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Abstract

Phenotypic drug discovery has attracted widespread attention
because of its potential to identify bioactive molecules. Tran-
scriptomic profiling provides a comprehensive reflection of
phenotypic changes in cellular responses to external pertur-
bations. In this paper, we propose XTransferCDR, a novel
generative framework designed for feature decoupling and
transferable representation learning across domains. Given a
pair of perturbed expression profiles, our approach decouples
the perturbation representations from basal states through do-
main separation encoders and then cross-transfers them in the
latent space. The transferred representations are then used to
reconstruct the corresponding perturbed expression profiles
via a shared decoder. This cross-transfer constraint effectively
promotes the learning of transferable drug perturbation repre-
sentations. We conducted extensive evaluations of our model
on multiple datasets, including single-cell transcriptional re-
sponses to drugs and single- and combinatorial genetic per-
turbations. The experimental results show that XTransfer-
CDR achieved better performance than current state-of-the-
art methods, showcasing its potential to advance phenotypic
drug discovery.

Code — https://github.com/hliulab/XTransferCDR

Introduction
In recent years, target-based drug discovery has made signif-
icant progress (Yofe, Dahan, and Amit 2020; Przybyla and
Gilbert 2022). However, the efficacy of drug molecules on
their targets is profoundly influenced by the complex cellu-
lar context, and drugs designed to bind their targets do not
always elicit the desired changes at the level of cellular phe-
notype (Lim 2022), partially due to off-target effects. Con-
sequently, the success rate of target-based drug discovery re-
mains relatively low (Herrera-Acevedo et al. 2022) . These
challenges have prompted researchers to increasingly focus
on phenotype-based drug discovery (Jones et al. 2022).

Transcriptomic profiles are widely used as molecular phe-
notype data to elucidate cellular responses to various pertur-
bations (Replogle, Saunders, and et al. 2021), such as drugs
and genetic knockout/activation. Large-scale experiments
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have been conducted to measure a wealth of drug-induced
transcriptional responses in vitro (Yang et al. 2012). For ex-
ample, the L1000 platform (Subramanian et al. 2017) offers
a cost-effective, high-throughput method for generating ex-
pression profiles in response to drug perturbations (Yofe,
Dahan, and Amit 2020). In particular, single-cell RNA se-
quencing (scRNA-seq) is valuable for detecting subtle tran-
scriptional changes within individual cells, allowing for the
identification of cell subpopulations that are resistant to spe-
cific drugs and facilitating phenotypic analysis at single-cell
resolution (Haque et al. 2017; Levitin, Yuan, and Sims 2018;
Ding, Chen, and Shen 2020). For instance, sci-Plex (Srivat-
san et al. 2020), which integrates nuclear hashing and single-
cell RNA sequencing into a single workflow for multiplex
transcriptomics, has been used to quantify global transcrip-
tional responses to hundreds of independent perturbations
at the single-cell level. Despite the power of these high-
throughput screening techniques, their capacity remains lim-
ited when compared to the space of all potential cell types
and perturbation combinations. As such, there is an urgent
need to develop computational models capable of predicting
phenotype changes induced by various perturbations.

Several methods have been proposed for predicting cellu-
lar responses to drug treatments, including deep variational
autoencoders (Jia et al. 2021), kernelized Bayesian matrix
factorization (Madhukar et al. 2019), matrix factorization
with similarity regularization (Gao, Yang, and Wang 2021),
and convolutional neural networks (Zhang, Lu, and Zang
2022). These methods employ various techniques, such as
imputing drug responses through low embeddings of mul-
tiple genes (Roohani, Huang, and Leskovec 2022), in-
corporating prior knowledge of pathway-drug associations
(Chawla et al. 2022), leveraging mutational signatures (Ro-
bichaux et al. 2021; Aissa et al. 2021) and expression pro-
files for prediction (Sharifi-Noghabi et al. 2021; He et al.
2022). Despite these advancements, most machine learn-
ing models struggle to handle high-dimensional scRNA-
seq data, resulting in suboptimal performance in predict-
ing single-cell responses. To address these limitations, deep
learning techniques have been increasingly applied in the
analysis of scRNA-seq data in recent years. CPA (Lotfol-
lahi et al. 2021) proposes a deep encoder-decoder frame-
work to generate interpretable drug and cell type embed-
dings, facilitating the cellular response prediction of novel
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drug dosages and drug combinations. ChemCPA (Hetzel
et al. 2022) extends CPA by introducing a drug molecular
encoder to predict single-cell transcriptional response to un-
seen drugs. GEARS (Roohani, Huang, and Leskovec 2022)
leverages a graph neural network and a knowledge graph of
gene-gene relationships to model multi-gene perturbations
on transcriptional responses. PerturbNet (Yu and Welch
2022) uses a deep generative model to learn a continuous
mapping between the space of possible perturbations and the
space of possible cell states. However, these previous studies
have not focused on learning transferable perturbation rep-
resentation, which results in poor performance when applied
to novel drugs or cellular contexts.

To develop computational methods for predicting tran-
scriptional responses to novel perturbations in new cel-
lular contexts, it is essential to effectively disentan-
gle perturbation-specific representations and basal cellular
states from expression profiles induced by external stim-
uli. Inspired by style transfer (Lee, Cho, and Im 2021)
and disentangled representation learning (Bousmalis et al.
2016), we proposed XTransferCDR, a cross-domain trans-
fer learning framework to predict cellular response at single-
cell level. To create an interpretable model, we hypothesize
that in the latent pharmacotranscriptomic space, the effects
of perturbations on cellular states adhere to a linear additiv-
ity rule (Lotfollahi et al. 2021; Hetzel et al. 2022). Therefore,
we introduced a cross-transfer constraint to ensure that the
extracted perturbation representations can reconstruct ex-
pected cellular response when transferred across different
cellular contexts. The integration of cross-domain transfer
and linear modeling facilitate the learning of interpretable
and transferable perturbation representations, enabling the
prediction of drug responses in novel cellular contexts. We
conducted extensive evaluations of our model on multiple
datasets, including single-cell transcriptional responses to
drugs, as well as single and combinatorial genetic perturba-
tions. Experimental results show that our model outperforms
existing state-of-the-art methods.

We believe this work has at least the following three con-
tributions:

• To our knowledge, this is the first time that cross-domain
disentanglement representation learning has been pro-
posed to model perturbation-induced cellular responses
at single-cell level.

• Cross-transfer constraints empower our model to effec-
tively learn transferable perturbation representations, en-
hancing the model’s generalizability in predicting cellu-
lar response to novel drugs and genetic perturbations.

• We evaluated the proposed model on multiple single-
cell transcriptional response to drug and genetic pertur-
bations, and verified that our model achieved better per-
formance than current state-of-the-art methods.

Related Works
Cross-Domain Style Transfer
Cross-domain transfer is a concept in the field of computer
vision, particularly in image style transfer (Zhu et al. 2017;

Tran and Huang 2019), which involves separating an image
representation in the latent space into two distinct factors:
content and style. Several methods have been proposed to
utilize convolutional neural networks, bilinear models, and
adversarial learning to effectively disentangle the content
and style of images. Our method is primarily inspired by
cross-domain disentanglement network (Gonzalez-Garcia,
Weijer, and Bengio 2018) and DRANet (Lee, Cho, and Im
2021), which employ a cross-domain autoencoder frame-
work to disentangle images into content (scene structure)
and style (artistic appearance), realizing bidirectional image-
to-image translation. Pioneering work informs our approach
to learning transferable perturbation representations, which
facilitate the prediction of transcriptional responses.

Linear Modeling in Latent Space

The linear additive model in the latent space is widely used
in deep learning for interpretability, such as latent additive
neural models (Nguyen, Vasilaki, and Martı́nez 2023) and
latent linear additivity models (Lotfollahi et al. 2021; Het-
zel et al. 2022; Huang and Liu 2024). CPA (Lotfollahi et al.
2021) and cycleCDR (Huang and Liu 2024) are most re-
lated to our work, as they combine the interpretability of
linear models with the power of deep learning to model
single-cell transcriptional responses. Linear modeling in la-
tent space yields easy-to-interpret embeddings that repre-
sent drug-induced perturbations within the cellular context,
thereby promoting the discovery of drugs with similar ther-
apeutic effect and synergistic drug combinations.

XTransferCDR

Framework Overview

Given the expression profiles perturbed by drugs or genetic
manipulations, our goal is to learn perturbation representa-
tions transferable to novel cellular contexts. For this pur-
pose, we introduce feature disentangling learning to decom-
pose the expression profiles induced by two distinct pertur-
bations into their respective perturbation representations and
cellular basal states. Meanwhile, we postulate that the ef-
fect of external perturbations on cellular states follows linear
additivity in the latent space, as adopted by previous stud-
ies(Hetzel et al. 2022; Huang and Liu 2024). As such, we
cross-transfer the perturbation representations in the latent
space to reconstruct the corresponding perturbed expression
profile through a decoder.

Figure 1 illustrates the architecture of our proposed
XTransferCDR model, which primarily consists of four
components: an encoder Es used to extract cellular basal
state, and an encoder Ep to extract perturbation embeddings
from the perturbed gene expression profiles, a cross-transfer
module to swap these two perturbation embeddings and re-
combine with respective basal state, and a decoder D to map
the embeddings in the latent space back to corresponding ex-
pression profiles. In principle, we borrow the idea from dis-
entangled representation learning and style transfer in con-
ceptualizing the XTransferCDR framework.
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Figure 1: Illustrative diagram of the proposed XTransferCDR framework. Two encoders Es and Ep extract basal state and
perturbation embeddings from perturbed expression profiles, and cross transfer the perturbation embeddings in the latent space,
and a shared decoder D map them back to reconstruct corresponding expression profiles.

Representation Disentanglement
Suppose that an unperturbed expression profile is denoted
X , and the expression profiles induced by perturbations a
and b are represented as X(a) and X(b), respectively. The
objective of the encoder Es is to extract the cellular basal
state that can be mapped back by a decoder to reconstruct
the unperturbed expression profile X . We assume that the
basal states extracted from X(a) and X(b) are denoted by
S(a) = Es(X

(a)) and S(b) = Es(X
(b)) in the latent space.

Meanwhile, the encoder Ep is designed to extract pertur-
bation representations from perturbed expression profiles.
Formally, the encoder Ep extracts the respective perturba-
tion embeddings from X(a) and X(b), denoted by P (a) =
Ep(X

(a)) and P (b) = Ep(X
(b)) in the latent spaces. For

feature disentanglement, we enforce an orthogonality con-
straint between the basal state and perturbation representa-
tions extracted from the same perturbed expression profiles.
For example, P (a) and S(a), as well as P (b) and S(b), are
orthogonal to each other so that they do not contain redun-
dant information. Formally, the orthogonal loss is defined as
follows:

Lorth =
1

N

∑
i

∥∥∥P (a)
i · S(a)

i

∥∥∥2
F
+
∥∥∥P (b)

i · S(b)
i

∥∥∥2
F

(1)

in which ∥.∥2F was the squared Frobenius norm, i is the in-
dex of paired expression profiles in a mini-batch. The or-
thogonality constraints enforce that the basal encoder and
perturbation encoder actually function as a domain separa-
tion network (Bousmalis et al. 2016) to extract disentangled
representations. Specifically, once the basal state is aligned,
the perturbations can be cross-transferred to recover the cor-
responding perturbed expression profiles through a decoder.

Moreover, if two perturbations a and b are applied to
the same cellular context, the basal states S(a) and S(b)

extracted from the respective perturbed expression profiles
should be aligned to each other as much as possible. There-
fore, we try to minimize the similarity between them, and the

Kullback-Leibler divergence is used to define the similarity
loss Lsim as follows:

Lsim =
∑
i

Es(X
(a)
i ) log

Es(X
(a)
i )

Es(X
(b)
i )

(2)

Expression Profile Reconstruction

We expect that the basal states Sa and Sb extracted by Es

can reconstruct the unperturbed expression profile X by the
decoder D. For this purpose, we define the mean square er-
ror between the actual unperturbed expression profile and
the inferred ones as the reconstruction loss, which should be
minimized during model training. Formally, we define the
reconstruction loss as follows:

L(1)
reco =

1

N

N∑
i=1

(
D(S

(a)
i )−Xi

)2

+
(
D(S

(b)
i )−Xi

)2

(3)
Because the basal state is aligned to the unperturbed expres-
sion profiles, the effect of perturbation leading to phenotypic
change is completely encoded by the perturbation embed-
dings.

Moreover, we hypothesize that the effect of perturbations
on the cellular state follows a linear additive rule in the la-
tent space, so that we can recover the perturbed expression
profile by the same decoder. Specifically, since the expres-
sion profiles X(a) are orthogonally decoupled into the basal
state S(a) and perturbation feature P (a), the sum of S(a)

and P (a) contains all the information needed to reconstruct
the perturbed expression profiles. Therefore, the decoder D
is assumed to take (P (a) + S(a)) as input and output the
expression profile X(a). The same operation is applied to
X(b). Formally, denote by the inferred expression profiles
X̂(aa) = D(S(a) + P (a)) and X̂(bb) = D(S(b) + P (b)), we
define the mean square error between the actual and inferred
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perturbed expression profiles as another reconstruction loss:

L(2)
reco =

1

N

N∑
i

(
X̂

(aa)
i −X

(a)
i

)2

+
(
X̂

(bb)
i −X

(b)
i

)2

(4)

We think the reconstruction losses offer at least some signifi-
cance. First, the basal state encoder is enforced to capture the
ground-truth information related to the unperturbed cellular
state. Second, the perturbation encoder focuses on extracting
the complete information relevant to perturbation. Finally,
the decoder is endeavored to reconstruct corresponding ex-
pression profiles given the established representation in the
latent space.

Cross Transfer
To learn transferable perturbation representations, we swap
the representations P (a) and P (b) extracted from the expres-
sion profiles X(a) and X(b) induced by two different pertur-
bations in the same cellular context. Under the assumption
of linear additivity rule, the cross-transferred perturbations
were respectively added to the basal states S(a) and S(b)

to simulate the effect of perturbations on the cellular state,
namely (P (a)+S(b)) and (P (b)+S(a)). Next, the shared de-
coder D is assumed to recover the corresponding perturbed
expression profiles. Denote by X̂(a→b) = D(S(b) + P (a))

and X̂(b→a) = D(S(a) + P (b)), we define the mean square
error loss function as follows:

Lcross =
1

N

N∑
i

(
X̂

(a→b)
i −X

(a)
i

)2

+
(
X̂

(b→a)
i −X

(b)
i

)2

(5)
Overall, the orthogonal constraint enforces two encoders

Es and Ep function collaboratively to realize feature dis-
entanglement, while the cross-transfer constraint enforces
them to learn the transferable perturbation representations.

Full Objective
The full objective function is defined as below:

L = Lsim + Lorth + L(1)
reco + L(2)

reco + Lcross (6)

The total loss function is minimized to learn the parameters
of the encoders and decoder.

In our practice, the encoder/decoder are realized using
fully-connected feed-forward networks with rectified linear
unit (ReLU) activation function. They consist of four feed-
forward layers with sizes of 1024, 512, 256, and 128, re-
spectively. Each feed-forward layer is followed by a batch
normalization layer, and a dropout layer with the dropout
probability set to 0.2. The learning rate is set to 2e-4,
and the bottleneck dimension between the encoder and de-
coder is set to 128. The model was trained for 60 epochs,
and all experiments were conducted on a CentOS Linux
8.2.2004 (Core) system, equipped with a GeForce RTX 4090
GPU and 128GB memory. During the model training and
cross-validation stage, these loss terms were appropriately
weighted.

Figure 2: Performance evaluation on sci-Plex single-cell
transcriptional response to drug perturbations. (a) Perfor-
mance metrics achieved by XTransferCDR on sci-Plex3
dataset, in which * denotes the metric computed across
DEGs. (b) Scatter plot between predicted and actual expres-
sion profiles on sci-Plex4 dataset.

Experiments

Experimental Setup

During the training stage, our model requires paired samples
as input, namely, pairs of expression profiles induced by two
distinct perturbations. To achieve this, given the single-cell
expression profiles of certain cell lines subjected to a large
number of perturbations, they were divided into two groups
with approximately equal sizes at the drug level. Next, we
randomly selected one case from each group to form a paired
sample till all cases were paired. The drug-level data parti-
tion ensures that each paired sample corresponds to two dif-
ferent drugs, thereby avoiding symmetric repetition.

For objective performance evaluation, each established
dataset was randomly divided into training, validation, and
test sets. Importantly, all data points associated with a spe-
cific drug were exclusively allocated to either the training or
test set. In the testing stage, the perturbed expression pro-
file by a perturbation “unseen” in training stage was fed
into the encoder to extract its perturbation representation,
which is then combined with the basal state derived from
corresponding unperturbed expression profiles. The result-
ing embedding is used to infer the expression profile induced
by this “unseen” perturbation. The predicted expression pro-
files were subsequently compared to the actual ones to assess
the model performance. This testing strategy was intention-
ally designed to evaluate the model’s ability to generalize
to novel drugs when predicting cellular transcriptional re-
sponses.
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Model mean R2 (All genes) mean R2 (DEGs) median R2 (All genes) median R2 (DEGs)
Baseline 0.50 0.29 0.49 0.12

chemCPA 0.51 0.32 0.47 0.24
chemCPA+pretraining 0.68 0.54 0.75 0.64

cycleCDR 0.72 0.55 0.80 0.69
XTransferCDR 0.81 0.62 0.90 0.72

Table 1: Performance evaluation on the sci-Plex3 single-cell transcriptional response dataset.

Model R2 (All genes) R2 (DEGs) EV (All genes) EV (DEGs) PCC (All genes) PCC (DEGs)
Baseline 0.432 0.166 0.435 0.168 0.348 0.189

cycleCDR 0.620 0.629 0.637 0.750 0.827 0.894
XTransferCDR 0.861 0.806 0.865 0.822 0.932 0.911

Table 2: Performance Comparison on the sci-Plex4 single-cell transcriptional response to drug perturbations.

Evaluation Metrics
We calculated three performance metrics: coefficient of de-
termination (R2), Pearson correlation coefficient (PCC), and
explained variance (EV) using the predicted and actual ex-
pression profiles. Given that most genes exhibit minimal
change in response to external perturbations, the perfor-
mance metrics computed across genome-wide expression
profiles may not accurately reflect the model’s true predic-
tive capability. Instead, the differentially expressed genes
(DEGs) could more faithfully capture the actual impact
of perturbations on cellular states. Therefore, we also re-
ported the performance metrics computed across the top
50 DEGs. Note that the differential expression analysis
was conducted by comparing the perturbed expression lev-
els to the unperturbed ones, with the threshold for dif-
ferential expression defined as a logarithmic fold change
greater than 1 (log2 |fc| ≥ 1). Additionally, to evaluate
our model’s performance, we compared it against previ-
ously published methods, including chemCPA (Hetzel et al.
2022), GEARS (Roohani, Huang, and Leskovec 2022) and
cycleCDR (Huang and Liu 2024). We also introduced a
baseline model to serve as a benchmark. The baseline model
calculates performance metrics directly using the unper-
turbed and actual perturbed expression profiles.

Evaluation on Single-Cell Drug Response
We initially evaluated the model’s performance on the
single-cell chemical response dataset from the sci-Plex
project (Srivatsan et al. 2020). The sci-Plex3 dataset con-
tains the single-cell transcriptional responses of three hu-
man cancer cell lines (MCF7, K562, and A549) exposed
to 188 different drugs. To capture pronounced drug effects,
we adopted the expression profiles induced by a 10µM drug
dosage. Among the drugs, nine drugs (Dacinostat, Givi-
nostat, Belinostat, Hesperadin, Quisinostat, Alvespimycin,
Tanespimycin, TAK-901, and Flavopiridol) were reported in
the original sci-Plex publication as the most effective in in-
ducing significant change of expression levels. These nine
drugs involve in three distinct mechanisms of action, includ-
ing epigenetic regulation, tyrosine kinase signaling, and cell
cycle regulation. For model evaluation, the expression pro-

files induced by these nine drugs were held out as the test
set (n=3,071), while the remaining data were used to create
the paired samples for training (n=101,190) and validation
set (n=8,499) with a 4:1 ratio.

For each cell in the test set subjected to a specific drug per-
turbation, we predicted its perturbed expression profile, and
then calculated the performance metrics using the actual and
predicted mean expression levels of all cells across all genes
and top 50 DEGs, respectively. To benchmark the perfor-
mance, we compared our method to baseline and cycleCDR
(Huang and Liu 2024), as well as chemCPA (Hetzel et al.
2022) with and without pretraining on L1000 bulk data. Ta-
ble 1 presented the mean and median R2 values on the hold-
out test set. It can be found that our model achieved sig-
nificantly higher performance than other comparative meth-
ods. Figure 2(a) presented the boxplots of other performance
metrics achieved by our method, computed across all genes
and DEGs. Our method consistently exhibited superior per-
formance on these metrics, with the exception of a relatively
large variance in the Spearman correlation coefficient for
DEGs.

Moreover, we have noticed that the sci-Plex project has
released a new dataset sci-Plex4, thereby we extended our
evaluation to this dataset. Following the drug-level data par-
titioning strategy, the sci-Plex4 dataset was randomly di-
vided into a training set (n=7,104), validation set (n=718),
and test set (n=733). The test set included five distinct
drugs: Dacinostat, CUDC-907, Quisinostat, Panobinostat,
and Givinosta. In Table 2, we presented the means of R2,
EV, and PCC metrics on the hold-out test set. As expected,
our model consistently outperformed the baseline model
across all evaluation metrics. Figure 2(b) illustrated strong
correlation between the actual and predicted expression pro-
files.

Evaluation on Single-Cell Genetic Perturbation
We further evaluated our method on two single-cell datasets
established by genetic perturbation assays (Replogle, Saun-
ders, and et al. 2021). The datasets contain the single-cell
RNA sequencing readouts of the entire transcriptome of
K562 and RPE-1 cells through CRISPR-based knockout

18838



Cell line Method R2 (All genes) R2 (DEGs) EV (All genes) EV (DEGs)

K562

Baseline 0.84 0.10 0.84 0.19
GEARS 0.86 0.29 0.86 0.32

cycleCDR 0.88 0.37 0.88 0.40
XTransferCDR 0.90 0.68 0.90 0.72

RPE-1

Baseline 0.72 0.00 0.72 0.11
GEARS 0.80 0.27 0.81 0.30

cycleCDR 0.82 0.45 0.82 0.46
XTransferCDR 0.86 0.78 0.86 0.80

Table 3: Performance evaluation on single-cell response datasets induced by single-gene genetic perturbations.

Figure 3: Performance evaluation on single-cell transcrip-
tional response to genetic perturbations on k562 and RPE-1
cell lines. (a-b) Performance metrics achieved by XTrans-
ferCDR across all genes and DEGs (*), respectively. Al-
though the metrics computed on DEGs on k562 and RPE-
1 cell lines, respectively. (c-d) Performance advantage over
baseline model for the top 10 knockout genes that induced
most significant differential expression on k562 and RPE-1
cell lines, respectively.

of individual genes. Following aforementioned data parti-
tion strategy, the K562 dataset was divided into a training
set (n=64,249), a validation set (n=2,234), and a test set
(n=2,233). The RPE-1 dataset was divided into a training
set (n=72,200), a validation set (n=2,045), and a test set
(n=2,044).

In addition to the baseline model, we conducted perfor-
mance comparison with GEARS (Roohani, Huang, and
Leskovec 2022) and cycleCDR (Huang and Liu 2024). Ta-
ble 3 showed the mean R2 and EV values on the hold-
out test sets. Notably, our model outperformed all compara-
tive methods across all performance metrics. Moreover, Fig-
ure 3(a-b) showed other performance metrics achieved by
our method on K562 and RPE-1 datasets, respectively. Al-
though the metrics computed on DEGs exhibited relatively
large variance, our method always achieved more than 0.8

mean performance measures. To explore the performance on
specific genetic perturbations, we paid close attention to the
top 10 knockout genes that induced most significant differ-
ential expression. As shown in Figures 3(c-d), our method
exhibited notable performance advantage over the baseline
model on these knockout genes, except for the SARS gene
in RPE-1 cell line. These findings confirm the exceptional
performance and generalization ability of our model in pre-
dicting transcriptional responses induced by gene perturba-
tions.

Evaluation on Combinatorial Genetic
Perturbations
To further validate the effectiveness of learned transfer-
able perturbations, we carried out systematic evaluation
on another dataset that was generated through CRISPR-
based knockout (deactivation) of multiple genes, aimed at
observing the consequent alterations in single-cell pheno-
types (Norman et al. 2019). This dataset comprises the
single-cell expression profiles of A549 cells subjected to 131
dual-gene knockouts and 85 distinct single-gene knockouts.
Among these, we selected 10 representative dual-gene per-
turbations, such as (FOSB+CEBPB) and (ZBTB10+DLX2),
as the test set. Notably, these dual-gene perturbations were
also chosen for testing in the GEARS study (Roohani,
Huang, and Leskovec 2022), thus justifying a robust and ob-
jective performance comparison.

We trained our model on the expression profiles induced
by single-gene knockouts. Next, the trained encoders were
used to extract the representations of single-gene perturba-
tions (e.g., P (a) and P (b)). Following the assumption of lin-
ear additivity in the latent space, these perturbation repre-
sentations were linearly combined with the basal state S of
the test cells to simulate the effects of dual-gene perturba-
tion (e.g., S + P (a) + P (b)). Finally, the decoder was used
to predict the expression profiles resulting from the dual-
gene perturbation. For instance, given the expression pro-
files induced independently by single-gene knockouts (e.g.,
FOSB and CEBPB) in A549 cell line, we can predict the
expression profiles induced by the dual-gene perturbation
(FOSB+CEBPB) in the same cell line.

Table 4 presented the performance metrics of XTransfer-
CDR compared to baseline model, demonstrating that our
method exhibited superior predictive power for combina-
torial genetic perturbations. Especially, our method exhib-
ited great advantage over baseline model in predicting per-
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Model R2 (All genes) R2 (DEGs) EV (All genes) EV (DEGs) PCC (All genes) PCC (DEGs)
Baseline 0.852 0.166 0.859 0.398 0.927 0.711

XTransferCDR 0.964 0.837 0.965 0.877 0.983 0.877

Table 4: Performance evaluation on single-cell response dataset induced by combinatorial genetic perturbations.

Lcross Lorth Lsim R2 (All genes) R2 (DEGs) EV (All genes) EV (DEGs) PCC (All genes) PCC (DEGs)
✓ ✓ 0.660 0.183 0.663 0.270 0.814 0.575

✓ ✓ 0.724 0.521 0.729 0.677 0.850 0.823
✓ ✓ 0.752 0.521 0.755 0.615 0.857 0.782
✓ ✓ ✓ 0.817 0.626 0.819 0.717 0.905 0.861

Table 5: Performance evaluation of ablated models on sci-Plex3 dataset.

Figure 4: Predicted single-cell expression levels of top 20
differentially expressed genes induced by dual-gene pertur-
bations (FOSB+CEBPB) on A549 cell line.

turbed profiles of DEGs, i.e., the R2, EV and PCC met-
rics computed across DEGs are raised from 0.166, 0.398
and 0.711 to 0.837, 0.877 and 0.877, respectively. Further-
more, we conducted an in-depth analysis to evaluate our
model’s performance in predicting the transcriptional re-
sponse of individual genes. For example, following the dual-
gene (FOSB+CEBPB) perturbation, XTransferCDR accu-
rately predicted the expression level changes of top 20 dif-
ferentially expressed genes relative to the control state, as
illustrated in Figure 4. These findings further validated the
reliability of our method in dissecting complex perturbations
in single-cell cellular context.

Model Ablations
To validate the contributions of key components to the
model’s performance, we conducted a few ablation exper-
iments focusing on the cross-transfer loss Lcross, orthogo-
nality constraint Lorth, and basal state similarity Lsim. For
simplicity, we did not include the ablation of the reconstruc-
tion losses, since they were implicitly ensured by autoen-
coder. The ablation experiments were performed on the sci-
Plex3 dataset, applying the aforementioned dataset partition
strategy for objective performance evaluation.

As shown in Table 5, the exclusion of cross-transfer loss
resulted in notable decline in performance. Specifically, the
R2, EV, and PCC metrics computed across all genes dropped
to 0.660, 0.663, and 0.814, respectively. Conversely, the in-
clusion of cross-transfer loss raised the corresponding met-

rics to 0.817, 0.819, and 0.905, respectively. In particular,
the most significant improvement was observed in the per-
formance metrics computed across differentially expressed
genes (DEGs), with R2, EV, and PCC increased by 44%,
43%, and 28%, respectively. This substantial enhancement
verified the key contribution of cross transfer in boosting
model performance.

We also examined the impact of orthogonality constraint
on model optimization. This constraint enforced the disen-
tanglement of perturbations from basal state, thereby facil-
itating cross transfer between perturbation representations.
As expected, its inclusion yielded significant performance
improvement. As shown in Table 5, the R2 computed across
all genes and DEGs increased from 0.72 and 0.52 to 0.81 and
0.62, respectively. Furthermore, our ablation experiments
highlighted the effectiveness of basal state similarity con-
straint, albeit its impact was not equally pronounced com-
pared to the cross-transfer loss. When all loss terms were
combined, our model achieved optimal performance. These
ablation experiments demonstrated that various components
functioned complementarily and collectively contribute to
the overall model performance.

Conclusion
In this paper, we proposed a novel cross-domain represen-
tation learning framework to predict cellular response to
external perturbations at single-cell level. We introduced a
cross-transfer constraint in the latent space to ensure that
the learned perturbation representations can accurately re-
construct the expected cellular responses when swapped to
novel cellular contexts. By combining cross-domain trans-
fer with linear modeling, our approach can learn inter-
pretable and transferable perturbation representations. We
rigorously evaluated our model across multiple datasets, in-
cluding single-cell transcriptional responses to drugs, and
both single and combinatorial genetic perturbations. The ex-
perimental results demonstrate that our model surpasses the
performance of current state-of-the-art methods.
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