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Abstract

Predicting cellular responses to various perturbations is a crit-
ical focus in drug discovery and personalized therapeutics,
with deep learning models playing a significant role in this
endeavor. Single-cell datasets contain technical artifacts that
may hinder the predictability of such models, which poses
quality control issues highly regarded in this area. To ad-
dress this, we propose CRADLE-VAE, a causal generative
framework tailored for single-cell gene perturbation model-
ing, enhanced with counterfactual reasoning-based artifact
disentanglement. Throughout training, CRADLE-VAE mod-
els the underlying latent distribution of technical artifacts and
perturbation effects present in single-cell datasets. It employs
counterfactual reasoning to effectively disentangle such arti-
facts by modulating the latent basal spaces and learns robust
features for generating cellular response data with improved
quality. Experimental results demonstrate that this approach
improves not only treatment effect estimation performance
but also generative quality as well.

Code — https://github.com/dmis-lab/CRADLE-VAE

Introduction
Understanding cellular responses to gene perturbations is
crucial for identifying potential therapeutic targets. Single-
cell technologies such as Perturb-seq (Dixit et al. 2016)
have facilitated application of machine learning methodolo-
gies in addressing this task due to their high-resolution and
high-throughput production of single-cell RNA sequencing
(scRNA-seq) data.

Previous works have proposed various computational
methods for effectively modeling single-cell gene perturba-
tion outcomes (i.e., treatment effects), mostly involving pre-
diction of scRNA-seq gene expression profiles. One line of
work features explicitly modeling the gene-gene relation-
ships, incorporating prior knowledge graphs or networks
inferred from the transcriptional data (Roohani, Huang,
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Figure 1: Training and generative process of CRADLE-VAE.

and Leskovec 2024; Cui et al. 2024). Another centralizes
around employing variational autoencoders (VAE) which
learn causal representations of single cells through modeling
the disentanglement of its perturbation effects (Lopez et al.
2023). SAMS-VAE models the addition of two disentangled
factors which are perturbation-independent cell representa-
tion (i.e., basal state) and sparse latent effects of gene per-
turbations (i.e., intervention) (Bereket and Karaletsos 2024).

Despite the endeavor in accurately predicting cellular re-
sponses, the quality of training data used in previous works
or data generated by their proposed models is not adequately
evaluated. scRNA-seq datasets suffer from quality issues
which are attributed to the limitations of existing sequenc-
ing protocols related to measurement of cells being stressed,
broken, or killed. Some data might also correspond to empty
droplets or droplets with multiple cells (i.e., doublets) (Ilicic
et al. 2016). Conventional quality control (QC) guidelines
state that these data are deemed under-qualified and the dis-
tortions that arise from the limitations of scRNA-seq proto-
cols are said to be technical artifacts (Hong et al. 2022).
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A straightforward way to tackle data quality issues caused
by the technical artifacts would be resorting to filtering
scRNA-seq data based on QC criteria. This method involves
excluding QC failed data that may confound downstream
analyses and interpretation (10x Genomics 2022). In fact,
both the quantity and the quality of scRNA-seq data, from
which the model learns the data distribution, strongly influ-
ences that of the model performance (Chen et al. 2023). This
implies a trade-off between the strictness of gene expression
data quality control and the abundance of training data re-
quired for effective generalization (Heumos et al. 2023).

Inspired by recent efforts in disentangling the latent gene
perturbation effects from the given scRNA-seq data via the
VAE framework (Lopez et al. 2023), we propose a similar
approach for handling its inherent artifacts as well. Instead
of removing the QC failed data samples, we can implement
a module that disentangles the inherent technical artifacts
from those samples, which ultimately leads to better genera-
tive quality while preserving the limited number of scRNA-
seq gene expression profiles in the training dataset. This
deeply relates to counterfactual reasoning, as our proposed
approach not only answers the question what will the gener-
ative outcome be if given this gene perturbation instead? but
also under this specific gene perturbation, what would
the generative outcome have been if technical artifacts
had been absent?

In this work, we propose CRADLE-VAE, a novel VAE
framework designed to learn causal representations of
scRNA-seq data by utilizing Counterfactual Reasoning-
based Artifact DisentangLEment. CRADLE-VAE aims to
address quality issues of both training and generated
data by disentangling technical artifacts from the natural,
perturbation-independent variation in cells through counter-
factual reasoning. Specifically, given a QC passed scRNA-
seq gene expression profile (i.e., artifact-free) as input,
CRADLE-VAE uses an auxiliary loss objective that guides
the encoded counterfactual basal state (i.e., artifact-present)
towards its reference counterfactual basal state. The latter is
constructed as an aggregation of QC failed scRNA-seq data
samples under the same gene perturbation treatment.

Our experiments demonstrate that compared with its base-
lines and ablations, CRADLE-VAE generates gene expres-
sion profiles deemed as cellular response predictions that not
only showcase superior correlation but also generative qual-
ity measured by QC pass rate. To the best of our knowledge,
it is the first attempt to model the presence of technical ar-
tifacts in scRNA-seq datasets for perturbation response pre-
diction and exploit them leveraging counterfactual reasoning
to improve generative quality. The main contributions of this
work are summarized as follows:

• We propose CRADLE-VAE, a novel VAE-based cellular
response prediction model that addresses quality issues
in the realm of scRNA-seq data.

• We introduce an auxiliary loss objective that guides
CRADLE-VAE’s disentanglement of artifacts during the
training process.

• Experimental results show that CRADLE-VAE robustly
predicts cellular responses by generating gene expression

profiles with higher quality compared to previous meth-
ods especially when given unseen perturbations as input.

• Qualitative analysis highlights how our proposed ap-
proach contributes to enhancing CRADLE-VAE’s disen-
tanglement ability improving its generative quality.

Related Works
Disentanglement in Single-cell Perturbation Response
Prediction Recent advancements in single-cell RNA se-
quencing technologies have significantly enhanced our un-
derstanding of cellular responses to chemical and genetic
perturbations (Srivatsan et al. 2020; Norman et al. 2019).
Due to the complexity of studying the phenotypic effects
of cellular perturbations and their underlying factors, previ-
ous works have focused on leveraging causal learning which
aims to understand the mechanisms by which variables in-
fluence each other and predicting the outcome of interven-
tions (Spirtes 2010). CPA utilizes a disentanglement strat-
egy based on adversarial approach (Lotfollahi et al. 2023).
Moreover, with VAEs being the primary generative models,
studies have focused on disentangling the latent variables
that constitute the true distribution of scRNA-seq data. Both
sVAE+ (Lopez et al. 2023) and SAMS-VAE (Bereket and
Karaletsos 2024) utilize sparse mechanism shifts to disen-
tangle gene perturbations.

Counterfactual Reasoning in Single-cell Perturbation
Response Prediction Another line of previous work fo-
cuses on employing counterfactual reasoning in predicting
the outcomes of single-cell gene perturbations. Counterfac-
tual reasoning helps generative models such as VAEs expand
their understanding in causal relationships between different
factors such as gene-gene interactions. GraphVCI adopted
this concept in enhancing the individuality of cellular re-
sponses and dynamically modulating the graph regulatory
network structure based on different gene perturbations (Wu
et al. 2022). Similarly, CODEX incorporates the counter-
factual reasoning approach in predicting the genetically per-
turbed scRNA-seq data given the unperturbed data (i.e., con-
trol expression profile) along with dosage information and
specific interventions as input.

None of the previous models have explicitly considered
data quality issues caused by scRNA-seq protocols despite
being emphasized in biology domain. Our study addresses
this by incorporating counterfactual reasoning related to the
presence of latent technical artifacts in scRNA-seq data so
that the generative model effectively disentangles them dur-
ing its training process.

Methods
scRNA-seq Dataset
We define a N -sized scRNA-seq dataset (xi, pi, ai)

N
i=1

where each data instance includes a gene expression vec-
tor xi ∈ RDx , a gene perturbation vector pi ∈ {0, 1}T and
an artifact presence label ai ∈ {0, 1} where Dx is the total
number of genes used in this task, and T is the number of
perturbation types. Each bit in pi specifies whether its cor-
responding gene was perturbed prior to obtaining xi. Also,
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ai indicates the presence of technical artifacts in xi. In our
task’s context, xi is the cellular response when given treat-
ment pi. If xi passes a predefined quality control criteria,
then ai = 0 ; otherwise, ai = 1.

Quality Control Criteria
We elaborate the process of labeling each expression vec-
tor with ai based on our established quality control (QC)
criteria. Having adopted the filtering guidelines provided by
Scanpy and 10X Genomics, we established the following six
QC sub-criteria: UMI counts, number of features, percent of
mitochondrial (mt) reads, percent of hemoglobin reads (hb),
percent of ribosomal (rb) reads and doublet detection (Wolf,
Angerer, and Theis 2018; 10x Genomics 2022). The first five
sub-criteria are determined using data-driven thresholds cal-
culated as scaled median absolute deviation (MAD) (Ocasio
et al. 2019; You et al. 2021) while the last criterion is a bi-
nary label identified by Scrublet (Wolock, Lopez, and Klein
2019). We used three to five times of the MAD (3σ, 4σ,
5σ) since threshold selection can vary across studies (Oca-
sio et al. 2019; You et al. 2021), where 3σ represents the
strictest QC cut-off, followed by 4σ and 5σ.

Model Architecture
Encoder Module The overall architecture of CRADLE-
VAE is shown in Figure 2. During training, the encoder
part of CRADLE-VAE takes data instance (xi, pi, ai) as in-
put and encodes it into three different latent representations
which are latent basal state embedding zbi ∈ RDz , latent
perturbation effect embedding zpi ∈ RDz and latent artifact
embedding zai ∈ RDz where Dz is the dimension size of
latent subspaces. The objective of this module is to disen-
tangle these three latent variables and learn their individual
contributions to the observed true data distribution.

Algorithm 1 shows CRADLE-VAE’s encoding process
which inherits the formulation basis from Bereket and Kar-
aletsos’s work. The latent perturbation effect embedding
zpi is an additive composition of global gene-wise pertur-
bation effects, et, induced by global sparse latent offsets,
mt, which are sampled from parameterized prior Normal
distribution and Bernoulli distribution, respectively (Algo-
rithm 1.2, 3, 7). Similarly, the latent artifact embedding zai
is a multiplication of ai and u, which is sampled from its
own parameterized prior distribution (Algorithm 1.5, 8).

zbi is sampled from a Normal distribution that is param-
eterized by a neural network f̂enc taking xi, z

p
i and zai as

input (Algorithm 1.12). 1t is the one-hot encoding of the tth
gene perturbation treatment while both f̂emb and f̂enc are
trainable neural networks.

Decoder Module During training, the decoder part of
CRADLE-VAE takes the latent embeddings (zbi , z

p
i , z

a
i ) as

input and samples x̃i from a parameterized Gamma-Poisson
distribution. Algorithm 2 shows CRADLE-VAE’s decoding
process where f̂dec is a learnable neural network with final
softmax layer that outputs the expected frequency for each
gene used for parameterizing the Gamma-Poisson distribu-
tion. li and θd denote the total number of read counts for

the ith cell and learnable inverse dispersion used universally
across all cells respectively.

Variational Inference Considering the intractability of
the data marginal probability p(X|P,A), we define the cor-
related variational distribution q(Z|X,P,A) by approximat-
ing the posterior distribution of latent variables:

q(Zb,M,E, U |X,P,A) =

(
T∏

t=1

q(et|mt;ϕ)q(mt;ϕ)

)

× q(u;ϕ)

(
N∏
i=1

q(zbi |xi, pi, ai,M,E, U ;ϕ)

) (1)

for latent basal state embeddings Zb ∈ RN×Dz , global
latent perturbation masks M ∈ {0, 1}T×Dz , global latent
perturbation embeddings E ∈ RT×Dz , global latent ar-
tifact embeddings U ∈ R1×Dz , gene expression matrix
X ∈ RN×Dx , gene perturbation matrix P ∈ {0, 1}N×T ,
and artifact presence labels A ∈ {0, 1}N .

We employ stochastic variational inference (Hoffman
et al. 2013) to approximate the posterior distribution
log p(X|P,A). The learnable parameters (θ,ϕ) of CRADLE-
VAE are optimized by maximizing the evidence lower
bound (ELBO) which is mathematically expressed as below:

J1(θ, ϕ) = EZb,M,E,U∼q(·|X,P,A;ϕ)[
log

p(X,Zb,M,E, U |P,A; θ)

q(Zb,M,E, U |X,P,A;ϕ)

] (2)

Artifact Disentanglement by Counterfactual Reasoning
We propose to exploit the counterfactual outcome of the
same gene perturbation treatment as means to reinforce dis-
entanglement of latent variables related to quality degra-
dation caused by technical artifacts. We add the following
modifications to CRADLE-VAE’s encoding process xi is a
QC passed gene expression profile (i.e., ai = 0).

First, CRADLE-VAE additionally builds a counterfactual
latent artifact embedding zai,c = (1 − ai)u which is oppo-
site to zai = aiu being zero-scaled (Algorithm 1.9). It is
then used for sampling the counterfactual latent basal state
embedding zbi,c from a Normal distribution parameterized
by f̂enc (Algorithm 1.10). Meanwhile, for each QC passed
gene expression profile xi, we first sample its counterfactu-
als from our dataset that share the same gene perturbation
treatment but are QC failed. We then compute their median
x̄i,c to feed it along with zpi and zai,c into the neural network
f̂enc, from where we sample the reference counterfactual la-
tent basal state embedding z̄bi,c (Algorithm 1.11).

We imposed an auxiliary loss objective that guides zbi,c to
be aligned with z̄bi,c. This is done by minimizing the Kull-
back–Leibler (KL) divergence between the latent basal state
embeddings which is mathematically expressed as follows:

J2(ϕ) = −KL
[
q(Zb

c |X,P,A;ϕ)∥q(Z̄b
c |X̄, P,A;ϕ)

]
(3)

We expect the loss objective to provide two benefits for
CRADLE-VAE. First, the computed gradients that are back-
propagated through f̂enc to N (µ̂, σ̂) exhibit additional su-
pervision to the disentanglement of artifact-related latent
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Figure 2: Graphical model of CRADLE-VAE. • represents Hadamard product operation; ⊗ represents matrix multiplication
operation; ⊕ represents vector concatenation.

Algorithm 1: CRADLE-VAE Encoding Process

Require: X ∈ RN×Dx , X̄c ∈ RN×Dx , P ∈ {0, 1}N×T , A ∈
{0, 1}N

1: for t from 1 to T do
2: mt ∼ Bernoulli(ω̂t)

3: et ∼ N (f̂emb(mt,1t))
4: end for
5: u ∼ N (µ̂, σ̂)
6: for i from 1 to N do
7: zpi =

∑T
t=1 pi,t(et ⊙mt)

8: zai = aiu
9: zai,c = (1− ai)u

10: zbi,c ∼ N (f̂enc([xi ⊕ zpi ⊕ zai,c]))

11: z̄bi,c ∼ N (f̂enc([x̄i,c ⊕ zpi ⊕ zai,c]))

12: zbi ∼ N (f̂enc([xi ⊕ zpi ⊕ zai ]))
13: end for

Algorithm 2: CRADLE-VAE Decoding Process

Require: zb ∈ RN×Dz , zp ∈ RN×Dz , za ∈ RN×Dz

1: for i from 1 to N do
2: zi = [zbi ⊕ zpi ⊕ zai ]

3: λi ∼ Γ(f̂dec(zi)li, θd)
4: x̃i ∼ Poisson(λi)
5: end for

Algorithm 3: CRADLE-VAE Generative Process

Require: P ∈ {0, 1}N×T

1: for t from 1 to T do
2: mt ∼ Bernoulli(ω̂t)

3: et ∼ N (f̂emb(mt,1t))
4: end for
5: u ∼ N (µ̂, σ̂)
6: zai = 0u
7: for i from 1 to N do
8: zbi ∼ N (0, I)

9: zpi =
∑T

t=1 pi,t(et ⊙mt)

10: zi = [zbi ⊕ zpi ⊕ zai ]

11: λi ∼ Γ(f̂dec(zi)li, θd)
12: x̃i ∼ Poisson(λi)
13: end for

variables, facilitating a clearer distinction between QC
passed and QC failed cases. Second, the latent basal state
embeddings that are encoded by f̂enc help guide the f̂dec to
generate the data samples that not only correlate with the
true cellular responses but are also more likely to pass the
QC criteria. We will explore these benefits later through our
quantitative experiments and qualitative analysis.

The overall learning objective that optimizes the trainable
parameters θ, ϕ is then defined as follows:

J (θ, ϕ) = J1(θ, ϕ) + αJ2(ϕ) (4)

where α is the hyperparameter for controlling the alignment
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intensity of the auxiliary loss objective.

Generative Process After training, CRADLE-VAE gener-
ates its predicted cellular responses by sampling the latent
basal state embedding zbi from a normal distribution and
combining it with zpi and zai sampled from the encoder mod-
ule’s parameterized distributions. Finally, [zbi ⊕ zpi ⊕ zai ] is
fed to f̂dec, which generates the read counts for each gene
(Algorithm 3.11,12). Note that the global latent artifact em-
bedding u is multiplied by ai = 0 since CRADLE-VAE is
used to generate artifact-free gene expression data which is
expected to pass the QC criteria (Algorithm 3.6).

Formally, we define the joint probability distribution over
the observed and latent variables as:

p(X,Zb,M,E, U |P,A; θ) =

(
T∏

t=1

p(mt)p(et)

)
p(u)

×

(
N∏
i=1

p(zbi )p(xi|zbi , pi, ai,M,E, U ; θ)

) (5)

Experiments
Experiment Settings
We evaluated CRADLE-VAE on four Perturb-seq
datasets, i.e. Norman dataset (Norman et al. 2019),
Dixit dataset (Dixit et al. 2016), Replogle dataset (Replogle
et al. 2022), and Adamson dataset (Adamson et al. 2016).
We adopted the preprocessing approaches done to Replogle
dataset from Lopez et al. and other datasets from Ji et al..
The details of each dataset are shown in Table 1.

Dataset # of Cells # of Genes # of Perts Perturbation
Norman 111,255 19,018 105 + 131 CRISPRa

Dixit 103,420 18,531 10 + 45 CRISPR-Cas9
Replogle 118,641 1,187 722 CRISPRi
Adamson 62,623 17,115 90 CRISPRi

Table 1: Summary of Perturb-seq datasets used in our exper-
iments. Notably, Norman and Dixit include multi-gene per-
turbations which is underlined, while Replogle and Adam-
son consist of only single-gene perturbations.

We compared CRADLE-VAE against four other causal
learning-based VAE models, namely sVAE+ (Lopez et al.
2023), CPA-VAE (Bereket and Karaletsos 2024), SAMS-
VAE (Bereket and Karaletsos 2024), and conditional-
VAE (Sohn, Lee, and Yan 2015). We additionally consid-
ered the variants of CRADLE-VAE trained under different
QC threshold settings (3σ,4σ,5σ). Note that we applied the
same QC criteria to all data instances partitioned into train,
valid and testing purposes.

In our evaluation, we considered the characteristics
of data perturbations during the assessment process. For
datasets involving multi-gene perturbations, the test set
was constructed using combinations not encountered during
training, representing approximately 25% of the total possi-
ble combinations. Conversely, for datasets involving single
perturbations, the evaluation emphasized the models’ ability

to capture trends in the observed data within the context of
single-perturbation scenarios.

To robustly evaluate the models with respect to varying
data quality, we trained and evaluated all baseline mod-
els with five different random seeds and reported their av-
eraged results. Our main evaluation metric is the Average
Treatment Effect Pearson Correlation (ATE-ρ) introduced
by Bereket and Karaletsos, that measures the correlation
between model-predicted expression values and the experi-
mental data across all genes. We also calculated the R-square
score for the estimated average treatment effects as well
(ATE-R2). In addition, we employed the Jaccard similar-
ity between top 50 model-predicted differentially expressed
genes and true differentially expressed genes as defined in
previous works (Roohani, Huang, and Leskovec 2024).

As our work highlights the importance of addressing qual-
ity issues in scRNA-seq data, we formulated an evaluation
metric that measures the model’s generative quality, denoted
as QC Pass Rate (QCPR). QCPR is calculated by dividing
the number of generated samples that passed the QC criteria
divided by total number of generated samples. Note that the
threshold in QC criteria is equally applied for the annotation
of Perturb-seq dataset and in the QCPR metric.

Experimental Results
Table 2 shows the quantitative results on the four Perturb-seq
datasets. According to the results, CRADLE-VAE overall
surpassed all of its baselines in the three evaluation metrics
that measure the model’s ability to accurately predict cellu-
lar responses. Moreover, we achieved the highest QC Pass
Rate across all datasets and QC threshold settings, demon-
strating its ability to capture the true data distribution of QC
passed gene expression profiles due to additional disentan-
glement of latent artifacts during its training phase. Notably,
despite multi-gene perturbation cellular response prediction
being more challenging than that of single-gene perturba-
tion, CRADLE-VAE significantly outperforms the second-
best model with a large margin, particularly in the Norman
and Dixit datasets, both of which contain multi-gene per-
turbation scRNA-seq data. This highlights CRADLE-VAE’s
strong generalizability in out-of-distribution (OOD) gene
perturbation treatment scenarios.

Ablation Study
To investigate the effects of utilizing causal distribution of
artifact disentanglement and our proposed auxiliary loss ob-
jective utilizing counterfactual reasoning related to technical
artifacts, we conducted experiments on the ablated versions
of CRADLE-VAE which are denoted as CRADLE-VAE w/o
Causal and CRADLE-VAE w/o CF respectively. The former
models the technical artifact as fixed learnable embedding
instead of parameterized prior distribution (Algorithm 1.5).
The latter removes the KL divergence-based auxiliary loss
objective, eliminating the counterfactual reasoning-based
approach in aligning the latent basal state embeddings (J2).

As shown in Table 3, the ablated versions exhibited per-
formance decline, implying the benefits of employing coun-
terfactual reasoning and causal learning. Particularly, we
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Dataset Norman Dixit
Model QC threshold ATE-ρ ATE-R2 Jaccard QCPR (%) ATE-ρ ATE-R2 Jaccard QCPR (%)

Conditional VAE 0.5314± 0.04 0.2766± 0.05 0.2630± 0.02 74.05± 0.28 0.2203± 0.02 0.0434± 0.01 0.0844± 0.01 69.80± 1.48

CPA-VAE 0.5391± 0.08 0.2085± 0.11 0.2408± 0.03 72.53± 0.74 0.3718± 0.05 -0.0250± 0.07 0.1373± 0.01 73.00± 0.44

sVAE+ 3σ 0.0249± 0.02 -0.0189± 0.01 0.0232± 0.00 75.34± 0.83 0.0259± 0.03 -0.0319± 0.01 0.0310± 0.01 70.77± 0.74

SAMS-VAE 0.4594± 0.03 0.2098± 0.03 0.2362± 0.02 75.18± 0.61 0.0767± 0.06 -0.0213± 0.03 0.0556± 0.02 68.83± 0.75

CRADLE-VAE3σ 0.7119± 0.03 0.5040± 0.04 0.3337± 0.02 93.53± 0.64 0.6520± 0.02 0.3764± 0.03 0.4324± 0.04 84.83± 1.59

Conditional VAE 0.5396± 0.04 0.2855± 0.04 0.2641± 0.02 82.06± 0.36 0.2270± 0.02 0.0448± 0.01 0.0856± 0.01 77.65± 1.31

CPA-VAE 0.5674± 0.08 0.2851± 0.12 0.2442± 0.03 80.16± 0.77 0.3845± 0.05 -0.0054± 0.07 0.1420± 0.01 80.10± 0.43

sVAE+ 4σ 0.0286± 0.03 -0.0185± 0.01 0.0230± 0.00 82.97± 0.56 0.0220± 0.03 -0.0386± 0.01 0.0313± 0.01 79.26± 0.29

SAMS-VAE 0.4633± 0.03 0.2096± 0.02 0.2376± 0.02 83.20± 0.69 0.0821± 0.06 -0.0220± 0.03 0.0565± 0.02 77.04± 0.78

CRADLE-VAE4σ 0.7477± 0.03 0.5423± 0.04 0.3620± 0.02 95.90± 0.34 0.6572± 0.03 0.3932± 0.04 0.4041± 0.04 88.18± 0.76

Conditional VAE 0.5525± 0.03 0.2990± 0.04 0.2748± 0.02 86.22± 0.40 0.2287± 0.02 0.0459± 0.01 0.0866± 0.01 81.84± 1.18

CPA-VAE 0.5814± 0.08 0.3077± 0.11 0.2543± 0.03 84.30± 0.68 0.3990± 0.04 0.0274± 0.06 0.1461± 0.01 83.36± 0.50

sVAE+ 5σ 0.0298± 0.03 -0.0187± 0.01 0.0242± 0.01 86.88± 0.49 0.0225± 0.03 -0.0379± 0.01 0.0314± 0.01 83.07± 0.30

SAMS-VAE 0.4732± 0.03 0.2173± 0.02 0.2462± 0.02 87.19± 0.71 0.0885± 0.07 -0.0181± 0.03 0.0566± 0.02 81.27± 0.72

CRADLE-VAE5σ 0.7518± 0.03 0.5482± 0.04 0.3671± 0.02 96.62± 0.38 0.6258± 0.06 0.3239± 0.05 0.3493± 0.07 91.40± 1.80

Dataset Replogle Adamson
Model QC threshold ATE-ρ ATE-R2 Jaccard QCPR (%) ATE-ρ ATE-R2 Jaccard QCPR (%)

Conditional VAE 0.7022± 0.00 0.4883± 0.01 0.2688± 0.00 76.56± 0.26 0.6335± 0.01 0.3954± 0.01 0.3110± 0.01 77.23± 0.44

CPA-VAE 0.5171± 0.01 0.1241± 0.02 0.1438± 0.00 74.83± 0.50 0.5571± 0.02 0.2637± 0.03 0.2123± 0.01 76.64± 0.90

sVAE+ 3σ 0.5780± 0.01 0.3222± 0.01 0.1565± 0.00 73.89± 0.53 0.5298± 0.02 0.2580± 0.03 0.1778± 0.01 76.27± 0.98

SAMS-VAE 0.6798± 0.03 0.4584± 0.04 0.2404± 0.02 74.96± 0.69 0.3901± 0.01 0.1432± 0.01 0.1846± 0.01 77.34± 0.78

CRADLE-VAE3σ 0.7192± 0.01 0.5155± 0.01 0.2667± 0.01 97.33± 0.04 0.7529± 0.01 0.5611± 0.02 0.3471± 0.01 89.92± 0.47

Conditional VAE 0.7255± 0.01 0.5233± 0.01 0.2776± 0.00 84.36± 0.24 0.6435± 0.01 0.4059± 0.02 0.3109± 0.01 85.06± 0.52

CPA-VAE 0.5352± 0.01 0.1765± 0.03 0.1494± 0.01 82.92± 0.38 0.5715± 0.02 0.2863± 0.03 0.2103± 0.01 84.80± 0.67

sVAE+ 4σ 0.6056± 0.01 0.3612± 0.01 0.1661± 0.00 82.15± 0.50 0.5437± 0.02 0.2774± 0.03 0.1773± 0.01 84.66± 0.60

SAMS-VAE 0.7086± 0.03 0.4941± 0.04 0.2516± 0.02 83.01± 0.43 0.3939± 0.01 0.1442± 0.01 0.1808± 0.01 85.36± 0.75

CRADLE-VAE4σ 0.7565± 0.01 0.5595± 0.01 0.2869± 0.01 98.10± 0.18 0.7636± 0.01 0.5770± 0.01 0.3367± 0.01 93.66± 0.56

Conditional VAE 0.7296± 0.01 0.5282± 0.01 0.2793± 0.00 88.45± 0.27 0.6484± 0.01 0.4110± 0.02 0.3110± 0.01 88.75± 0.45

CPA-VAE 0.5380± 0.02 0.1999± 0.03 0.1501± 0.01 87.20± 0.38 0.5758± 0.02 0.2928± 0.04 0.2102± 0.01 88.34± 0.57

sVAE+ 5σ 0.6137± 0.01 0.3736± 0.01 0.1694± 0.00 86.60± 0.41 0.5488± 0.02 0.2843± 0.03 0.1776± 0.01 88.65± 0.55

SAMS-VAE 0.7167± 0.03 0.4998± 0.03 0.2558± 0.02 87.26± 0.33 0.3952± 0.01 0.1442± 0.01 0.1792± 0.01 89.05± 0.49

CRADLE-VAE5σ 0.7638± 0.01 0.5719± 0.01 0.2931± 0.01 98.41± 0.13 0.7609± 0.01 0.5723± 0.01 0.3153± 0.00 94.34± 0.42

Table 2: Quantitative evaluation on Norman, Dixit, Replogle and Adamson dataset across 3σ, 4σ, 5σ quality control (QC)
thresholds. Note that the QC threshold column refers to the cut-off point – defined as delta-MAD threshold – of the generated
data to be included in the evaluation phase. Best results are in bold-faced while second-best ones are underlined.

Model QC thr. ATE-ρ ATE-R2 Jaccard QCPR (%)

CRADLE-VAE3σ 0.7119± 0.03 0.5040± 0.04 0.3337± 0.02 93.53± 0.64

CRADLE-VAE3σ w/o CF 3σ 0.6505± 0.02 0.4210± 0.02 0.3046± 0.01 91.46± 0.73

CRADLE-VAE3σ w/o Causal 0.7018± 0.02 0.4844± 0.02 0.2938± 0.01 92.63± 0.71

CRADLE-VAE4σ 0.7477± 0.03 0.5423± 0.04 0.3620± 0.02 95.90± 0.34

CRADLE-VAE4σ w/o CF 4σ 0.7111± 0.03 0.4927± 0.04 0.3240± 0.01 94.24± 0.43

CRADLE-VAE4σ w/o Causal 0.7058± 0.03 0.4790± 0.05 0.2946± 0.01 87.90± 5.34

CRADLE-VAE5σ 0.7518± 0.03 0.5482± 0.04 0.3671± 0.02 96.62± 0.38

CRADLE-VAE5σ w/o CF 5σ 0.7395± 0.02 0.5315± 0.03 0.3540± 0.01 95.71± 0.49

CRADLE-VAE5σ w/o Causal 0.6875± 0.03 0.4402± 0.05 0.3008± 0.03 92.85± 4.06

Table 3: Experimental results on ablated versions of
CRADLE-VAEσ . Best results are in bold-faced while
second-best ones are underlined.

find that modeling the technical artifact as a learnable em-
bedding (CRADLE-VAE w/o Causal) results in a sharper
decline, especially at the 5σ QC threshold. While setting a
higher QC threshold leads to imbalance between the num-

ber of QC passed and failed samples, we speculate that
distribution-based artifact modeling is more resilient to such
issues compared to its embedding-based version. The ef-
fect of removing the counterfactual reasoning (CRADLE-
VAE w/o CF) is more profound at the 3σ threshold. This
outcome aligns with our assumption that the KL loss ob-
jective between the counterfactual latent basal state embed-
dings aids in the learning of artifact features, particularly
when generalization is well-established due to the balanced
data instances.

Distributional Generative Quality Analysis
To further analyze CRADLE-VAE’s generative quality, we
visualized the distributions of actual (Replogle) and model-
generated gene counts related to the QC criteria, that results
from a specific treatment perturbing the POLD3 gene (Re-
plogle et al. 2022). The rationale behind selecting this par-
ticular perturbation is as follows: 1) the number of gene ex-
pression profiles treated by this perturbation in the dataset is
relatively low (85 compared to the average of 164), 2) only
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Figure 3: Violin plots showing the data(blue) and model-generated(green) distribution of POLD3-perturbed response for each
QC sub-criteria. Red dotted line: predefined QC threshold; green region: QC passed values; red region: QC failed values.

Figure 4: t-SNE plots labelled by the presence of artifacts (left 1) and by perturbation types (right 3) for CRADLE-VAE,
conditional-VAE, and SAMS-VAE, respectively.

13% of them passes the QC criteria. This may pose chal-
lenges in learning the causal distributions during the train-
ing process, especially if the latent effects of technical ar-
tifacts are not properly addressed. We expect these chal-
lenges to be dealt with the employment of counterfactual
reasoning-based artifact disentanglement. Figure 3 shows
that CRADLE-VAE exhibits its consistency in robustly gen-
erating read counts that satisfy all QC sub-criteria.

We move our focus to a critical sub-criterion responsible
for a significant decline in data quality. The distribution of
hemoglobin counts in the Replogle dataset predominantly
exceed the QC threshold, leading to a high QC failure rate.
On the contrary, the distribution generated by CRADLE-
VAE is shifted below the threshold, implying a marked en-
hancement in generative data quality. For both the number of
genes with positive counts and UMI count, the violin plots in
Figure 3 display a skewed distribution compared to the orig-
inal data, indicating that our model’s generated gene expres-
sion profiles yield consistent and higher quality outcomes.

Disentanglement Effect Analysis
We investigated the effects of CRADLE-VAE’s disentan-
glement of two important variables which are perturba-
tion and artifact effects. We utilized t-SNE in visualizing
the high-dimensional gene expression profiles generated by
CRADLE-VAE, and colored them based on which pathway
clusters are relevant to each of their gene perturbations. This
aligns with a domain-specific assertion stating that pertur-
bation of genes with similar biological roles are expected
to show similar expression patterns. Following the method
in (Norman et al. 2019), we grouped them into six pathways

for this visualization. As illustrated in Figure 4, CRADLE-
VAE appears to form clearer clusters within the same path-
way compared to other models, particularly for those related
to the pro-growth and megakaryocyte pathways.

Additionally, we examined the disentanglement of arti-
facts by comparing the same generated data with and with-
out artifacts. In Figure 4, the t-SNE plot within pathways
shows distinct clustering based on the presence of artifacts,
suggesting that our model successfully disentangles artifact
effects. Overall, these suggest that our model can meaning-
fully separate both latent perturbation and artifact variables,
as reflected by the well-defined clusters in the visualizations.

Conclusion
Quality issues in scRNA-seq datasets have been overlooked
despite the improvements in predicting cellular responses
achieved by previous works. We propose a causal inference-
based VAE model CRADLE-VAE which has several ad-
vantages. During training, CRADLE-VAE disentangles not
only latent perturbation effects but also artifacts that in-
herently degrade data quality. Additionally, the disentangle-
ment of these artifacts is enhanced by our novel counterfac-
tual reasoning-based approach, using an auxiliary loss ob-
jective for aligning counterfactual basal states. As demon-
strated in our experiments and analysis, CRADLE-VAE ac-
curately predicts cellular responses with improved genera-
tive quality. We expect that CRADLE-VAE addresses the
quality issues of both experimentally measured and model-
generated single-cell response data upon gene perturbation,
eliminating the need of arbitrary quality control standards
for scRNA-seq data analysis.
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