprint arXiv:2204.11817, 2022.

Rafael Gomez-Bombarelli, Jennifer N Wei, David Duvenaud, José Miguel Hernandez-Lobato,
Benjamin Sanchez-Lengeling, Dennis Sheberla, Jorge Aguilera-Iparraguirre, Timothy D Hirzel,
Ryan P Adams, and Aldn Aspuru-Guzik. Automatic chemical design using a data-driven contin-
uous representation of molecules. ACS central science, 4(2):268-276, 2018.

Lauren L Grant and Clarissa S Sit. De novo molecular drug design benchmarking. RSC Medicinal
Chemistry, 12(8):1273-1280, 2021.

Marzieh Haghighi, Juan C Caicedo, Beth A Cimini, Anne E Carpenter, and Shantanu Singh. High-
dimensional gene expression and morphology profiles of cells across 28,000 genetic and chemical
perturbations. Nature methods, 19(12):1550-1557, 2022.

Leon Hetzel, Simon Boehm, Niki Kilbertus, Stephan Gilinnemann, Fabian Theis, et al. Predicting
cellular responses to novel drug perturbations at a single-cell resolution. Advances in Neural
Information Processing Systems, 35:26711-26722, 2022.

Wengong Jin, Regina Barzilay, and Tommi Jaakkola. Junction tree variational autoencoder for
molecular graph generation. In Infernational conference on machine learning, pp. 2323-2332.
PMLR, 2018.

Ilya Korsunsky, Nghia Millard, Jean Fan, Kamil Slowikowski, Fan Zhang, Kevin Wei, Yuriy
Baglaenko, Michael Brenner, Po-ru Loh, and Soumya Raychaudhuri. Fast, sensitive and accurate
integration of single-cell data with harmony. Nature methods, 16(12):1289-1296, 2019.

10



Under review as a conference paper at ICLR 2026

Greg Landrum. Rdkit: Open-source cheminformatics software. 2016. URL https://github.
com/rdkit/rdkit/releases/tag/Release_2016_09_ 4.

Myeonghun Lee and Kyoungmin Min. Mgcvae: multi-objective inverse design via molecular graph
conditional variational autoencoder. Journal of chemical information and modeling, 62(12):2943—
2950, 2022.

Chen Li and Yoshihiro Yamanishi. Gxvaes: Two joint vaes generate hit molecules from gene ex-
pression profiles. In Proceedings of the AAAI Conference on Artificial Intelligence, volume 38,
pp. 1345513463, 2024.

Gang Liu, Jiaxin Xu, Tengfei Luo, and Meng Jiang. Graph diffusion transformers for multi-
conditional molecular generation. Advances in Neural Information Processing Systems, 37:8065—
8092, 2024.

Xingchao Liu, Chengyue Gong, and Qiang Liu. Flow straight and fast: Learning to generate and
transfer data with rectified flow. arXiv preprint arXiv:2209.03003, 2022.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Mandar Joshi, Danqi Chen, Omer Levy, Mike
Lewis, Luke Zettlemoyer, and Veselin Stoyanov. Roberta: A robustly optimized bert pretraining
approach. arXiv preprint arXiv:1907.11692, 2019.

Mohammad Lotfollahi, Anna Klimovskaia Susmelj, Carlo De Donno, Leon Hetzel, Yuge Ji, Igna-
cio L Ibarra, Sanjay R Srivatsan, Mohsen Naghipourfar, Riza M Daza, Beth Martin, et al. Predict-
ing cellular responses to complex perturbations in high-throughput screens. Molecular systems
biology, 19(6):e11517, 2023.

Kaushalya Madhawa, Katushiko Ishiguro, Kosuke Nakago, and Motoki Abe. Graphnvp: An invert-
ible flow model for generating molecular graphs. arXiv preprint arXiv:1905.11600, 2019.

Joshua Mitton, Hans M Senn, Klaas Wynne, and Roderick Murray-Smith. A graph vae and graph
transformer approach to generating molecular graphs. arXiv preprint arXiv:2104.04345, 2021.

API Model and Enzymes Biologics. Ginkgo datapoints: Data generation for ai model training. 2025.

John G Moffat, Fabien Vincent, Jonathan A Lee, Jorg Eder, and Marco Prunotto. Opportunities and
challenges in phenotypic drug discovery: an industry perspective. Nature reviews Drug discovery,
16(8):531-543, 2017.

Lambda Moses and Lior Pachter. Museum of spatial transcriptomics. Nature methods, 19(5):534—
546, 2022.

Yuyan Ni, Shikun Feng, Wei-Ying Ma, Zhi-Ming Ma, and Yanyan Lan. Revisiting sampling strate-
gies for molecular generation. arXiv preprint arXiv:2506.17340, 2025.

Rahul Ohlan, Raswanth Murugan, Li Xie, Mohammedsadeq Mottaqi, Shuo Zhang, and Lei Xie.
Molgene-e: Inverse molecular design to modulate single cell transcriptomics. bioRxiv, 2025.

Ladislav Rampdasek, Michael Galkin, Vijay Prakash Dwivedi, Anh Tuan Luu, Guy Wolf, and Do-
minique Beaini. Recipe for a general, powerful, scalable graph transformer. Advances in Neural
Information Processing Systems, 35:14501-14515, 2022.

Anjali Rao, Dalia Barkley, Gustavo S Franca, and Itai Yanai. Exploring tissue architecture using
spatial transcriptomics. Nature, 596(7871):211-220, 2021.

Mohammad Hossein Rohban, Shantanu Singh, Xiaoyun Wu, Julia B Berthet, Mark-Anthony Bray,
Yashaswi Shrestha, Xaralabos Varelas, Jesse S Boehm, and Anne E Carpenter. Systematic mor-
phological profiling of human gene and allele function via cell painting. Elife, 6:e24060, 2017.

Christian Scheeder, Florian Heigwer, and Michael Boutros. Machine learning and image-based
profiling in drug discovery. Current opinion in systems biology, 10:43-52, 2018.

Gisbert Schneider, Werner Neidhart, Thomas Giller, and Gerard Schmid. “‘scaffold-hopping” by
topological pharmacophore search: a contribution to virtual screening. Angewandte Chemie In-
ternational Edition, 38(19):2894-2896, 1999.

11


https://github.com/rdkit/rdkit/releases/tag/Release_2016_09_4
https://github.com/rdkit/rdkit/releases/tag/Release_2016_09_4

Under review as a conference paper at ICLR 2026

Marwin HS Segler, Thierry Kogej, Christian Tyrchan, and Mark P Waller. Generating focused
molecule libraries for drug discovery with recurrent neural networks. ACS central science, 4(1):
120-131, 2018.

Noam Shazeer. Glu variants improve transformer. arXiv preprint arXiv:2002.05202, 2020.

Chence Shi, Minkai Xu, Zhaocheng Zhu, Weinan Zhang, Ming Zhang, and Jian Tang.
Graphaf: a flow-based autoregressive model for molecular graph generation. arXiv preprint
arXiv:2001.09382, 2020.

Yuto Shino and Hiromasa Kaneko. Improving molecular design with direct inverse analysis of
gsar/qspr model. Molecular Informatics, 44(1):e202400227, 2025.

Martin Simonovsky and Nikos Komodakis. Graphvae: Towards generation of small graphs using
variational autoencoders. In International conference on artificial neural networks, pp. 412-422.
Springer, 2018.

Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Abhishek Kumar, Stefano Ermon, and Ben
Poole. Score-based generative modeling through stochastic differential equations. arXiv preprint
arXiv:2011.13456, 2020.

Aravind Subramanian, Rajiv Narayan, Steven M Corsello, David D Peck, Ted E Natoli, Xiaodong
Lu, Joshua Gould, John F Davis, Andrew A Tubelli, Jacob K Asiedu, et al. A next generation
connectivity map: L1000 platform and the first 1,000,000 profiles. Cell, 171(6):1437-1452, 2017.

Hongmao Sun, Gregory Tawa, and Anders Wallqvist. Classification of scaffold-hopping approaches.
Drug discovery today, 17(7-8):310-324, 2012.

David C Swinney. Phenotypic vs. target-based drug discovery for first-in-class medicines. Clinical
Pharmacology & Therapeutics, 93(4):299-301, 2013.

Qiaosi Tang, Daoyun Ding, Xiaoyong Yuan, Gustavo Seabra, Peter A Ramdhan, Chi-Yuan Liu,
My T Thai, Chenglong Li, Hendrik Luesch, and Yanjun Li. Mgmg: Cell morphology-guided
molecule generation for drug discovery. bioRxiv, pp. 2025-07, 2025.

Fabien Vincent, Arsenio Nueda, Jonathan Lee, Monica Schenone, Marco Prunotto, and Mark Mer-
cola. Phenotypic drug discovery: recent successes, lessons learned and new directions. Nature
Reviews Drug Discovery, 21(12):899-914, 2022.

Yanli Wang, Jewen Xiao, Tugba O Suzek, Jian Zhang, Jiyao Wang, and Stephen H Bryant. Pub-
chem: a public information system for analyzing bioactivities of small molecules. Nucleic acids
research, 37(suppl_2):W623-W633, 2009.

Ye Wang, Honggang Zhao, Simone Sciabola, and Wenlu Wang. cmolgpt: a conditional generative
pre-trained transformer for target-specific de novo molecular generation. Molecules, 28(11):4430,
2023.

Gregory P Way, Maria Kost-Alimova, Tsukasa Shibue, William F Harrington, Stanley Gill, Federica
Piccioni, Tim Becker, Hamdah Shafqat-Abbasi, William C Hahn, Anne E Carpenter, et al. Pre-
dicting cell health phenotypes using image-based morphology profiling. Molecular biology of the
cell, 32(9):995-1005, 2021.

Cameron G Williams, Hyun Jae Lee, Takahiro Asatsuma, Roser Vento-Tormo, and Ashraful Haque.
An introduction to spatial transcriptomics for biomedical research. Genome medicine, 14(1):68,
2022.

Jingjing Xu, Xu Sun, Zhiyuan Zhang, Guangxiang Zhao, and Junyang Lin. Understanding and
improving layer normalization. Advances in neural information processing systems, 32, 2019.

Chengxi Zang and Fei Wang. Moflow: an invertible flow model for generating molecular graphs. In
Proceedings of the 26th ACM SIGKDD international conference on knowledge discovery & data
mining, pp. 617-626, 2020.

Paula A Marin Zapata, Oscar Méndez-Lucio, Tuan Le, Carsten Jorn Beese, Jorg Wichard, David
Rouquié, and Djork-Arné Clevert. Cell morphology-guided de novo hit design by conditioning
gans on phenotypic image features. Digital discovery, 2(1):91-102, 2023.

12



Under review as a conference paper at ICLR 2026

A APPENDIX

A.1 ETHICS STATEMENT

Large language models served only as proofreading and editorial assistance tools for the manuscript
text, with no participation in data analysis, scientific interpretation, or content development.

A.2 REPRODUCIBILITY STATEMENT

Code and pretrained model weights will be released upon acceptance.
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