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Abstract

Single-cell genomics has revolutionized the understanding of heterogeneity in

both health and disease and empowered profiling millions of cells across different

tissues to construct reference atlases. The ultimate goal of a single-cell reference

atlas is to facilitate understanding cellular perturbations by comparing them to

a healthy reference. Perturbation is defined as any intervention changing the

cell state from normal to perturbed state. The intervention can be caused by

disease or a treatment such as drugs. In this cumulative thesis, the goal was to

develop deep learning algorithms to analyze single-cell perturbation studies.

To pursue this, we first need to map the newly acquired datasets (i.e., query)

like perturbation studies into healthy reference atlases built by consortia such as

Human Cell Atlas (HCA). However, the usability of public reference atlases to

analyze the query data is hindered by technical variations between the query and

reference atlas, computational complexities, resource limitations, and raw data

sharing policies. To address these issues, I developed a deep learning algorithm

called single-cell architecture surgery (scArches). scArches allows fast, efficient,

and accurate integration of perturbation datasets into the reference atlas while

preserving the perturbation heterogeneity enabling the discovery of novel cell

states.

The integration of the perturbation dataset into the reference atlas transforms

it into a perturbation atlas. Yet, the space of potential outcomes is vast and

experimentally infeasible to measure all possible perturbations such as drugs or

gene knockouts. Therefore, computational tools are required to predict the re-

sponse to the stimuli for unseen phenomena not observed in the initial atlas for

an efficient experimental design and novel biological discovery. This motivates

the second aim of this thesis, which is to design models to predict the tran-

scriptomic responses to a perturbation at the single-cell level. To accomplish

this goal, I developed deep learning algorithms to learn and predict perturba-

tion responses. These methods demonstrated the ability to predict the response

to drugs, genetic knock-outs, and diseases. I envision the strategies presented

in this thesis would facilitate efficient experimental design and thus hypothesis

generation using single-cell genomics.



Zusammenfassung

Die Einzelzellgenomik hat das Verständnis der Heterogenität in Gesundheit und

Krankheit revolutioniert und die Erstellung von Profilen von Millionen von Zel-

len in verschiedenen Geweben ermöglicht, um Referenzatlanten zu erstellen. Das

ultimative Ziel eines Einzelzell-Referenzatlasses ist es, das Verständnis zellulä-

rer Störungen zu erleichtern, indem sie mit einer gesunden Referenz verglichen

werden. Als Störung wird jeder Stimulus definiert, der den Zellzustand von ei-

nem normalen zu einem gestörten Zustand verändert. Die Störung kann durch

eine Krankheit oder eine Behandlung, z. B. durch Medikamente, verursacht wer-

den. In dieser kumulativen Arbeit war das Ziel, Deep-Learning-Algorithmen zur

Analyse von Einzelzell-Perturbationsstudien zu entwickeln.

Um dies zu erreichen, müssen wir zunächst die neu erworbenen Datensätze, wie

z. B. Perturbationsstudien, in gesunde Referenzatlanten, die von Konsortien

wie dem Human Cell Atlas (HCA) erstellt wurden, integrieren. Die Verwend-

barkeit öffentlicher Referenzatlanten für die Analyse neuer Abfragedaten wird

jedoch durch technische Unterschiede zwischen Abfrage und Referenzatlas, rech-

nerische Komplexität, Ressourcenbeschränkungen und Richtlinien zur Freigabe

von Rohdaten behindert. Um diese Probleme zu lösen, habe ich einen Deep-

Learning-Algorithmus namens Single-Cell Architecture Surgery (scArches) ent-

wickelt. scArches ermöglicht eine schnelle, effiziente und genaue Integration von

Störungsdatensätzen in den Referenzatlas, wobei die Heterogenität der Störung

erhalten bleibt und die Entdeckung neuer zellulärer Zustände ermöglicht wird.

Die Integration von Störungsdatensätzen in den Referenzatlas verwandelt diesen

in einen Störungsatlas. Der Raum möglicher Ergebnisse ist jedoch immens und

es ist experimentell nicht realisierbar, alle möglichen Störungen wie Medikamen-

te oder Gen-Knockouts zu messen. Daher werden computergestützte Werkzeuge

benötigt, um die Reaktion auf die Stimuli für unbekannte Phänomene vorherzu-

sagen, die im ursprünglichen Atlas nicht beobachtet wurden. Dadurch werden

ein effizientes experimentelles Design und neue biologische Entdeckungen er-

möglicht. Dies motiviert das zweite Ziel dieser Arbeit, nämlich die Entwicklung

von Modellen zur Vorhersage der transkriptomischen Reaktionen auf eine Stö-

rung auf Einzelzellebene. Um dieses Ziel zu erreichen, habe ich Deep-Learning-



Algorithmen entwickelt, um die Reaktionen auf eine Störung zu erlernen und

vorherzusagen. Diese Methoden haben gezeigt, dass sie in der Lage sind, die

Reaktion auf Medikamente, genetische Knock-outs und Krankheiten vorherzu-

sagen. Ich postuliere, dass die in dieser Arbeit vorgestellten Strategien ein effi-

zientes experimentelles Design und damit Hypothesengenerierung mit Hilfe der

Einzelzellgenomik erleichtern werden.
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Chapter 1

Introduction

In this chapter, the characteristics of the single-cell datasets and existing meth-

ods to analyze them are described. I further present the motivation of using

machine learning solutions to analyze such data.

1.1 Single-cell sequencing technology

The first usage of single-cell transcriptomics was reported by profiling seven

cells [1]. The technology has evolved since then, allowing to profile the gene

expression for millions of cells (see Figure 1.1)).

a b

Figure 1.1: The increasing availability and evolution of single-cell
datasets. (a) The number of submitted articles related to single-cell sequenc-
ing. (b) The dataset size of submitted articles. The figure is adapted with
courtesy from Angerer et al. [2].
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The single-cell sequencing pipeline starts by isolating and lysis of cells. Follow-

ing that step, messenger RNAs (mRNAs) are reverse transcribed into a comple-

mentary DNA strand (cDNAs). Next, the second stranded completing cDNA

is synthesized and amplified to increase detectable molecules. Finally, the am-

plified sequences are fed into a sequencing machine and will be mapped to a

reference genome (see Figure 1.2).

Figure 1.2: Library preparation steps for different single-cell RNA-seq
profiling technologies. Demonstration of overal scRNA-seq library prepara-
tion steps across different methods. The figure is adapted with courtesy from
Ziegenhain et al. [3].

An essential step in the outlined pipeline is the unique labeling of amplified

sequences to prevent recounting the same molecule multiple times. The unique

amplification step is performed using unique molecular identifiers (UMIs) [4] by

assigning unique bar codes to detect amplified transcripts originating from the

same sequence. The UMI-based methods can tag up to ≈ 106 unique transcript

molecules depending on UMI length.

Another critical factor in the scRNA-seq pipeline and data quality is the sen-

sitivity of different methods to detect RNA molecules. In comparison to Bulk

sequencing, scRNA-seq requires higher sensitivity to compensate for a lower

number of cells for each sample. However, increasing the sensitivity comes with

the cost of losing variability leading to sparse or zero reads for most of the genes,

also known as dropout [5].
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1.2 Single-cell perturbation datasets and their anal-

ysis

The advent of single-cell RNA sequencing (scRNA-seq) [6] has enabled ana-

lyzing heterogeneity of cells at an unprecedented resolution across tissues [7],

species [8], developmental phases, [9] and conditions [10, 11]. An example is

HCA, a worldwide consortium aiming to provide a map of all cell-types across

different tissues in the Human body. Recently, such technologies have been

adapted to conduct large-scale perturbation studies similar to high throughput

screens (HTS) performed on bulk samples [12]. Most of these techniques ex-

ploit cell barcoding approaches, also known as cellular hashing [13–16]. Cellular

hashing allows allocating unique labels to each cell to mix cells from different

samples (e.g., perturbations) before scRNA-seq. Such approaches enable profil-

ing millions of cells perturbed with thousands of unique perturbations.

1.2.1 Preprocessing steps for scRNA-seq

Once the scRNA-seq data is obtained, the traditional pipeline [6] of single-

cell data analysis can be applied to explore the generated readouts. This

pipeline comprises two major steps, starting from pre-processing and contin-

uing to downstream analysis as depicted in Figure 1.3. Given the importance

of preprocessing steps such as data normalization and quality control, multi-

ple approaches [17–22] have attempted to address finding an optimum solution

ranging from linear models [17,21] to neural networks (NN) [20]. However, data

integration [6, 23] and correction has been the area of research attracting the

most attention from machine learning (ML) and computational biologists. We

discuss this area in detail later in the thesis.

Similar to any big data analysis, visualization is an essential step to under-

stand the data better. Thus, an additional step in analyzing single-cell data is

using dimension reduction algorithms that are developed for visualizing high-

dimensional data. Two widely used methods are t-distributed stochastic neigh-

bor embedding (t-SNE) [24] and UMAP: Uniform Manifold Approximation

and Projection [25] and their algorithmic advancements and variations [26–28].

Overall, the goal of these methods is to preserve local similarities between very

3



Figure 1.3: Single-cell data analysis pipeline. The raw data obtained from
sequencing machines are quantified to count matrices to start the preprocessing
step. The preprocessed data is used to perform downstream analyses such as
clustering, trajectory analysis, differential expression testing, and meta-analysis.
Figure adapted with courtesy from Luecken et al. [6].

close data points while capturing the global structure of the data. This is impor-

tant since interpreting global distances between cell clusters could potentially

lead to spurious conclusions. This has been recently discussed in a paper by

Chari et al. [29] examining the loss of biological signals in all-in-one visualiza-

4



tion methods while proposing an alternative NN-based semi-supervised algo-

rithm leveraging predefined cell-type labels for accelerating hypothesis-driven

biological discovery. In addition to Chari et al. [29], unsupervised NN-based

algorithms leveraging deep generative models (DGM) [20, 30, 31] or hyperbolic

geometry inspired [30, 32] methods to capture continuous differentiation’s tra-

jectories.

1.2.2 Downstream analysis for scRNA-seq

The next step in single-cell data analysis, which is tightly connected to visualiza-

tions, is cell-type annotation and clustering. Clustering coupled with differential

testing is a crucial tool to assign cell-type identity. The process usually starts

by constructing a K-nearest-neighbour graph (kNN) from the high-dimensional

single-cell gene expression. Following that, depending on the choice of the user,

an unsupervised graph-based clustering algorithm such as Leiden [6,33] or Lou-

vain [34], which were proposed to detect communities in large graphs such as

social networks, is applied. In a single-cell context, those communities are single-

cell clusters representing different cell types. Today, these algorithms are widely

used and well accepted as the main approach which can quickly scale to datasets

with millions of cells [35]. Following the clustering step, differential testing is

performed. The test methods vary from a simple t-test [35] to more sophis-

ticated approaches such as Limma [36] and Mast [37] accounting for multiple

covariates and advanced design matrices. The outcome of differential testing

methods is a set of discriminative genes between clusters found by unsupervised

clustering algorithms. The cell-type annotation step is an iterative process by

which clustering and differential analysis are repeated to find ever more refined

clusters. Thus, such a pipeline can get tedious and time-consuming when the

number of cells and data complexity increases. An alternative approach is using

a well-annotated cell atlas as a reference to classify new datasets, also know as

reference-based cell-type annotation methods [38]. The prerequisite to building

a reference atlas is data integration and correction, which is necessary to con-

struct a comprehensive reference atlas powerful enough to annotate a new query

dataset. The reference-based analysis is not only limited to cell-type annota-

tion [39,40], but is overall applicable to other scenarios and covers a vast range of

5



different applications such as disease and perturbation contextualization within

a healthy reference atlas [41] or missing modality prediction [41,42].

In the following section, I discuss the reference-based analysis of single-cell data

and the computational problems and challenges around it.

1.3 Reference-based analysis for single-cell genomics

As previously discussed, manual annotation and clustering of single-cell datasets

can become very time-consuming. This is more prominent in the presence of

large cell numbers, and complex experimental designs such as the whole organ-

ism like Tabula Senis-Muris (TSM) [43] for Mice or the Human Cell Landscape

(HCL) [8] wherein manual annotation and analysis become impossible. On the

other hand, the emergence of large and well-annotated single-cell atlases pro-

vides an opportunity to leverage such knowledge to analyze upcoming single-cell

data. The idea of reference-based analysis for single-cell genomics is conceptu-

ally analogous to the work on DNA reference assembly [44] and also tools for

mapping new sequences to the reference genome [44]. The reference-based anal-

ysis is comprised of two steps: 1) how to build the reference cell atlas and 2) how

to make use of it (Figure 1.4). The first step is tightly connected with data

integration problems [23] both for uni-modal and multi-modal [45] single-cell

datasets. In the following, we review the computational problem for reference

building and proposed solutions and later discuss using such a reference.

1.3.1 Data integration to construct reference cell atlases

Single-cell reference atlases [46] have to be sufficiently large and diverse to cap-

ture cell-types, developmental trajectories, and other biological events of inter-

est. However, most individual single-cell studies are too limited concerning the

size or biological diversity to be used as a comprehensive cell atlas. We need

to build the reference atlas from multiple independent studies generated from

different laboratories to address this limitation. Since these studies were pro-

duced at different times and use other experimental protocols and technologies,

measurement differences exist, also known as ‘batch effects’, which hinder the

joint analysis of multiple datasets.
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Figure 1.4: Reference-based analysis for single-cell genomics. The first
step is to construct a shared latent space integrating different modalities from
gene expression to immunophenotyping into one reference atlas. The second
step is to make the reference atlas usable to analyze a new query dataset for
downstream analysis. Figure adapted with courtesy from Stuart et al. [39].

An example can be seen in Figure 1.5 in which we can observe that similar

cell-types are separated because they originated from different experimental

protocols and are therefore convoluted with batch effects [47–50]. The batch

corrected data aligns cell-types from different studies enabling joint analysis of

the whole data and constructing the reference atlas.

Since the early emergence of single-cell technologies, batch correction [23, 51]

has been the center of attention for computational biologists and computer

scientists [52]. The earliest methods leveraged linear models to address the

batch effects [53]. While efficient in terms of computational time, linear models

7



a

b

c e

st
ud

y
ce

ll 
ty

pe
study

cell type

d

unintegrated batch corrected

Figure 1.5: Constructing a Pancreas reference atlas. UMAP represen-
tation of three unintegrated datasets, demonstrating that batch-effects are a
major axis of variation if datasets are not properly integrated. The second
column shows an integrated representation for the same data where the batch
effects have been removed.

were not successful in correcting nested and complex batch effects in compli-

cated studies [23]. This motivated researchers to develop more sophisticated

methods. The most broadly used methods in the single-cell community can be

categorized into two broad categories, mutual nearest neighbors (MNNs) based

methods and NN based models. The MNN based methods first introduced by

Haghverdi [54] and its variations [39, 55, 56] aim to find cells having similar

gene expression profiles across different batches assumed to represent a unique

cell-type or population. MNN based methods assume that the batch effect and

biological signals are almost orthogonal [54]. Thus, they can calculate the dif-

ference between MNNs in high-dimensional gene expression space and subtract

those vectors from nearest neighbors to a set of MNNs. MNNs based meth-

ods have been shown to effectively remove batch effects [23] while scaling to

hundreds of thousands of cells [55, 56].

The second line of methods for batch effect correction tries to harness the power

8



of NNs to learn a low-dimensional latent representation [57]. The most promis-

ing NN-based data integration method leverages conditional variational autoen-

coders (CVAE) [58] branded as single-cell variational inference (scVI) [20] and

its variations [59,60]. These models work by learning a conditional distribution

of gene-expression conditioned of experimental variable (batch labels). The

learned representation would be free of batch variations, and thus similar cell-

types from different studies will be aligned. These models are pretty flexible in

the sense that they can count for both continuous or discrete covariates. While

NN-based models have been shown to be among top-performers [6,51], they also

scale linearly with the number of cells [23] making it ideal for larger datasets.

These models have been extended to multi-modal datasets to correct the batch

effect between studies while integrating multiple modalities. An example is to-

talVI [61] which integrates single-cell RNA expression and surface proteins, also

known as CITE-seq [62]. Other examples have also demonstrated the integration

of transcriptome with open chromatin accessibility measurements (e.g. Assay

for Transposase-Accessible Chromatin using sequencing (ATAC-seq)) [63,64], or

T-cell receptor sequences [65].

While all previously outlined methods have been proven accurate according

to a few metrics, data integration is, in essence, a trade-off between mixing

studies and preserving biological variations. A recent benchmarking study [23]

to evaluate the data integration method showed that some strategies are only

optimizing for a few scores while being worse in other metrics. Therefore, it is

crucial to have a comprehensive set of metrics to evaluate integration quality.

Next, I discuss how we can use that to analyze new query data once we have an

integrated reference atlas. This will introduce the next computational problem

and second step required for reference-based analysis for single-cell genomics.

1.3.2 Using integrated reference atlases

Assuming we have an integrated reference atlas using one of the above ap-

proaches, the next challenge is how to leverage this to analyze a completely new

single-cell dataset. The first naive approach is to rerun the data integration

algorithm by combining the reference datasets, and the new dataset referred

to as “query” hereafter. However, this will become computationally expensive

9



as newer datasets arrive in time, prohibiting further usage of such a model.

Additionally, every new dataset requires extra hyperparameter tuning requiring

expertise in machine learning and algorithms.

To address these problems and further democratizing the usage of reference

atlases, new approaches such as single-cell architecture surgery (scArches) [41]

or weighted-nearest neighbor (WNN) [66] were developed. Both WNN and

scArches build upon a class of integration algorithms that were previously pub-

lished. Therefore they do not propose a new integration algorithm rather a way

to integrate new query data at a minimal computational cost without rerun-

ning integration algorithms. We refer to such methods as “reference mapping”

methods.

Reference mapping allows users to rapidly integrate their data into reference

atlases and efficiently annotate the query datasets. An example is Azimuth
1, a web application that uses reference mapping to automate the processing,

analysis, and interpretation of a new single-cell dataset.

Analyzing single-cell perturbation using reference mapping

The ultimate goal of large consortia such as the Human Cell Atlas is to un-

derstand cellular functions in healthy and disease states. To understand the

mechanism of disease as a perturbation, one needs to build a healthy compre-

hensive reference atlas. Once a healthy reference atlas has been constructed,

we can query and compare perturbed states like disease or specific treatments.

Successful integration of a new cohort including both healthy and perturbed

states on the top of a healthy reference atlas has to satisfy three criteria: (1)

the biological variations of the healthy cells has to be preserved, (2) integration

of matching cell-types between healthy and perturbed states and, (3) preserv-

ing novel disease states not present in the healthy reference. Therefore, once

those three criteria are met, the healthy reference atlas will be updated with

the disease states, referred to as “perturbation atlas”.

Running de-novo data integration methods to integrate healthy and disease

states can potentially remove disease variations by mixing these states. Further

in the thesis, we outline scArches [41] as a contribution of this doctoral thesis

1https://satijalab.org/azimuth/
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allowing reference-based analysis of perturbation data.

In the next section, I will discuss that once the perturbation atlas is built, we can

leverage it for predictive tasks such as predicting the response of a single-cells

to specific stimuli for phenomena which were not observed in the perturbation

atlas also known as “out-of-distribution” (OOD).

latent space

UMAP1

U
M

A
P

2

experiments 
(perturbation-condition pairs)

potential experiments

deep 
learning

Covariate 1


Covariate 2


Covariate 3


…

Figure 1.6: Example schematic of a perturbation atlas. Perturbation
atlases are constructed from multiple perturbations and covariates. Colored
dots are existing perturbation experiments and may be connected to other dots
via covariates such as cell-types or other labels such as dose or time. Red
squares show regions in the perturbation space where no real experiment exists
or is sparse. Figure adapted with courtesy from Ji, Lotfollahi et al. [67]

1.4 Single-cell perturbation response modeling

Single-cell perturbation atlases allow modeling and predicting of perturbation

effects including cellular response to stimuli such as drugs, and the impact of

genetic knock-downs [67]. Perturbation experiments try to stimulate the basal

(i.e., control) cells with a set of stimuli. An example of single-cell perturbation

is a recent work by Sirverstan et al. [15] on massively multiplex HTS at single-

11



Figure 1.7: Perturbation modeling tasks and aims. (a) Perturbation
response prediction task: (i) predicting the missing omic measurements in
which the input is the unperturbed controls and the model is asked to pre-
dict the perturbed version of that measurements. (ii) Predicting phenotypic
low-dimensional responses such as IC50, area under the curve (AUC). (b) The
model is given an omic measurement, and the task is to predict a proxy for the
compound targets like the mechanism of action (MoA) even for the compound
not seen during the training. (c) Predicting the combinatorial perturbation
effects to elucidate the mechanism of interactions such as synergistic or antago-
nistic. (d) Given an omic measurement, the model has to predict the chemical
properties contained in the compound. The figure is adapted with courtesy from
Ji, Lotfollahi et al. [67]

cell resolution. The authors evaluated the effect of 188 compounds in different

dosages across three cancer cell lines. Overall, 5,000 conditions across ≈ 0.5M

cells were profiled, making it one of the most extensive perturbation experiments

at the single-cell level. However, large-scale drug discovery efforts equivalent to

12



studies like connectivity map [68] are not possible even at single-modality due

to the extensive cost of such experiments. Therefore, computational approaches

are required to explore perturbation space allowing to aid experiment design

and predict unseen or sparsely sampled regions (Figure 1.6).

The generation of a perturbation atlas that includes a wide variety of different

cell-states will be a significant step towards understanding fundamental biology

and drug discovery. In addition, the scale and complexities of the perturbation

atlas make them ideal for training deep learning (DL) models, a category of

machine learning algorithms using NNs, to solve multiple downstream tasks,

outlined in the following section.

1.4.1 Perturbation response modeling

Perturbation modeling objectives can be categorized into four global categories

formulated as individual tasks to be solved and benchmarked using ML algo-

rithm. These tasks include reconstructing and quantifying cellular responses

and predicting targets, interactions, and chemical properties for drugs and ge-

netic perturbations. [67] (Figure 1.7).

1.5 The aims of the thesis

The complexity and scale of perturbation atlases require the development of

methods capable of analyzing such data. Within the scope of this cumulative

thesis, the following aims were pursued:

• How to leverage existing published uni-modal or multi-modal single-cell

reference atlases to facilitate the analysis of newly generated single-cell

datasets?

• How to integrate a perturbation dataset (e.g., disease) into a healthy ref-

erence atlas while preserving the disease heterogeneity?

• How to in-silico predict the response of a single-cell to a specific pertur-

bation while that cell was never measured under that perturbation?

The results presented in this thesis aim to address previous questions using DL.

Specifically, we have developed deep learning-powered algorithms resulting in

13



interpretable and reusable representations. The overview and contributions of

this thesis are presented in Figure 1.8.

Lotfollahi et al.  
Nature Methods 2019

Lotfollahi et al. 
Bioinformatics 2020

Lotfollahi et al. 
Biorxiv 2021

scGen trVAE CPA

scArches

Perturbation prediction

Existing healthy reference atlases Mapping query data

study 1
study 2

study 3
study N

S1:N

S 1
:N

Data integration 
algorithm

Integrated reference atlasPublic reference 
 datasets

Lotfollahi et al. 
 Nature Biotechnology, 2020

Perturbation atlas

?

Healthy (query)

Healthy (reference)

Perturbation 1

Perturbation 2

Unmeasured cells

Healthy (query)

Healthy (reference)

Perturbation 1

Perturbation 2

Predicted cells

Updated perturbation atlas

Figure 1.8: Overview of research questions and contributions of this
cumulative doctoral thesis.

The series of papers presented in this thesis leverage deep representation learning

methods to analyze and predict perturbation responses. scArches uses condi-

tional models to integrate novel query studies into reference atlas while preserv-

ing unseen perturbation variations. Single-cell generator (scGen) uses generative

models and vector arithmetics [69] to perturb control cells towards the desired

perturbation. We further proposed an end-to-end alternative for scGen using

maximum mean discrepancy (MMD) regularised CVAE called transfer VAE

(trVAE) [59] extending scGen to handle multiple perturbations at the same

time. Finally, the last contribution of this thesis is to model single-cell per-

turbations by compositional perturbation autoencoders (CPA) [70]. CPA is an

interpretable model that scales to large-scale high-throughput screens (HTS)

by explicitly modeling dose, time, and discrete covariates such as cell-types,

patients, and species. CPA can also predict combinatorial perturbation effects.
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Chapter 2

Materials and Methods

In this section, I overview the fundamental machine learning and deep learn-

ing concepts used in this thesis. I first define what does it mean to learn from

data. Next, I discuss two types of learning, supervised and unsupervised learn-

ing. Furthermore, I review a specific class of unsupervised learning algorithms

called autoencoders. Finally, I introduce variational autoencoders, a class of

unsupervised methods seeking to estimate data distribution instead of just re-

constructing it.

2.1 Supervised learning from data using machine

learning

Machine learning is a field of science seeking to find reoccurring patterns in

the data tensor X to solve a downstream task T according to criteria p [71].

The data is usually given in the form of (Xtrain, Ytrain) including of N set

of input data (xi) and labels (yi). The input data is usually a tensor of real

numbers (xi ∈ RD). At the same time, labels could be a tensor of real numbers

(regression tasks) or categorical variables (classification tasks). The aim is to

learn a function fw that receives xi as input and predicts yi as output. The

function f is characterised with set of trainable parameters (weights) w which

are optimized using (Xtrain, Ytrain) in a procedure called training. The objective

of the training is to find the best possible parameters using training data to
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provide accurate predictions on separate data (Xtest, Ytest) not seen during

the training. The trained model is assessed using evaluation criteria p, which

assesses the algorithm’s accuracy in predicting the target.

The setting described above is also known as supervised learning. The parame-

ters (w) of the supervised algorithm f are obtained by defining a differentiable

loss function l(fw(xi), yi). The loss function measures the difference between the

prediction fw(xi) and target yi. Overall, supervised learning algorithm seeks to

minimize the following objection function:

J(w) =

n∑

i=1

l(fw(xi), yi) (2.1)

Traditionally, an optimization algorithm such as Gradient descent [71] is em-

ployed to find optimal parameters w minimizing the objective function. In the

case of neural networks, those parameters are the weights for different layers in

the network.

A simple supervised algorithm is logistic regression [72]. Logistic regression

network receives an input xi and applies the following transformation:

ŷi = σ(wT · xi) (2.2)

where w are the weights of single layer network and σ(x) = 1
1+e−x . Thus the

ŷi can be interpreted as the probability of assigning xi to class 1 in a binary

classification problem. Additional hidden layers (i.e., extra weight layers) can be

added to a logistic regression algorithm to transform it to a multi-layer neural

network. The hidden layers empower the model to solve classification problems

not possible to solve using logistic regression (Figure2.1a-b).

2.1.1 On the depth and parameter size of deep neural net-

works

The number of layers in a NN is not limited to two, modern architectures such

as residual networks (resNets) [74] have successfully achieved state-of-the-art

(SOTA) results in classification tasks with up to 1,000 layers. However, archiving

such depth comes with the cost of gradient vanishing [71,75]. Gradient vanishing

refers to the gradient signal becoming weaker when it reaches early layers closer



Figure 2.1: Single and multi-layer neural networks for supervised learn-
ing. (a) A logistic regression algorithm trained on two RNA features to predict
if an intron is spliced out (class 1) or unspliced (class 0). The model fails to
classify to non-linearly separable classes. (b) A trained multi-layer neural net-
work can successfully separate two classes as opposed to the logistic regression.
The figure is taken from [73] with courtesy.

to input. Thus, this problem prevents proper training for early layers. The

resNet and similar [76,77] architectures solve this problem by proposing a bypass

gate known as identity shortcut connection allowing to bypass one or multiple

hidden layers by feeding in the input instead of the hidden layer representation.

While deepening the representations could potentially increase the model ca-

pacity resulting in better accuracy and performance in downstream tasks, the

number of parameters also increases. For example, bidirectional encoder rep-

resentations from Transformers (BERT) [78], an attention-based [79], SOTA

model in natural language processing (NLP) has about 345 million parameters.

The model has been demonstrated to perform better on the small downstream

task than the smaller 110 million versions of the same model. The size and

parameters of such models hinder the usage of such models for user low compu-

tational resources.



2.2 Unsupervised learning

Unsupervised learning aims to learn the underlying data structure of the data

without direct supervision and labels [71]. Classic examples of unsupervised

learning include K-means , singular value decomposition (SVD), PCA, UMAP,

and tSNE. All these algorithms seek to discover structures in the form of data

clusters or independent axis of variations. NN-based models can find similar

structures in the data using specific network architectures called autoencoder

(AE). AEs encodes the data into a low-dimensional latent representation called

bottleneck and reconstruct the original data from the low-dimensional bottle-

neck. The reconstruction will not be perfect since the bottleneck layer’s dimen-

sion is much smaller than the input layer. Therefore, the encoder is encouraged

to solely learn essential features of the data, which can be used to reconstruct

the output (Figure 2.2). In practice, an AE with a single fully connected layer

trained with a squared error loss can span a similar subspace as PCA while

being not identical to PCA loadings [80].
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Figure 2.2: Unsupervised learning using autoencoders. An AE is com-
prised of two parts, the encoder and the decoder. The encoder reduces the
dimensionality of the data by compressing it into a low-dimensional representa-
tion, the so-called bottleneck layer. While the decoder seeks to reconstruct the
input from the bottleneck layer. The network’s weights are learned to minimize
the reconstruction loss between input (x) and the output (x̂.)

Stacking multiple non-linear layers in autoencoders can convert them into non-



linear dimensionality reduction methods like tSNE and UMAP. Autoencoders

have been exploited for data integration [20, 60], imputation [20, 81], dimen-

sionality reduction [30, 82], out-of-distribution prediction [59, 61, 69, 70]. This

framework is also flexible to incorporate prior knowledge [83] in the form of

gene-modules and Gene Ontology (GO) terms [84]. This allows interpreting

each latent dimension of the bottleneck layer. At the same time, this is not

normally feasible in other vanilla autoencoders since the bottleneck layer is a

mix of all input features after multiple non-linear functions.

While autoencoders have been shown useful in representation learning, they can

only learn a fixed and deterministic function of input, not the distribution of the

data. Learning the distribution of the data is essential to measure the likelihood

of the data [58, 85], and generate new data points from the learned distribu-

tion [86, 87]. Neural networks are now the main drivers in the field of machine

learning to learn the data generating process, the so-called generative modeling.

The two most popular approaches are variational autoencoders [86], and gen-

erative adversarial networks [87]. In the following section, we will describe two

widely used variational autoencoder architectures in this thesis, namely, vanilla

VAE [86] and conditional VAE [88].

2.3 Generative modeling using variational autoen-

coders

2.3.1 Probabilistic modeling and Variational Inference

Two significant fields in machine learning are generative modeling and discrimi-

native modeling [85]. The goal of discriminative modeling is to learn a predictor

using data observations. In contrast, generative modeling seeks to learn a more

general problem of a joint distribution of all variables. Therefore, generative

modeling learns the data generation process, which is the central goal in many

branches of science. Generative models are a class of probabilistic models where

we are interested to learn a joint distribution characterizing all correlations and

dependencies between random variables explaining the model.

Formally, Given a vector x, we would like to learn a joint distribution over the



set of all observed random variables. Here and in the following, we adapt the

notations and presentation by Kingma et al.. Given the data originates from an

unknown data-generating distribution p∗(x), we aim to learn an approximate

distribution using a model pθ(x) with parameters θ such that:

x ∼ pθ(x) (2.3)

In this case, the learning algorithm searches in the parameters space to find

optimal θ such that the resulting probability distribution learned by the model

predicts similar probabilities for each sample similar to p∗(x)

pθ(x) ≈ p∗(x) (2.4)

The model pθ(x) should be flexible and have enough capacity to model the data.

In addition, we would like to consider the information we know about the data

distribution in learning the model.

In particular, the variational autoencoders (VAEs) have emerged as one of the

most popular approaches to unsupervised learning of complicated distributions.

VAEs are generative models that assume the latent space or so-called bottleneck

layer is governed by a specific distribution. A VAE comprises two independently

parameterized modules called encoder (recognition model) and decoder (gener-

ative model). These two models are coupled together and support each other.

The encoder model provides an approximation to its posterior estimation for the

decoder to update its parameter within an iterative learning framework [85].

Given a data point x, the encoder network parameterized with φ learns an ap-

proximated posterior distribution qφ(z|x) (variational distribution) to estimate

the real posterior distribution pθ(z|x) such that:

qφ(z|x) ≈ pθ(z|x) (2.5)

By assuming an isotropic multivariate Gaussian distribution for the posterior

distribution, the output of the encoder model is as follows [86]:

(µ, log σ2) = Encoderφ(x) (2.6)



Thus, the encoder outputs a parameterized Normal distribution as follows:

qφ(z|x) = N (z;µ, diag(σ2)) (2.7)

To make the backpropagation of the gradient possible during the sampling of

the random variable z from qφ(z|x), the reparameterization trick is used, which

is simply a change of variable and it can be expressed as:

z = µ+ σ2 · ε (2.8)

where ε is sampled from N (0, I). The overall VAE architecture can be observed

in Figure 2.3:
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Figure 2.3: Schematic of a VAE architecture. VAE is comprised of two
independently parameterized yet coupled parts, the encoder (recognition) model
and the decoder (generative) model. The encoder model encodes the input data
and produces the parameters of a Gaussian distribution. The latent variable z
is sampled using the reparameterization trick and is fed as input to the decoder
model.

The overall loss function for VAE, the evidence lower bound (ELBO), is com-

prised of two terms: a log-likelihood (reconstruction loss), and a distributional

distance known as Kullback-Leibler (KL) divergence between the variational

posterior and true posterior [86]. The ELBO is the lower bound on the marginal

log-likelihood of the data [85], therefore maximizing it results in tightening the

bound on real marginal likelihood:

LV AE(X;φ, θ) = log pθ(X)− α ∗DKL(qφ(Z|X)||pθ(Z|X)), (2.9)



where LV AE(X;φ, θ) is equal to:

Eqφ(Z|X)[log pθ(X | Z)]− α ∗DKL(qφ(Z|X)||pθ(Z))

(2.10)

where α is the regularization weights to tune the effect of KL loss. The larger

values of α increase the stochasticity of the model while the small α drives

the model toward deterministic AEs. Furthermore, it has been shown that a

higher α encourages a disentangled latent representation [89] also known as β-

VAE, where each dimension of the latent space potentially encodes one axis of

variation in the data. This means that by changing the value of that dimension,

only one high-level feature of the data will change. For example, in the context

of single-cell genomics, β-VAEs are helpful to manipulate specific covariates

such as perturbations in the data [90,91].

2.3.2 Non-Gaussian priors for VAE

The original VAE model [86] introduced isotropic Gaussian due to analytical so-

lutions to computing the KL term, and computational efficiency originated from

that. However, using Gaussian priors leads to problems related to empty or use-

less latent dimensions [92]. An example of non-isotropic Gaussian solutions is

Variational Mixture of Posteriors (VampPrior) [92]. VampPrior is comprised of

a mixture of multiple distributions (e.g., Gaussians) and has been reported to

achieve better results than vanilla single Gaussian priors. Another example is

imposing inductive biases about the data in the form of prior distributing such

as hyperspherical structure [93] or Poincaré ball [94] for hierarchical structures.

Similar approaches have been applied to model hierarchical structures in devel-

opmental single-cell studies [30, 32]. The benefit from such models is that the

pressure to be around a center of mass such as the mean of Gaussian is lifted,

and the data could be projected into a uniformly distributed space or a disk.

Such projections allow the discovery of cell hierarchies, branched developmental

trajectories [30].



Next, we will describe another variation of VAEs, known as conditional VAE

(CVAE). CVAEs are broadly used in the context of single-cell genomics [20,41].

Importantly, they are the main class of models used in the two articles [41, 59]

presented in this thesis.

2.4 Conditional variational autoencoders

CVAE is a VAE in which the posterior distribution is conditioned on a single

or multiple variables of interest. Mathematically, CVAE loss function is similar

to a VAE but modified as following:

Eqφ(Z|X,S)[log pθ(X | Z, S)]− α ∗DKL(qφ(Z|X,S)||pθ(Z | S)), (2.11)

where S is the condition vector for each data point X. The condition vector

could be a one-hot encoded vector representing a specific categorical variable in

the data. Contextualizing this in the field of single-cell genomics, the condition

variables could be experimental protocols, cell-types, or perturbation labels.

Once a condition is provided, the latent space of the CVAE would be free from

potential variation explained by the conditional variable. This is the basis of

all CVAE based data integration methods such as scVI [20] in which the ex-

perimental labels such as batch are provided as input of the model; thus, the

model aims to learn a latent representation that is batch-free. An example of the

conceptual difference in the latent space after applying a VAE on a single-cell

dataset compared to a CVAE model used on the same data (Figure 2.4).

As observed, the CVAE model provided with condition labels has removed the

variation separating the control and the stimulated condition and aligned similar

cell-types irrespective of their condition. In contrast, the VAE model preserved

the condition variation resulting in two different clusters for each cell-type. The

overall architecture schematics for a CVAE model are depicted in Figure 2.5.

The only practical difference compared to VAE is the concatenation of condi-

tion vectors with the input of the encoder and the decoder. However, in some

implementations, the condition vector is only concatenated with the decoder

input. The condition vector can be both in the form of a one-hot vectored data,
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CVAE VAE

Condition

Cell type

Figure 2.4: Comparison of VAE and CVAE latent spaces. The first
column demonstrates applying a CVAE on a single-cell dataset [95] while pro-
viding the condition labels as the input to the model. The second column shows
applying a VAE model on the same data [59]

continuous covariate [20], or representation of another network [59].
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Figure 2.5: Schematic of a CAVE architecture. VAE is comprised of two
independently parameterized yet coupled parts, the encoder (recognition) model
and the decoder (generative) model. The encoder model encodes the input data
and the conditions and outputs the parameters of a Gaussian distribution. The
latent variable z is sampled using the reparameterization trick, concatenated
with condition vector, which is then fed as the input to the decoder model.
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Chapter 3

Summary of contributed

articles

This chapter provides a summary of my contributed articles as part of my doc-

toral studies. The publications are sorted according to the sequence outlined in

the Introduction section. The first publication addresses the question of building

and mapping into single-cell atlases, facilitating the generation of perturbation

atlases. The later publications are built upon perturbation atlases to predict

single-cell responses to unseen phenomena not observed in the atlases.

(i) Mohammad Lotfollahi, Mohsen Naghipourfar, Malte D. Luecken, Matin

Khajavi, Maren Büttner, Marco Wagenstetter, Ziga Avsec, Adam Gayoso, Nir

Yosef, Marta Interlandi, Sergei Rybakov, Alexander V. Misharin, Fabian J. Theis.

"mapping single-cell data to reference atlases by transfer learning."

Nature Biotechnology, August, 1–10 (2021).

Summary: In this article, we describe a deep learning framework to enable

using large single-cell reference atlases to analyze new query data. While batch-

correction methods have partially addressed the integration of multiple datasets,

learning from reference atlases requires rerunning computationally expensive al-

gorithms and thus prohibitive for large-scale collaboration due to their central-

ized nature. We developed single-cell architecture surgery (scArches) to address

these problems, democratizing and facilitating the usage of single-cell refer-
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ence atlases. scArches build upon existing integration methods using CVAEs

[20,57,59–61].

Given a reference model, scArches appends new conditional weights correspond-

ing to a new query dataset and optimizes those few weights, called adaptors,

while keeping the rest of the network weights frozen. Therefore, the user can

download a reference model and quickly integrate a new query dataset with-

out further hyperparameter turning and data sharing. Furthermore, since the

internal weights are fixed, the reference representation remains fixed and inter-

pretable. Therefore, the reference can be queried and updated as many times

as required. Finally, since the query training optimizes the source of variations

originating from technical effects, the perturbation variation such as disease and

treatments will be preserved in the query data, making it an ideal approach to

analyze perturbation effects.

Contribution: I conceived the project idea with some feedbacks from Ziga

Avsec and Fabian Theis and implemented the method together with Mohsen

Naghipourfar. I designed all case studies, figure plans, and scenarios. All visu-

alization ideas originated from me, and I developed and applied all necessary

steps. Finally, I created and interpreted all result figures and wrote the first

complete draft of the publication, which I then finalized based on comments

from other collaborators.

(ii) Mohammad Lotfollahi, F. Alexander Wolf, and Fabian J. Theis. "scGen

predicts single-cell perturbation responses.” Nature Methods 16.8 (2019):

715-721.

Summary: This is the first work in the trilogy for perturbation response model-

ing. Given a reference perturbation atlas including both control and perturbed

cells, the goal was to learn a transformation to transport a control cell to the

desired perturbed state. To pursue that, we first discovered a low-dimensional

latent representation of the data. Then, we postulated that the non-linear per-

turbation effect could be modeled in a linear fashion once the data is in the

latent space. Thus, we calculated the average difference vector between the

desired perturbation and control states. Therefore, the latent vector of each

control cell could be transported to the perturbed state by simply adding the
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difference vector to its latent vector. This approach was inspired by work done

in the field of computer vision [96] and natural language processing [97], in

which a difference vector manipulates the representation of a word or an image

by simple addition and subtraction operators known as latent space arithmetics

(LSA).

We first demonstrated our method outperformed other non-linear approaches

such as cycleGAN and CVAE. We further showed that LSA in high-dimensional

gene expression or PCA space fails to predict highly non-linear effects like cell-

type-specific responses to a perturbation while successfully predicting global

responses present in all cell-types. This result also elucidated the necessity of

using non-linear methods for this problem.

We demonstrated the generalizability of the method by applying it to predict

the response across studies and disease response. Additionally, the technique

was successful in predicting the perturbation response across species. Finally,

we showed that LSA in the latent space could remove the batch effect given

the availability of cell-type labels. Our method ranked among top performers

in the recent data integration algorithms benchmark [23] and has been applied

for biological discovery by the single-cell community [98].

Finally, we also explored the model’s limitations by showing that scGen can not

predict completely unseen and new perturbation responses if cells with similar

responses are absent from training data.

Contribution: The original idea of using generative models for single-cell ge-

nomics and perturbation modeling came from me. Alex Wolf further polished

and directed the idea toward specific applications with comments and supervi-

sion from Fabian Theis. I performed the research, implemented all methods.

I generated all figures and visualization in the paper. I also completed all the

data analyses for all datasets in the paper. Finally, I wrote the article’s first

draft, which Alex Wolf and Fabian Theis later revised.

(iii) Mohammad Lotfollahi, Mohsen Naghipourfar, Fabian J. Theis, and

F. Alexander Wolf. “Conditional out-of-distribution generation for un-

paired data using transfer VAE.” Bioinformatics 36, no. Supplement_2

(2020): i610-i617.

Summary: This paper aimed to address limitations in scGen. The first limita-

28



tion was the restriction to model only one perturbation, making it not appli-

cable to more extensive perturbation studies. The second limitation was that

the perturbation effects were not learnable and separate from the representation

learning step. Thus, the model could not learn all stages from initial input to

output results, known as end-to-end training.

To address previous limitations, we formulated perturbation response modeling

as a distribution matching problem by learning a transformation to match and

thus transport the distribution of control cells to the desired perturbation dis-

tribution. The problem is also known as style transfer in the machine learning

community [99, 100]. This was achieved by designing a CVAE coupled with a

distribution matching regularizer using maximum mean discrepancy (MMD).

We first demonstrated that transfer VAE (trVAE) could manipulate images at-

tributes such as transforming a non-smiling face image to a smiling one while

preserving other image attributes. Similarly, we showed that the model could

manipulate handwritten digit images by thickening or thinning them while keep-

ing their identity. Next, we applied trVAE to the single-cell perturbation model-

ing problem. We showed that our model outperforms six other state-of-the-art

deep learning methods across two different datasets. Specifically, we showed

trVAE also learned cell-type-specific responses and improved the accuracy of

predicting most cell-type-specific genes by 65% compared to scGen.

Finally, trVAE allows modeling multiple perturbations simultaneously, enabling

applying it to highly multiplexed single-cell experiments. We specifically showed

that the model successfully predicted the response for unseen cell-types after

Salmonella or Heligmosomoides polygyrus (H. poly) infections.

Contribution: The original idea of an End-to-End model is from me. Mohsen

Naghipourfar and I implemented the model. The figure ideas, visualizations,

and case studies were all designed by me. I wrote the first draft of the paper

with comments and revisions from Alex Wolf and Fabian Theis.

(iv) Mohammad Lotfollahi*, Anna Klimovskaia*, Carlo De Donno, Yuge Ji,

Ignacio L. Ibarra, F. Alexander Wolf, Nafissa Yakubova, Fabian J. Theis, and

David Lopez-Paz. "Learning interpretable cellular responses to complex

perturbations in high-throughput screens." bioRxiv (2021).
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Summary: In this article, we sought to improve the interpretability of previous

perturbation models by modeling data variation as a compositional process in a

low-dimensional latent space termed as compositional perturbation autoencoder

(CPA). The compositional process decomposes a single-cell into a basal state

vector (cell representation free from covariate and perturbation information), co-

variate vectors (e.g., cell-type, species, patients), and perturbation vector (e.g.,

disease, drug, genetic knockouts). The perturbation vectors are scaled using

non-linear functions applied on continuous covariates such as dose and time.

All perturbations and covariate vectors (embeddings) are learned by removing

those effects using adversarial training [87] and learning adding them back to

reconstruct gene expression effects. The learned embeddings recapitulate the

similarity of perturbations in gene expression, useful for drug-repurposing ef-

forts. We specifically showed that our model could infer a latent drug space

from a massively multiplexed [101] experiment revealing drug response similar-

ity for 188 different drugs. We additionally showed CPA differentiates responsive

and not responsive drugs on cancer cell lines. The results revealed that the dose-

response prediction accuracy is robust if the model has seen other dosages of

the same drug on that cell line. However, the prediction would deteriorate or

fail if the drug was never observed at any dosage in that cell line.

The other primary goal was to predict combinatorial interventions, be it ge-

netic perturbations (e.g., CRISPR experiments) or drug cocktails. The com-

positional formulation allows learning an arbitrary number of perturbations as

additive interventions, thus enabling the prediction of unseen combinations. In

particular, we showed CPA could predict all missing genetic combinations from

a single-cell perturb-seq experiment while providing uncertainty values for the

predicted combination. However, the model fails to predict the combined effect

if contributing single perturbations are never seen in combination with other

perturbations. This necessitates the careful analysis of the results with strong

attention to uncertainty values, preventing spurious conclusions. Finally, CPA

is not designed to replace experiments, rather facilitating the design of further

experiments.

Contribution: The original idea of designing a model for predicting combi-

natorial single-cell perturbations is from me. I, David Lopez-Pax, and Anna
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Klimovskaia designed the method. Then, I implemented the first version of the

method. I researched and selected datasets for case studies in the paper together

with Fabian Theis and Anna Klimovskaia. Finally, I wrote the first draft of the

paper with contributions from other co-authors.

∗ = Equal contributions
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Chapter 4

Discussion

This chapter will discuss potential future directions and ideas for reference map-

ping and perturbation modeling methods for single-cell genomics.

4.1 single-cell reference mapping

In this thesis, I have developed algorithms to analyze single-cell reference per-

turbation atlases. I first discussed that existing integration algorithms are not

optimal and secure to integrate novel query datasets into existing reference

atlases. Then, I devised single-cell architecture surgery to address those chal-

lenges. scArches is a general framework applicable to existing integration algo-

rithms that use CVAEs [88]. Finally, I demonstrated that perturbation datasets

could be integrated into a healthy reference converting them to perturbation at-

las. In the following, I will discuss further applications and extensions for future

research in single-cell reference mapping.

4.1.1 Towards leveraging multi-modal reference atlases

Recent advances in single-cell multi-omics have enabled measuring multiple mea-

surements from the same single-cell [45, 65, 102] providing a holistic view into

cellular heterogeneity. I envision a reference mapping method such as scArches

would be the canonical way to use reference atlases. However, the existing

multi-modal integration methods are imperfect, thus the bottleneck for further
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development of multi-modal powered reference mapping methods. Therefore, I

believe that reference mapping should be a central goal when designing multi-

modal reference integration methods.

4.1.2 Clinical applications of reference mapping using Multi-

Instance Learning

The availability of large-scale single-cell multi-omics datasets with hundreds of

individual patient samples in both healthy and disease states [103] have enabled

the construction of patient-level multi-omic reference atlases. Such reference at-

lases can be combined with multi-instance learning (MIL) [104–106] to predict

disease severity. Additionally, recent attention-based MIL [105] allows attribut-

ing the phenotype of interest to a specific cell-type or state that is important

to determine the phenotype. Therefore, once the reference atlas has been built

with a trained MIL model, it can be deployed in clinical settings for further

diagnosis applications.

4.1.3 Querying gene modules against a reference atlas

While reference mapping methods enable querying a completely new query

dataset, they do not allow to query of a set of genes or gene modules related

in the context of a reference atlas. A recent method [83] sought to partially

address this by learning an interpretable latent space, where each latent dimen-

sion encodes a specific gene module, therefore allowing to analyze the queries

and reference within that specific gene module. However, this problem remains

an interesting future direction to pursue.

4.2 Single-cell perturbation response modeling

The existing perturbation atlases are partially complete due to the extensive

cost of experiments and technology limitations [101] hindering the profiling of

all potential perturbations. This hinders in-depth analysis and application of

single-cell technologies in real-world, large-scale drug discovery efforts. The

thesis’s second contribution and research direction aimed to address this prob-
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lem by proposing computational approaches for in silico prediction of unseen

perturbation to complete perturbation atlases.

In our work on scGen [69], I demonstrated that VAEs coupled with vector

arithmetics could predict single-cell responses across cell-types, studies, and

species. Importantly, I demonstrated that scGen could capture cell-type-specific

effects for cell-types not present in the dataset. However, this depends on cell-

types similar to the ones of interest that I would like to predict. Otherwise, the

model will fail to make accurate predictions (see Supplementary figure 7 in [69]).

While the differential perturbation vector is calculated linearly, it can predict

the cell-type-specific effect. I postulate that this emerges due to the complex

nonlinear dimension reduction performed by the VAE.

I further improved scGen by formulating the perturbation response prediction

as a distribution matching problem solved by trVAE. I demonstrated that tr-

VAE is a general framework, which works with any data modality ranging from

images to single-cell gene expression profiles. I further showed that it could

handle multiple perturbations simultaneously while also improving the perfor-

mance in cell-type-specific prediction. Finally, with CPA, I developed a general

interpretable model that incorporates both discrete and continuous covariates.

Having large-scale perturbation atlases at hand, CPA can infer a perturbation

space capturing the similarity of gene expression response. CPA is also able

to predict combinatorial perturbation effects such as genetic knock-out or drug

combinations.

In the following, I will discuss future work related to perturbation response

modeling.

4.2.1 Combining perturbation modeling with structural

molecular information

While current models can predict the effects of small molecules [101], the predic-

tions are limited to drugs that are already included and measured in the dataset,

and prediction of out-of-library drugs is not possible. This prohibits the usage

of such models for large-scale in-silico screening for potential experimental de-

sign or repurposing efforts. To address these problems, such models should be

extended to predict the response to out-of-library drugs. This would be possi-
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ble by encoding the molecular structure, such as a simplified molecular-input

line-entry system (SMILES) using graph neural networks [107]. It would also

be interesting to inspect the perturbation space since encoding gene expression

response and molecular information would lead to different latent perturbation

spaces.

4.2.2 Multi-modal perturbation modeling

The works presented in this thesis were all focused on the prediction at the

transcript level. However, two recently published papers [108,109] have demon-

strated the feasibility of combining CRISPR-compatible CITE-seq, which com-

bines pooled CRISPR screens with single-cell mRNA and surface protein pro-

filing. Therefore, a potential future direction would be to adapt the current

response prediction models to predict perturbation response at multiple levels.

This will require a joint representation learning for all modalities related to

reference mapping and integration.
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Large single-cell reference atlases1–4 comprising millions5 of cells 
across tissues, organs, developmental stages and conditions are 
now routinely generated by consortia such as the Human Cell 

Atlas6. These references help to understand the cellular heteroge-
neity that constitutes natural and inter-individual variation, aging, 
environmental influences and disease. Reference atlases provide an 
opportunity to radically change how we currently analyze single-cell 
datasets: by learning from the appropriate reference, we could auto-
mate annotation of new datasets and easily perform comparative 
analyses across tissues, species and disease conditions.

Learning from a reference atlas requires mapping a query dataset 
to this reference to generate a joint embedding. Yet query data sets 
and reference atlases typically comprise data generated in different 
laboratories with different experimental protocols and thus contain 
batch effects. Data-integration methods are typically used to over-
come these batch effects in reference construction7. This requires 
access to all relevant datasets, which can be hindered by legal 
restrictions on data sharing. Furthermore, contextualizing a single 
dataset requires rerunning the full integration pipeline, presup-
posing both computational expertise and resources. Finally, tradi-
tional data-integration methods consider any perturbation between 
datasets that affects most cells as a technical batch effect, but bio-
logical perturbations may also affect most cells. Thus, conventional 
approaches are insufficient for mapping query data onto references 
across biological conditions.

Exploiting large reference datasets is a well-established approach 
in Computer Vision8 and Natural Language Processing9. In these 

fields, commonly used deep learning approaches typically require 
a large number of training samples, which are not always avail-
able. By leveraging weights learned from large reference datasets to 
enhance learning on a target or query dataset10, transfer-learning 
(TL) models such as ImageNet11 and BERT12 have revolutionized 
analysis approaches8,9: TL has improved method performance with 
small datasets (for example, clustering13, classification and/or anno-
tation14) and enabled model sharing15–18. Recently, TL has been 
applied to single-cell RNA-seq (scRNA-seq) data for denoising19, 
variance decomposition20 and cell type classification21,22. However, 
current TL approaches in genomics do not account for technical 
effects within and between the reference and query19 and lack of sys-
tematic retraining with query data20–23. These limitations can lead to 
spurious predictions on query data with no or small overlap in cell 
types, tissues or species24,25. Nonetheless, deep learning models for 
data integration in single-cell genomics demonstrated superior per-
formance7,26–28. We propose a TL and fine-tuning strategy to lever-
age existing conditional neural network models and transfer them 
to new datasets, called ‘architecture surgery’, as implemented in the 
scArches pipeline. scArches is a fast and scalable tool for updating, 
sharing and using reference atlases trained with a variety of neural 
network models. Specifically, given a basic reference atlas, scArches 
enables users to share this reference as a trained network with other 
users, who can in turn update the reference using query-to-reference 
mapping and partial weight optimization without sharing their 
data. Thus, users can build their own extended reference models  
or perform stepwise analysis of datasets as they are collected, 

Mapping single-cell data to reference atlases by 
transfer learning
Mohammad Lotfollahi   1,2, Mohsen Naghipourfar   1, Malte D. Luecken   1, Matin Khajavi1, 
Maren Büttner   1, Marco Wagenstetter1, Žiga Avsec   3, Adam Gayoso   4, Nir Yosef   4,5,6,7, 
Marta Interlandi8, Sergei Rybakov1,9, Alexander V. Misharin   10 and Fabian J. Theis   1,2,9 ✉

Large single-cell atlases are now routinely generated to serve as references for analysis of smaller-scale studies. Yet learn-
ing from reference data is complicated by batch effects between datasets, limited availability of computational resources and 
sharing restrictions on raw data. Here we introduce a deep learning strategy for mapping query datasets on top of a refer-
ence called single-cell architectural surgery (scArches). scArches uses transfer learning and parameter optimization to enable 
efficient, decentralized, iterative reference building and contextualization of new datasets with existing references without 
sharing raw data. Using examples from mouse brain, pancreas, immune and whole-organism atlases, we show that scArches 
preserves biological state information while removing batch effects, despite using four orders of magnitude fewer parameters 
than de novo integration. scArches generalizes to multimodal reference mapping, allowing imputation of missing modalities. 
Finally, scArches retains coronavirus disease 2019 (COVID-19) disease variation when mapping to a healthy reference, enabling 
the discovery of disease-specific cell states. scArches will facilitate collaborative projects by enabling iterative construction, 
updating, sharing and efficient use of reference atlases.
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which is often crucial for emerging clinical datasets. Furthermore, 
scArches allows users to learn from reference data by contextual-
izing new (for example, disease) data with a healthy reference in a 
shared representation. Due to the flexible choice of the underlying 
core model that is transferred using scArches, we can learn refer-
ences with various base models but also train on multimodal data. 
We demonstrate the features of scArches using single-cell datasets 
ranging from pancreas to whole-mouse atlases and immune cells 
from patients with COVID-19. scArches is able to iteratively update 
a pancreas reference, transfer labels or unmeasured data modalities 
between reference atlases and query data and map COVID-19 data 
onto a healthy reference while preserving disease-specific variation.

Results
scArches enables mapping query data to reference. Consider the 
scenario with N ‘reference’ scRNA-seq datasets of a particular tis-
sue or organism. A common approach to integrate such datasets is 
to use a conditional variational autoencoder (CVAE) (for example, 
single-cell variational inference (scVI)29, transfer variational auto-
encoder (trVAE)30) that assigns a categorical label Si to each dataset 
that corresponds to the study label. These study labels may index 
traditional batch IDs (that is, samples, experiments across laborato-
ries or sequencing technologies), biological batches (that is, organs 
or species when used over the set of orthologous genes), perturba-
tions such as disease or a combination of these categorical variables. 
Training a CVAE model with reference studies S1:N (Fig. 1a) results 
in a latent space where the effects of condition labels (that is, batch 
or technology) are regressed out. Thus, we can use this embedding 
for further downstream analysis such as visualization or identifica-
tion of cell clusters or subpopulations.

Architectural surgery is a TL approach that takes existing ref-
erence models and adapts these to enable query-to-reference map-
ping. After training an existing autoencoder model on multiple 
reference datasets, architectural surgery is the process of transfer-
ring these trained weights with only minor weight adaptation (fine 
tuning) and adding a condition node to map a new study into this 
reference. While this approach is broadly applicable on any deep 
conditional model, here we apply scArches to three unsupervised 
models (CVAEs, trVAE, scVI), a semi-supervised (single-cell 
annotation using variational inference (scANVI))31 algorithm and 
a multimodal (total variational inference (totalVI))32 algorithm 
(Methods).

To facilitate model sharing, we adapted existing reference-building 
methods to incorporate them into our scArches package as ‘base 
models’. Reference models built within scArches can be uploaded 
to a model repository via our built-in application programming 
interface for Zenodo (Methods). To enable users to map new data-
sets on top of custom reference atlases, we propose sharing model 
weights, which one can download from the model repository and 
fine tune with new query data. This fine tuning extends the model 
by adding a set of trainable weights per query dataset called ‘adap-
tors’. In classical conditional neural networks, a study corresponds 
to an input neuron. As a trained network has a rigid architecture, it 
does not allow for adding new studies within the given network. To 
overcome this, we implement the architecture surgery approach to 
incorporate new study labels as new input nodes (Methods). These 
new input nodes with trainable weights are the aforementioned 
adaptors. Importantly, adaptors are shareable, allowing users to 
further customize shared reference models by downloading a refer-
ence atlas, choosing a set of available adaptors for that reference and 
finally incorporating the user’s own data by training query adaptors 
(Fig. 1b). Trainable parameters of the query model are restricted 
to a small subset of weights for query study labels. Depending on 
the size of this subset, this restriction functions as an inductive bias 
to prevent the model from strongly adapting its parameters to the 
query studies. Thus, query data update the reference atlas.

To illustrate the feasibility of this approach, we applied scArches 
with trVAE, scVI and scANVI (see Supplementary Tables 1–7 for 
detailed parameters) to consecutively integrate two studies into a 
pancreas reference atlas comprising three studies (Fig. 1c). To addi-
tionally simulate the scenario in which query data contain a new cell 
type absent in the reference, we removed all alpha cells in the train-
ing reference data. We first trained different existing reference mod-
els within the scArches framework to integrate training data and 
construct a reference atlas (Fig. 1d,e and Supplementary Fig. 1, first 
column). Once the reference atlas was constructed, we fine tuned 
the reference model with the first query data (SMART-seq2 (SS2)) 
and iteratively updated the reference atlas with this study (Fig. 1d,e, 
second column) and the second query data (CelSeq2, Fig. 1d,e, 
third column). After each update, our model overlays data from all 
shared cell types present in both query and reference while yielding 
a separate and well-mixed cluster of alpha cells in the query datasets 
(black dashed circles in Fig. 1d,e). To further assess the robustness 
of the approach, we held out two cell types (alpha cells and gamma 
cells) in the reference data while keeping both in the query datasets. 
Here our model robustly integrated query data while placing unseen 
cell types into distinct clusters (Supplementary Fig. 2). Additional 
testing using simulated data showed that scArches is also robust to 
simultaneously updating the reference atlas with several query stud-
ies at a time (Supplementary Fig. 3).

Overall, TL with architectural surgery enables users to update 
learnt reference models by integrating query data while accounting 
for differences in cell type composition.

Minimal fine tuning performs best for model update. To deter-
mine the number of weights to optimize during reference mapping, 
we evaluated the performance of different fine-tuning strategies. 
Reference mapping performance was assessed using ten metrics 
recently established to evaluate data-integration performance7 in 
terms of removal of batch effects and preservation of biological vari-
ation. Batch-effect removal was measured via principal-component 
regression, entropy of batch mixing, k-nearest neighbor (kNN) 
graph connectivity and average silhouette width (ASW). Biological 
conservation was assessed with global cluster matching (adjusted 
Rand index (ARI), normalized mutual information (NMI)), local 
neighborhood conservation (kNN accuracy), cell type ASW and 
rare cell type metrics (isolated label scores). An accurate reference 
mapping integration should result in both high conservation of bio-
logical variation and high batch-removal scores.

Next to fine tuning only the weights connecting newly added 
studies as proposed above (adaptors), we also considered (1) train-
ing input layers in both encoder and decoder while the rest of the 
weights were frozen and (2) fine tuning all weights in the model. 
We trained a reference model for each base model using 250,000 
cells from two mouse brain studies33,34. Next, we compared the 
integration performance of candidate fine-tuning strategies when 
mapping two query datasets1,35 onto the reference data. Applying 
scArches trVAE to the brain atlas, the model with the fewest param-
eters performed competitively with other approaches in integrating 
different batches while preserving distinctions between different 
cell types (Fig. 2a–c). Notably, the strongly regularized scArches 
reduced trainable parameters by four to five orders of magnitude 
(Fig. 2d). Overall, evaluating integration accuracy for different base 
models demonstrates the optimal time and integration performance 
trade-off of using adaptors to incorporate new query datasets com-
pared to that of other approaches (Fig. 2e).

Architectural surgery allows for efficient data integration. To use 
scArches, one requires a reference atlas model. The quality of refer-
ence mapping performed by scArches relies on the parameterization 
and architecture chosen for the base model as well as the quality and 
quantity of reference data. To determine the sensitivity of scArches 
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reference mapping to the reference model used, we investigated 
how much reference data are needed to enable successful reference 
mapping. Therefore, we leveraged a human immune cell dataset 
composed of bone marrow36 and peripheral blood mononuclear 
cells (PBMCs)37–39. We built reference models of increasing qual-
ity by incrementally including more studies in reference building 
while using the rest of the studies as query data. To further chal-
lenge the model, we included a unique cell type for each study 
while removing it from the rest of the studies. In our experiments, 
the reference mapping accuracy of scArches scANVI substantially 
increased until at least 50% (~10,000 cells) of the data were used as 
reference (Fig. 3a–c). Specifically, we observed distinct clusters of 
megakaryocyte progenitors, human pluripotent stem cells, CD10+ 
B cells and erythroid progenitors only in higher reference ratios 
(Fig. 3b,c), while these were mixed in the lowest reference fraction 
(Fig. 3a). This observation held true across other base models (Fig. 
3d and Supplementary Fig. 4). We repeated similar experiments on 
brain and pancreas datasets (Supplementary Figs. 5 and 6). Overall, 

while performance is both model and data dependent, we observed 
a robust performance when at least 50% of the data, including 
multiple study batches, are used in reference training (Fig. 3d and 
Supplementary Figs. 7–10).

Reference mapping is designed to generate an integrated dataset 
without sharing raw data and with limited computational resources. 
Thus, it must be evaluated against the gold standard of de novo data 
integration, for which these restrictions are not present. To assess 
this, we performed scArches reference mapping using a reference 
model containing approximately two-thirds of batches and com-
pared this to existing full integration autoencoder methods and 
other existing approaches22,40–44. The overall score for the scArches 
reference mapping model is similar to that of de novo integration 
performance (Fig. 3e and Supplementary Figs. 13–15).

We also evaluated the speed of scArches reference mapping 
compared to full integration strategies. In an scArches pipeline, the 
reference model must either be built once and can be shared or it 
can be downloaded directly to map query datasets. Therefore, we  
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consider the time spent by the user to map query datasets as the 
relevant basis for our comparisons. The running time is also depen-
dent on the base model type. For example, trVAE was much slower 
than other base models due to the maximum mean discrepancy 
term, while scVI and scANVI were the fastest (Supplementary Fig. 
11a). Overall, scArches can offer a speed-up of up to approximately 
fivefold and eightfold for scVI and scANVI compared to that of 
running a de novo autoencoder-based integration for these meth-
ods (Supplementary Fig. 16a). This allows mapping of 1 million 
query cells in less than 1 h (Supplementary Fig. 11b).

scArches is sensitive to nuanced cell states. We further evaluated 
scArches under a series of challenging cases. A particular challenge 
for deep learning methods with many trainable parameters is the 
small data regime. Thus, we first tested the ability of scArches to map 
rare cell types. For this purpose, we subsampled a specific cell type in 

our pancreas and immune integration tasks (delta cells and CD16+ 
monocytes, respectively), such that this population constituted 
between ~0.1% and ~1.0% of the whole data. Next, we integrated one 
study as query data and evaluated the quality of reference mapping 
for the rare cell type. While in all cases the query cells are integrated 
with reference cells, rare cluster cells can be mixed with other cell 
types when the fraction is smaller than ~0.5%, and we only observed 
a distinct cluster for higher fractions (Supplementary Fig. 12).

Second, we evaluated our method on data with continuous tra-
jectories. We trained a reference model using a pancreatic endo-
crinogenesis dataset45 from three early time points (embryonic 
day (E)12.5, E13.5 and E14.5). We integrated the latest time point 
(E15.5) as query data. Here query data integrated well with refer-
ence data, and our velocity46 analysis on the integrated data con-
firmed the known differentiation trajectory toward major alpha, 
beta, delta and epsilon fates (Supplementary Fig. 13).
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Finally, we evaluated how well scArches resolves nuanced, tran-
scriptionally similar cell types in the query. We therefore trained a 
reference model excluding natural killer (NK) cells, while the ref-
erence data contained highly similar NKT cells. Integrated query 
and reference cells resulted in a separate NK cluster in proximity 
to NKT cells (Supplementary Fig. 14a). Repeating a similar experi-
ment with both NK and NKT cells absent in the reference repro-
duced distinct clusters for both populations in the vicinity of each 
other (Supplementary Fig. 14b).

scArches enables knowledge transfer from reference to query. 
The ultimate goal of query-to-reference mapping is to leverage and  

transfer information from the reference. This knowledge transfer can 
be transformative for analyzing new query datasets by transferring 
discrete cell type labels that facilitate annotation of query data47,48 or 
by imputing continuous information such as unmeasured modalities 
that are present in reference but absent from query measurements32,48,49

We first studied transferring discrete information (for exam-
ple, cell type labels) to query data. We used the recently published 
Tabula Senis3 as our reference, which includes 155 distinct cell types 
across 23 tissues and five age groups ranging from 1 month to 30 
months from plate-based (SS2) and droplet-based (10x Genomics) 
assays. As query data, we used cells from the 3-month time point 
(equivalent to Tabula Muris (TM)).
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The query data consists of 90,120 cells from 24 tissues includ-
ing a previously unseen tissue, trachea, which we excluded from 
the reference data. scArches trVAE accurately integrates query 
and reference data across time points and sequencing technologies 
and creates a distinct cluster of tracheal cells (n = 9,330) (Fig. 4a,b  
and Supplementary Fig. 15a; see Supplementary Fig. 16 for 
tissue-level data).

We then investigated the transfer of cell type labels from the 
reference dataset. Each cell in the query TM was annotated using 
its closest neighbors in the reference dataset. Additionally, our 
classification pipeline provides an uncertainty score for each cell 
while reporting cells with more than 50% uncertainty as unknown 
(Methods). scArches achieved ~84% accuracy across all tissues 
(Fig. 4c). Moreover, most of the misclassified cells and cells from 
the unseen tissue received high uncertainty scores (Fig. 4d and 
Supplementary Fig. 15b). Overall, classification results across tissues 
indicated a robust prediction accuracy across most tissues (Fig. 4e),  

while highlighting cells that were not mappable to the reference. 
Therefore, scArches can successfully merge large and complex 
query datasets into reference atlases. Notably, we used scArches 
to map a large query (the mouse cell atlas2) onto TM and further 
onto a recently published human cell landscape (HCL)4 reference, 
demonstrating applicability to study similarity of cell types across 
species (Supplementary Note 1 and Supplementary Figs. 18–21). 
Overall, scArches-based label projection performs competitively 
when compared with state-of-the-art methods such as SVM rejec-
tion47,50, Seurat version 3 (ref. 22) and logistic regression classifiers50 
(Supplementary Fig. 17).

In addition to the label transfer, one can use reference atlases to 
impute continuous information in the query data such as missing 
antibody panels in RNA-seq-only assays. Indeed, one can combine 
scArches with existing multimodal integration architectures such as 
totalVI32, a model for joint modeling of RNA expression and surface 
protein abundance in single cells. Leveraging scArches totalVI, we 
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built a cellular indexing of transcriptomes and epitopes by sequenc-
ing (CITE-seq)51 reference using two publicly available PBMC data-
sets (Fig. 4f). Next, we integrated query scRNA-seq data into the 
reference atlas (Fig. 4g) and used the multimodal reference atlas to 
impute missing protein data for the query dataset. Using imputed 
protein abundances, we can distinguish the observed major popu-
lations such as T cells (CD3+, CD4+ and CD8+), B cells (CD19+) 
and monocytes (CD14+) (Fig. 4h) (see Supplementary Fig. 22 for 
all proteins).

Preserving COVID-19 cell states after reference mapping. In the 
study of disease, contextualization with healthy reference data is 
essential. A successful disease-to-healthy data integration should 
satisfy three criteria: (1) preservation of biological variation of 
healthy cell states; (2) integration of matching cell types between 
healthy reference and disease query; and (3) preservation of distinct 
disease variation, such as the emergence of new cell types that are 
unseen during healthy reference building. To showcase how one 
can perform disease contextualization with scArches, we created a 
reference aggregated from bone marrow36, PBMCs37–39 and normal 
lung tissue52–54 (n = 154,723; Fig. 5a–c) and then mapped onto it a 
dataset containing alveolar macrophages and other immune cells 
collected via bronchoalveolar lavage from (1) healthy controls and 
patients with (2) moderate and (3) severe COVID-19 (n = 62,469)55. 
As described by Liao and colleagues, this dataset contains immune 
cells found in the normal lung (for example, tissue-resident alveo-
lar macrophages, TRAMs) as well as unique populations that are 

absent in the normal lung and emerge only during inflammation 
(for example, monocyte-derived alveolar macrophages, MoAMs)55. 
We used a negative binomial (NB) CVAE base model for this exper-
iment (Methods).

We first evaluated the integration of query batches in the refer-
ence. scArches successfully integrated alveolar macrophages from 
different datasets and preserved biological variability between them, 
although some ambient RNA signals remained (Supplementary 
Note 2 and Supplementary Fig. 23). For example, activated TRAMs 
(FABP4+IL1B+CXCL5+) that originate from a single individual 
(donor 2 in the Travaglini et al.52 dataset) formed a distinct subclus-
ter within TRAMs (Fig. 5a–d). We then evaluated the projection of 
COVID-19 query data onto the reference model. The dataset from 
Liao and colleagues contains the following cell types: airway epi-
thelial cells, plasma cells and B cells, CD4+ and CD8+ T cells, NK 
cells, neutrophils, mast cells, dendritic cells, monocytes and alveolar 
macrophages (Fig. 5b,c and Supplementary Fig. 24)55. Within the 
macrophage cluster (characterized by the expression of C1QA), two 
distinct populations dominated the structure of the embedding (Fig. 
5c,d): TRAMs (FABP4+C1Q+CCL2−) and inflammatory MoAMs 
(FABP4−C1Q+CCL2+). As expected, query TRAMs from healthy 
controls integrated well with TRAMs from the reference dataset. 
While TRAMs from patients with moderate COVID-19 integrated 
with TRAMs from control lung tissue, they did not mix with nor-
mal TRAMs completely, as they were activated and characterized 
by increased expression of IFI27 and CXCL10. MoAMs are pre-
dominantly found in samples from patients with severe COVID-19  
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and to a lesser extent in samples from patients with moderate 
COVID-19. MoAMs originate from monocytes that are recruited 
to sites of infection (as illustrated by the gradient of C1QA expres-
sion) and thus do not appear in healthy reference tissue. Indeed, 
MoAMs were embedded in closer proximity to monocytes than to 
TRAMs in our embedding, reflecting their ontological relationship 
(see Supplementary Fig. 25 for partition-based graph abstraction56 
proximity analysis).

We then evaluated CD8+ T cells. While the reference bone 
marrow and blood cells predominantly contained naive CD8+ 
T cells (CCL5−), lung and bronchoalveolar lavage fluid contained 
cytotoxic memory CD8+ T cells (GZMA+GZMH+; Fig. 5e and 
Supplementary Fig. 26). Moreover, cytotoxic memory CD8+ T cells 
from patients with COVID-19 were characterized by the expres-
sion of interferon-response genes ISG15, MX1 and others, which is 
in agreement with a recent report that the interferon response is a 
feature separating severe acute respiratory syndrome coronavirus 2 
pneumonia from other viral and non-viral pneumonias57,58 (Fig. 5e, 
Supplementary Note 2 and Supplementary Fig. 26).

Overall, the scArches joint embedding was dominated by 
nuanced biological variation, for example, macrophage subtypes, 
even when these subtypes were not annotated in reference data-
sets (for example, activated TRAMs from patients with moderate 
COVID-19 or a patient with a lung tumor). Although disease states 
were absent in the reference data, scArches separated these states 
from the healthy reference and even preserved biological varia-
tion patterns. Hence, disease-to-healthy integration with scArches 
met all three criteria for successful integration.

Discussion
We introduced architectural surgery, an easy-to-implement 
approach for TL, reusing neural network models by adding input 
nodes and weights (adaptors) for new studies and then fine tuning 
only those parameters. Architectural surgery can extend any con-
ditional neural network-based data-integration method to enable 
decentralized reference updating, facilitate model reuse and provide 
a framework for learning from reference data.

In applications, we demonstrated how integration of whole- 
species atlases enables the transfer of cell type annotations from a 
reference to a query atlas. We further showed that COVID-19 query 
data can be mapped on top of a healthy reference while retaining 
variation among both disease and healthy states, which we promote 
in scArches by avoiding showing the method the disease effect 
during training. In general, different effects such as disease states 
are assumed to be orthogonal in high-dimensional space43; thus, 
if a batch-confounded effect (for example, any donor-level covari-
ate when donor is used as batch) is not seen during training, we 
would not expect it to be removed. We observe this phenomenon in 
our COVID-19 example and in multiple experiments: biologically 
meaningful variations from held-out alpha cells in the pancreas 
(Fig. 1d,e) or unseen nuanced cell identities in immune cell data 
(Supplementary Fig. 14) are mapped to a new location when they 
are unseen during training.

The reduction in model training complexity by training adaptors 
moreover leads to an increase in speed while preserving integra-
tion accuracy when compared to full integration methods. It also 
improves usability and interpretability, because mapping a query 
dataset to a reference requires no further hyperparameter optimiza-
tion and keeps reference representation intact. Adaptors only impact 
the first network layer and therefore ‘commute’: application order is 
irrelevant for iteratively expanding a reference, arriving always at 
the same result due to the frozen nature of the network and inde-
pendence of adaptor weights. With scArches, one can therefore use 
pre-trained neural network models without computational exper-
tise or graphics processing unit power to map, for example, disease 
data onto stored reference networks prepared from independent 

atlases. We make use of these features by providing a model data-
base on Zenodo (Methods).

Model sharing in combination with reference mapping via 
scArches allows users to create custom reference atlases by updat-
ing public ones and paves the way for automated and standardized 
analyses of single-cell studies. Especially for human data, sharing 
expression profiles is often difficult due to data-protection regu-
lations, size, complexity and other organizational hurdles. With 
scArches, users can obtain an overview of the whole dataset to 
validate harmonized cell type annotation. By sharing a pre-trained 
neural network model that can be locally updated, international 
consortia can generate a joint embedding without requiring access 
to the full gene sets. In turn, users can quickly build upon this by 
mapping their own typically much smaller data into the reference, 
acquiring robust latent spaces, cell type annotation and identifica-
tion of subtle state-specific differences with respect to the reference.

scArches is a tool that leverages existing conditional autoencoder 
models to perform reference mapping. Thus, by design, it inherits 
both benefits and limitations of the underlying base models. For 
example, a limitation of these models is that the integrated out-
put is a low-dimensional latent space instead of a corrected feature 
matrix as provided by mnnCorrect or Scanorama. While generat-
ing a batch-corrected input matrix is possible30, this may lead to 
spurious and false signals similar to denoising methods59. Similarly, 
imputation of modalities not measured in query data (for example, 
via scArches totalVI) performs better for more abundant features, 
which has already been outlined in the original totalVI publication32. 
A further limitation is the need for a sufficiently large and diverse 
set of samples for reference building. Deep learning models typically 
have more trainable parameters than other integration methods and 
thus often require more data. This constraint translates directly to 
the performance of scArches reference mapping (Fig. 3a–d): using 
a small reference along with a low number of studies leads to poor 
integration of query data while removing biological variation such 
as nuanced cell types. Furthermore, even with equal training data, 
reference model performance will differ, affecting reference map-
ping via scArches. As robust and scalable reference building is still 
ongoing research in the scRNA-seq field7, the choice of reference 
model is a central challenge when using scArches. Yet we demon-
strate that even imperfect reference models (Supplementary Note 3) 
can be used for meaningful analyses as demonstrated by our data 
analysis of patients with COVID-19. Finally, one must consider the 
limitations of the base model on batch-effect removal during ref-
erence mapping, in which it is unlikely to remove stronger batch 
effects than those seen in the training data. In our cross-species 
experiments, reference mapping performs well mostly in immune 
cell populations, which appear to contain the smallest batch effect 
across species (Supplementary Figs. 18, 20 and 21).

While scArches is applicable in many scenarios, it is best suited 
when the query data consists of cell types and experimental pro-
tocols similar to the reference data. Then, the query data may eas-
ily contain new cell types or states such as disease or other kinds 
of perturbations, which are preserved after mapping. Additionally, 
we advise against using scArches for integrating query data with a 
reference created out of a single study and recommend integration 
with full sample access instead. Further, the number of overlapping 
genes between query and reference data can also influence integra-
tion quality. We generally recommend using a larger set of highly 
variable genes (HVGs) in the reference-building step to guarantee a 
bigger feature overlap between reference and query, which increases 
the robustness of reference mapping in the presence of missing 
genes (Methods and Supplementary Fig. 28).

We envision two major directions for further applications 
and development. First, scArches can be applied to generate 
context-specific large-scale disease atlases. Large disease refer-
ence datasets are increasingly becoming available60–62. By mapping 
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between disease references, we can assess the similarity of these 
diseases at the single-cell level and thus inform for finding mecha-
nisms, reverting disease state or studying perturbations, for exam-
ple, for drug repurposing. The suitability of model organisms for 
disease research can be directly translated into the human context: 
for example, projecting mouse single-cell tumor data on a reference 
human patient tumor atlas may help to identify accurate tumor 
models that include desired molecular and cellular properties of 
a patient’s microenvironment. Incorporating additional covariates 
as conditional neurons in the reference model will allow model-
ing of treatment response with a certain perturbation or drug63,64. 
Secondly, we envision assembling multimodal single-cell reference 
atlases to include epigenomic65, chromosome conformation66, pro-
teome51 and spatially resolved measurements.

In summary, with the availability of reference atlases, we expect 
scArches to accelerate the use of these atlases to analyze query 
datasets.

Online content
Any methods, additional references, Nature Research report-
ing summaries, source data, extended data, supplementary infor-
mation, acknowledgements, peer review information; details of 
author contributions and competing interests; and statements of 
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Methods
Architecture surgery. Our method relies on a concept known as TL. TL is an 
approach in which weights from a model trained on one task are taken and used as 
weight initialization or fine tuning for another task. We introduce an architecture 
surgery, a strategy to apply TL in the context of conditional generative models and 
single-cell data. Our proposed method is general and can be used to perform TL 
on both CVAEs and conditional generative adversarial nets67.

Let us assume that we want to train a reference CVAE model with a 
d-dimensional dataset (x ϵ Rd) from n different studies (s ϵ Rn), where R denotes 
real number space. We further assume that the bottleneck z with layer size 
is k(z ϵ Rk). Then, an input for a single cell i will be x′ = x · s, where x and s 
are the d-dimensional gene expression profile and n-dimensional one-hot 
encoding of study labels, respectively. The · symbol denotes the row-wise 
concatenation operation. Therefore, the model receives (d + n)-dimensional 
and (k + n)-dimensional vectors as inputs for encoder and decoder, respectively. 
Assuming m query datasets, the target model will be initialized with all the 
parameters from the reference model. To incorporate m new study labels, we add 
m new dimensions to s in both encoder and decoder networks. We refer to these 
new added study labels as s′. Next, m new randomly initialized weight vectors 
are also added to the first layer of the encoder and decoder. Finally, we fine tune 
the new model by only training the weights connected to the last m dimensions 
of x′ that correspond to the condition labels. Let us assume that p and q are the 
number of neurons in the first layer of the encoder and decoder; then, during the 
fine tuning, only (m) × (p + q) parameters will be trained. Let us parameterize the 
first layer of the encoder and decoder part of the scArches as f1 and g1, respectively. 
Let us further assume that ReLU activations are used in the layers. Therefore the 
equations for f1 and g1 are

f1(x, s, s′;ϕx,ϕs,ϕs′) = max(0,ϕT
x x + ϕT

s s + ϕT
s′s′)

g1(z, s, s′;θz, θs, θs′) = max(0, θT
z z + θT

s s + θT
s′s′),

where ϕ and θ are parameters of encoder and decoder, and T denotes transpose 
operation. Therefore, the gradients of f and g with respect to ϕs′ and θs′ are

∇ϕs′ f1 =

{
0 if ϕT

x x + ϕT
s s + ϕT

s′ s
′
≤0

s′ otherwise

∇θs′ g1 =

{
0 if θT

z z + θT
s s + θT

s′ s
′
≤0

s′ otherwise

Finally, because all other weights except ϕs′ and θs′ are frozen, we only compute 
the gradient of scArches’ cost function with respect to ϕs′ and θs′:

∇ϕs′LscArches(x, s, s′;θ,ϕ) = ∇f1LscArches(x, s, s′;ϕ) · ∇ϕs′ f1(x, s, s′;ϕx,ϕs,ϕs′)

∇θs′LscArches(x, s, s′;θ,ϕ) = ∇g1LscArches(z, s, s′;θ,ϕ) · ∇θs′ g1(x, s, s′;θz, θs, θs′).

scArches base models. Conditional variational autoencoders. Variational 
autoencoders (VAEs)68 were shown to learn the underlying complex structure 
of data. VAEs were proposed for generative modeling of the underlying data 
leveraging variational inference and neural networks to maximize the following 
equation:

pθ(X | S) =

∫

pθ(X | Z, S)pθ(Z | S)dZ,

where X is a random variable representing the model’s input, S is a random 
variable indicating various conditions, θ is the neural network parameters, and 
pθ(X | Z, S) is the output distribution that we sample Z to reconstruct X. In the 
following equation, we exploit notations from ref. 29 and a tutorial from ref. 69. We 
approximate the posterior distribution pθ(Z|X, S) using the variational distribution 
qϕ(Z|X, S) that is approximated by a deep neural network parameterized with ϕ:

LCVAE(X, S;ϕ, θ) = log pθ(X | S) − α · DKL(qϕ(Z|X, S)||pθ(Z|X, S)) =

= Eqϕ(Z|X,S)[log pθ(X | Z, S)] − α · DKL(qϕ(Z|X, S)||pθ(Z|S)),

where θ = {θ′, θz, θs} and ϕ = {ϕ′,ϕx,ϕs} are parameters of decoder and 
encoder, respectively, E is the expectation and DKL is the Kullback-Leibler 
divergence scaled by parameter α. On the left-hand side, we have the log likelihood 
of the data and an error term that depends on the capacity of the model. The 
right-hand side of the above equation is also known as the evidence lower bound. 
CVAE70 is an extension of VAE framework in which S ̸= ∅.

scArches trVAE. trVAE30 builds upon VAE68 with an extra regularization to further 
match the distribution between conditions. Following the method proposed by 
Lotfollahi et al.30, we use the representation of the first layer in the decoder, which 

is regularized by maximum mean discrepancy71. For implementation, we use 
multi-scale radial basis function (RBF) kernels defined as

k (x, x′) =

l
∑

i=1
k (x, x′, γi) ,

where k (x, x′, γi) = e−γi|∗x−∗x′|2, γi is a hyperparameter, and l denotes maximum 
number of RBF kernels.

We will parameterize the encoder and decoder part of scArches as fϕ and gθ, 
respectively. So the networks fϕ and gθ will accept inputs x, s and z, s, respectively. 
Let us distinguish the first ( g(1)θz ,θs

) and the remaining layers ( g(2)θ′ ) of the decoder 
network gθ = g(2)θ′ ◦ g(1)θz ,θs

. Therefore, we can define the following maximum mean 
discrepancy (MMD) cost function:

LMMD(X, S;ϕ, θz, θs) =

No. studies
∑

i̸=j
lMMD(g(1)θz ,θs

(fϕ(XS=i , i), i), g(1)θz ,θs
(fϕ(XS=j , j), j)),

where

lMMD(X, X′
) =

1
N2
0

N0
∑

n=1

N0
∑

m=1
k(xn, xm)

+
1
N2
1

N1
∑

n=1

N1
∑

m=1
k(x′n, x′m) − 2

N0N1

N0
∑

n=1

N1
∑

m=0
k(xn, x′m).

We used the notation XS=i for samples drawn from ith study distribution in the 
training data. Finally, the trVAE’s cost function is

LtrVAE(X, S;ϕ, θ) = LCVAE(X, S;ϕ, θ) − β · LMMD(X, S;ϕ, θz, θs),

where β is a regularization scale parameter. The gradients of trVAE’s cost function 
with respect to ϕs and θs are

∇ϕs LtrVAE(X, S;θ,ϕ) = ∇ϕs LCVAE(X, S;θ,ϕ) − β · ∇ϕs LMMD(X, S;ϕ, θz, θs),

∇θs LtrVAE(X, S;θ,ϕ) = ∇θs LCVAE(X, S;θ,ϕ) − β · ∇θs LMMD(X, S;ϕ, θz, θs).

Therefore LtrVAE can be optimized using stochastic gradient ascent with respect 
to ϕs and θs as all the other parameters are frozen.

scArches scVI. Lopez et al.27 developed a fully probabilistic approach, called 
scVI, for normalization and analysis of scRNA-seq data. scVI is also based on 
a CVAE, described in detail above. But, in contrast to the trVAE architecture, 
the decoder assumes a zero-inflated negative binomial (ZINB) distribution; and 
therefore the reconstruction loss differs to the MSE loss of trVAE. Another major 
difference is that scVI explicitly models the library size, which is needed for the 
ZINB loss calculation with another shallow neural network called the library 
encoder. Therefore, with similar notation as above, we have the output distribution 
p(X|Z, S, L), where L is the scaling factor that is sampled by the outputs of the 
library encoder, namely the empirical mean Lμ and the variance Lσ of the log library 
per batch:

L ∼ lognormal(Lμ , L2σ).

When we now separate the outputs of the decoder gθ into gxθ, the decoded mean 
proportion of the expression data, and gdθ, the decoded dropout effects, we can 
write the ZINB mass function for p(X|Z, S, L) in the following closed form:



















































p(X = 0|Z, S, L) =

gdθ(Z, S) + (1 − gdθ(Z, S))
(

Σ
Σ+L·gxθ(Z,S)

)Σ

p(X = Y|Z, S, L) =

(1 − gdθ(Z, S))
Γ(Y+Σ)

Γ(Y+1)Γ(Σ)

(

Σ
Σ+L·gxθ(Z,S)

)Σ (

gxθ(Z,S)
Σ+L·gxθ(Z,S)

)Y
,

where Σ is the gene-specific inverse dispersion, Γ is the gamma function, and Y 
represents non-zero entries drawn from a ZINB distribution. Because the evidence 
lower bound and therefore the optimization objective can be calculated by applying 
the reparameterization trick and supposing Gaussians, which is possible here 
because of the proposed ZINB distribution, we can write the scVI cost function as 
follows:

LscVI(X, S;ϕ, θ) = LCVAE(X, S;ϕ, θ) − α · DKL(qϕ(L|X, S)||pθ(L)).

Furthermore, because of the applied reparameterization trick, an automatic 
differentiation operator can be used, and the cost function can be optimized by 
applying stochastic gradient descent. For the application in scArches, we removed 
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the library encoder and computed the library size for each batch in a closed 
form by summing up the counts. This does not decrease the performance of the 
model and accelerates the surgery step. The resulting network can then be used 
similarly to the trVAE network by simply retraining only the condition weights 
corresponding to the new batch annotations in S.

scArches scANVI. scANVI is a semi-supervised method that builds up on the 
scVI model and was proposed in detail by Xu et al.31. By constructing a mixture 
model, it is able to make use of any cell type annotations during autoencoder 
training to improve latent representation of the data. In addition to this, scANVI 
is capable of labeling datasets with only some marker gene labels as well as 
transferring labels from a labeled dataset to an unlabeled dataset. For the training 
of scANVI, the authors proposed an alternating optimization of the cost function 
LscANVI(X, S;ϕ, θ) and the classification loss C, which results from a shallow neural 
network that serves as a classifier with a cross-entropy loss after the last softmax 
layer. In more detail, the cost function can be formulated in the following manner:

LscANVI(X, S;ϕ, θ) = Llabeled(X, S, C;ϕ, θ) + Lunlabeled(X, S;ϕ, θ),

where C is the cell types in the annotated datasets, and both cost function 
summands Llabeled and Lunlabeled are obtained by similar calculations as in the case of 
scVI. The major difference here, however, is that the Kullback–Leibler divergence 
is applied to an additional latent encoder that takes cell type annotations into 
account. For the unlabeled case, each sample is broadcasted into every available 
cell type. As scANVI builds up on scVI, we use the same adjustments here to apply 
surgery. On top of that, we also freeze the classifier even for semi-supervised query 
data, because we want an unchanging reference performance for building a cell 
atlas and also to force cells in the query data with the same cell type annotation to 
be near to the corresponding reference cells in the latent representation.

scArches totalVI. For the purpose of combining paired measurement of RNA 
and surface proteins from the same cells, such as for CITE-seq data, Gayoso 
et al.32 presented a deep generative model called totalVI. totalVI learns a joint 
low-dimensional probabilistic representation of RNA and protein measurements. 
For the RNA portion of the data, totalVI uses an architecture similar to that 
of scVI, which we discussed in detail above; but, for proteins, a new model is 
introduced that separates protein information into background and foreground 
components. With the surgery functionality of scArches added to totalVI, it is 
now possible to learn a joint latent space of RNA and protein data on a CITE-seq 
reference dataset and do surgery on a query dataset with only RNA data to impute 
protein data for that query dataset as well. To accomplish this goal, we again only 
retrain the weights that correspond to the new batch labels.

CVAEs for single-cell genomics. CVAEs were first applied to scRNA-seq data in 
scVI29 for data integration and differential testing. Here we focus on how CVAEs 
perform data integration and potential pitfalls. These models receive a matrix of 
gene expression profile for cells (X) and label (condition) matrix (S). The condition 
matrix comprises a nuisance variable, which we want to regress out from the data. 
Labels can encode batch, technologies, disease state or other discrete variables. 
The CVAE model seeks to infer a low-dimensional latent space (Z) for the cell that 
would be free of variations explained by the label variable. For example, if the labels 
are the experimental batches, then similar cell type separated by batch effect in 
the original gene expression space will be aligned together. Importantly, variation 
attributed to the labels will be merely regressed in the latent space while still present 
in the output of the CVAE. Therefore, the reconstructed output will still contain 
batch effects. Additionally, while autoencoder-based data-integration methods were 
shown to perform best when outputting integrated embeddings, these methods can 
also output corrected expression matrices. This is achieved by forcing all batches to 
be transformed to a specific batch as previously shown in scGen.

scArches builds upon existing CVAEs. The results of the integration heavily 
depend on the type of labels used as batch covariates for condition inputs. If the 
dataset is the batch covariate, within-dataset donor effects will not be removed, 
but donors become more comparable across datasets. In our COVID-19 example, 
the disease is used as a query and thus is not captured fully in the encoder, which 
is trained on data from healthy individuals. Adaptor training removes the donor- 
and/or dataset-specific batch effect from a disease sample but does not remove 
variation unseen in network training. Thus, choice of training data and choice of 
batch covariate are crucial to assess whether variation from disease is removed in 
training or not.

Overall, the choice and design of the label matrix is a crucial step for optimal 
outcome. The label matrix can encode one covariate (for example, batch), 
multiple covariates (for example, technology, cell types, disease, species,…) or a 
combination of covariates (for example, technology and species). However, the 
interpretability of the latent space will be challenging in the presence of complex 
label design and will require extra caution.

Model sharing. We currently support an application programming interface to 
upload and download model weights and data (if available) using Zenodo. Zenodo 
is a general-purpose open-access repository developed to enable researchers to 
share datasets and software. We have provided step-by-step guides for the whole 

pipeline from training and uploading models to downloading, updating and 
further sharing models. These tutorials can be found in the scArches GitHub 
repository (https://github.com/theislab/scarches).

Feature overlap between reference and query. An important practical challenge 
for reference mapping using scArches is the number of features (genes) that are 
shared between the query and the reference model and/or dataset. It is important 
to note that, with the current pipeline, the query data must have the same gene set 
as the reference model. Therefore, the user has to replace missing reference genes 
in the query with zeros. We investigated the effect of zero filling and observed 
that integration performance was robust when 10% (of 2,000 genes) were missing 
from query data. However, the performance will deteriorate with larger differences 
between query and reference (Supplementary Fig. 28a). We further observed good 
integration with 4,000 HVGs, even when 25% of genes were missing from the 
query data, conveying that the model would be robust if the overall number of 
shared genes is large (for example, 4,000 HVGs, Supplementary Fig. 28b).

Evaluation metrics. Evaluation metrics and their definitions in the current paper 
were taken from work by Luecken et al.7, unless specifically stated otherwise.

Entropy of batch mixing. This metric43 works by constructing a fix similarity matrix 
for cells. The entropy of mixing in a region of cells with c batches is defined as

E =

c
∑

i=1
pi logc(pi),

where pi is defined below as

pi =
no. cells with batch i in the region

no. cells in the region
.

Next, we define U, a uniform random variable on the cell population. Let BU 
be the frequencies of 15 nearest neighbors for the cell U in batch x. We report the 
entropy of this variable and then average across T = 100 measurements of U. To 
normalize the entropy of the batch mixing score between 0 and 1, we set the base of 
the logarithm to the number of batches c.

Average silhouette width. Silhouette width measures the relationship between 
within-cluster distances of a cell and between-cluster distances of that cell to 
the closest cluster. In general, an ASW score of 1 implies clusters that are well 
separated, an ASW score of 0 implies overlapping clusters, and an ASW score of 
−1 implies strong misclassification. When we use the ASW score as a measure of 
biological variance, we calculate it on cell types in the following manner:

ASWc =
ASW + 1

2
,

where the final score is already scaled between 0 and 1. Therefore larger values 
correspond to denser clusters. In contrast to the ASWc score, we also calculate 
an ASW score on batches within cell clusters to obtain a measure for batch-effect 
removal. In this case, we again scale but also invert the ASW score to have a 
consistent metric comparison:

ASWb = 1 − abs(ASW).

A higher final score here implies better mixing and therefore a better 
batch-removal effect.

Normalized mutual information. We use NMI to compare the overlap of two 
different cell type clusterings. In detail, we computed a Louvain clustering on the 
latent representation of the data and compared it to the latent representation itself 
in a cell type-wise manner. To obtain scores between 0 and 1, the overlap was 
scaled using the mean of entropy terms for cell type and cluster labels. Therefore an 
NMI score of 1 corresponds to a perfect match and good conservation of biological 
variance, whereas an NMI score of 0 corresponds to uncorrelated clustering.

Adjusted Rand index. This metric considers correct clustering overlaps as well as 
counting correct disagreements between two clusterings. Again, similar to NMI, 
cell type labels in the integrated dataset are compared with Louvain clustering. The 
adjusted Rand index score is normalized between 0 and 1, where 1 corresponds to 
good conservation of biological variance and 0 corresponds to random labeling.

Principal-component regression. In contrast to principal-component analysis (PCA), 
we calculate a linear regression R with respect to the batch label onto each principal 
component. The total variance (Var) explained by the batch variable can then be 
formulated as follows:

Var(X|B) =

N
∑

i=1
Var(X|PCi) · R2

(PCi|B),
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where X is the data matrix, B is the batch label, and N is the number of principal 
components (PC).

Graph connectivity. For this metric, we calculate a subset kNN graph G(Nc, Ec) for 
each cell type label c, such that each subset only contains cells from the given label. 
The total graph connectivity score can then be calculated as follows:

gc = 1
|C|

∑

c∈C

|LCC(G(Nc, Ec))|
|Nc|

,

where C is the set of cell type labels, |LCC()| is the number of nodes in the largest 
connected component of the graph, and |Nc| is the number of nodes with the given 
cell type label. This means that we check if the graph representation of the latent 
representation connects all cells with the same cell type label. Therefore, a score 
of 1 would imply that all cells with the same cell type label are connected, which 
would further indicate good batch mixing. A graph in which no cells are connected 
would result in a score of 0.

Isolated label F1. We defined isolated labels as cell type labels that are present in 
the least number of batches. If there are multiple isolated labels, we simply take 
the mean of each score. To determine how well those cell types are separated from 
other cell types in the latent representation, we first determine the cluster with 
the largest number of an isolated label. Subsequently, an F1 score of the isolated 
label against all other labels within that cluster is computed, where the F1 score is 
defined as follows:

F1 = 2 precision · recall
precision + recall

.

This results in a score between 0 and 1 once again, where 1 implies that all cells 
with the isolated label are captured in the cluster.

Isolated label silhouette. For this metric, we use ASWc, defined above, but only on 
the isolated label subset of the latent representation. Scaling and meaning of the 
score are the same as described for ASW. If there are multiple isolated labels, we 
average over each score similar to the isolated labeled F1 score.

kNN accuracy. We first compute the 15 nearest neighbors of each cell in the data. 
We then compute the ratio of the correct cell type annotations inside those 15 
neighbors. This cell-wise score is then averaged over all cell types separately and 
then averaged over all remaining scores again to obtain a single kNN-accuracy 
score between 0 and 1. A higher kNN-accuracy score corresponds to better 
preservation of local cell type purity. This metric was inspired by a similar metric 
used in scANVI.

Visualization of integration scores. To compare performances of different 
models, we designed an overview table (inspired by Saelens et al.72) that displays 
individual integration scores as circles and aggregated scores as bars. Each 
individual score is minimum–maximum scaled to improve visual comparison 
of different models and then averaged into aggregated scores by category (batch 
correction and biological conservation). Finally, an overall score is calculated as 
a weighted sum of batch correction and bio-conservation, considering a ratio of 
40:60, respectively. When shown, reference and query times are not considered 
in the calculation of aggregated scores. Moreover, these time values are scaled 
together to allow direct comparison. The overall ranking of each model, for each 
score, is represented by the color scheme.

Datasets. All cell type labels and metadata were obtained from original 
publications unless specifically stated otherwise below.

Brain data. The mouse brain dataset is a collection of four publicly available 
scRNA-seq mouse brain studies1,33–35, for which additional information on cerebral 
regions was provided. We obtained the raw count matrix from Rosenberg et al.34 
under GEO accession ID GSE110823, the annotated count matrix from Zeisel 
et al.35 from http://mousebrain.org (file name L5_all.loom, downloaded on 9 
September 2019) and count matrices per cell type from Saunders et al.33 from 
http://dropviz.org (DGE by region section, downloaded on 30 August 2019). Data 
from mouse brain tissue sorted by flow cytometry (myeloid and non-myeloid cells, 
including the annotation file annotations_FACS.CSV) from TM were obtained 
from https://figshare.com (retrieved 14 February 2019). We harmonized cluster 
labels via fuzzy string matching and attempted to preserve the original annotation 
as far as possible. Specifically, we annotated ten major cell types (neuron, astrocyte, 
oligodendrocyte, oligodendrocyte precursor cell, endothelial cell, brain pericyte, 
ependymal cell, olfactory ensheathing cell, macrophage and microglia). In the 
case of Saunders et al.33, we facilitated the additional annotation data table for 585 
reported cell types (annotation.BrainCellAtlasSaundersversion2018.04.01.TXT 
retrieved from http://dropviz.org on 30 August 2019. Among these, some cell types 
were annotated as ‘endothelial tip’, ‘endothelial stalk’ and ‘mural’. We examined 
the subset of the Saunders et al.33 dataset as follows: we used Louvain clustering 

(default resolution parameter, 1.0) to cluster, followed by gene expression profiling 
via the rankgenesgroups function in scanpy. Using marker gene expression, we 
assigned microglia (C1qa), oligodendrocytes (Plp1), astrocytes (Gfap, Clu) and 
endothelial cells (Flt1) to the subset. Finally, we applied scran73 normalization 
and log (counts + 1) to transform count matrices. In total, the dataset consists of 
978,734 cells.

Pancreas. Five publicly available pancreatic islet datasets74–78, with a total of 15,681 
cells in raw count matrix format were obtained from the Scanorama42 dataset, 
which has already assigned its cell types using batch-corrected gene expression by 
Scanorama. The Scanorama dataset was downloaded from http://scanorama.csail.
mit.edu/data.tar.gz. In the preprocessing step, raw count datasets were normalized 
and log transformed by scanpy preprocessing methods. Preprocessed data were 
used directly for the pipeline of scArches. One thousand HVGs were selected for 
training the model.

The human cell landscape. The HCL dataset was obtained from https://figshare.
com/articles/HCL_DGE_Data/7235471. Raw count matrix data for all tissues were 
aggregated. A total of 277,909 cells were selected and processed using the scanpy 
Python package. Data were normalized using size factor normalization such that 
every cell had 10,000 counts and then log transformed. Finally, 5,000 HVGs were 
selected as per their average expression and dispersion. We used processed data 
directly for training scArches at the pre-training phase.

The mouse cell atlas. The mouse cell atlas dataset was obtained from https://
figshare.com/articles/HCL_DGE_Data/7235471. Raw count matrix data for 
all tissues were aggregated together. A total of 150,126 cells were selected and 
processed using the scanpy Python package. Homologous genes were selected 
using BioMart 100 before merging with HCL data. Data were normalized together 
with HCL as explained before.

Immune data. The immune dataset consists of ten human samples from two 
different tissues: bone marrow and peripheral blood. Data from bone marrow 
samples were retrieved from Oetjen et al.36, while data from peripheral blood 
samples were obtained from 10x Genomics (https://support.10xgenomics.com/
single-cell-gene-expression/datasets/3.0.0/pbmc_10k_v3), Freytag et al.37, Sun 
et al.38 and Villani et al.79. Details on the retrieval location of datasets, the different 
protocols used and ways in which samples were chosen for analysis can be found 
in Luecken et al.7. We performed quality control separately for each sample but 
adopted a common strategy for normalization: all samples for which count data 
were available were individually normalized by scran pooling73. This excludes data 
from Villani et al.79, which included only TPM values. All datasets were log+1 
transformed in scanpy80. Cell type labels were harmonized starting from  
existing annotations (Oetjen et al.36) to create a consistent set of cell identities. 
Well-known markers of cell types were collected and used to extend annotation 
to samples for which they were not previously available. When necessary, 
subclustering was performed to derive more precise labeling. Finally, cell 
populations were removed if no label could be assigned. Four thousand HVGs  
were selected for training.

Endocrine pancreas. The raw dataset of pancreatic endocrinogenesis (n = 22,163)45 
is available at the GEO under accession number GSE132188. We considered a 
subset of 2,000 HVGs for training. Cell type labels were obtained from an adata 
object provided by the authors of scVelo46.

CITE-seq. We obtained three publicly available datasets from 10x Genomics, 
already curated and preprocessed as described in the totalVI study32. These data 
include ‘10k PBMCs from a Healthy Donor—Gene Expression and Cell Surface 
Protein’ (PBMC, 10k (CITE-seq)81), ‘5k PBMCs from a healthy donor with cell 
surface proteins (v3 chemistry)’ (PBMC, 5k (CITE-seq)82) and ‘10k PBMCs from 
a Healthy Donor (v3 chemistry)’ (PBMC, 10k (RNA-seq)57,83,84). Reference data 
included 14 proteins, and 4,000 HVGs were selected for training.

COVID-19. The COVID-19 dataset along with its metadata was downloaded 
from https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE1459261 and 
https://github.com/zhangzlab/covid_balf. The dataset that was used in this paper 
includes n = 62,469 cells. Data from lungs52–54, PBMCs37–39 and bone marrow36 were 
later merged with those from COVID-19 samples. Data were normalized using 
scanpy, and 2,000 HVGs were selected for training the model. Cell type labels were 
obtained from the original study.

Tabula Muris Senis. The TM Senis dataset with GEO accession number GSE132042 
is publicly available at https://figshare.com/projects/Tabula_Muris_Senis/64982. 
The dataset contains 356,213 cells with cell type, tissue and method annotation. We 
normalized the data using size factor normalization with 10,000 counts for each 
cell. Next, we log+1 transformed the dataset and selected 5,000 HVGs according 
to their average expression and dispersion. All preprocessing steps were carried 
out using the scanpy Python package. In this study, we used a combination of 
sequencing technology and time point as batch covariates.

NATuRe BIOTechNOLOGY | www.nature.com/naturebiotechnology



AnAlysis NAtUre BIOteCHNOLOgY

Protein imputation. For scArches totalVI, missing proteins for RNA-seq-only data 
were imputed by conditioning query cells as being in the other batches in the 
reference with protein data. It is possible to impute based on a specific batch or 
average across all batches. In the example in the paper, the average version was used.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
All datasets used in the paper are public, referenced and downloadable at https://
github.com/theislab/scarches-reproducibility.

code availability
Software is available at https://github.com/theislab/scarches. The code to reproduce 
the results is available at https://github.com/theislab/scarches-reproducibility.
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Benchmarks. Full integration methods. We ran PCA with 20 principal components 
on the final results from Seurat, Scanorama and mnnCorrect to be comparable 
(similar approach as described in ref. 31) when computing metrics to deep learning 
models, which had a latent representation of size 10–20.
•	 Harmony: we used the Harmony Matrix function from the Harmony package. 

We provided the function with a PCA matrix with 20 principal components 
on the gene expression matrix.

•	 Scanorama: we used the correct_scanpy function from the Scanorama package 
with default parameters.

•	 Seurat: we applied Seurat as in the walkthrough (https://satijalab.org/seurat/
v3.1/integration.html) with default parameters.

•	 Liger: we used the Liger method as in the walkthrough (https://github.com/
welch-lab/liger/blob/master/vignettes/walkthrough_pbmc.pdf). We used 
k = 20, λ = 5 and resolution = 0.4 with other default parameters. We only scaled 
data as we had already preprocessed data.

•	 Conos: we followed the Conos tutorial at https://htmlpreview.github.
io/?https://raw.githubusercontent.com/kharchenkolab/conos/master/doc/
walkthrough.html. Unlike the tutorial, we used our own preprocessed data 
for better comparisons. We used PCA space with parameters k = 30, k.self = 5, 
ncomps = 30, matching.method = ’mNN’ and metric = ’angular’ to build the 
graph. We set the resolution to 1 to find communities. Finally, we saved the 
corrected pseudo-PCA space with 20 components.

•	 mnnCorrect: we used the mnnCorrect function from the scran package with 
default parameters.

Cell type-classification methods. 
•	 Seurat: we followed the walkthrough (https://satijalab.org/seurat/v3.1/integra-

tion.html) and used reciprocal PCA for dimension reduction. As described in 
the original publication48, we examined projection scores and assigned cells 
with the lowest 20% of values to be ‘unknown’.

•	 SVM: we fitted an SVM model from the scikit-learn library to the reference 
data and classified query cells. We assigned cells with uncertainty probability 
greater than 0.7 as ‘unknown’.

•	 Logistic regression: we fitted logistic regression from the scikit-learn library to 
the reference data and predicted query labels.

All these methods were tested on a machine with one eight-core Intel 
i7-9700KQ CPU addressing 32 GB RAM and one Nvidia GTX 1080 ti (12 GB) 
addressing 12 GB VRAM.

Model output. Throughout this paper, all low-dimensional representations were 
obtained using the latent space of scArches models. The output of scArches 
models will be confounded with condition variables not fit for data-integration 
applications but best for imputation or denoising scenarios.

Cell type annotation. To classify labels for the query dataset, we trained a weighted 
kNN classifier on the latent-space representation of the reference dataset. For each 
query cell c, we extracted its kNNs (Nc). We computed the standard deviation of 
the nearest distances:

s.d.c,Nc =

√

∑

n∈Nc
(dist(c, n))2

k ,

where dist(c, n) is the Euclidean distance of the query cell c and its neighbors n in 
the latent space. Next, we applied the Gaussian kernel to distances using

Dc,n,Nc = e
−

dist(c,n)
(2/s.d.c,Nc )

2 .

Next, we computed the probability of assigning each label y to the query cell c 
by normalizing across all adjusted distances using

p(Y = y|X = c, Nc) =

∑

i∈Nc
I(y(i) = y) · Dc,ni ,Nc
∑

j∈Nc
Dc,nj ,Nc

,

where y(i) is the label of ith nearest neighbor and I is the indicator function. Finally, 
we calculated the uncertainty u for each cell c in the query dataset using its set of 
closest neighbors in the reference dataset (Nc). We defined the uncertainty uc,y,Nc for 
a query cell c with label y and Nc as its set of nearest neighbors as

uc,y,Nc = 1 − p(Y = y|X = c, Nc).

We reported cells with more than 50% uncertainty as unknown to detect 
out-of-distribution cells with new labels, which do not exist in the training data. 
Therefore, we labeled each cell c in the query dataset as follows:

ŷ′c = argminy uc,y,Nc

ŷc =
{ ŷ′c if uc,ŷ′c ,Nc

≤0.5

unknown o.w.

}
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Abstract12

Accurately modeling cellular response to perturbations is a central goal of computational biology.13

While such modeling has been proposed based on statistical, mechanistic and machine learning14

models in specific settings, no generalization of predictions to phenomena absent from training data15

(out-of-sample) has yet been demonstrated. Here, we present scGen, a model combining variational16

autoencoders and latent space vector arithmetics for high-dimensional single-cell gene expression17

data. In benchmarks across a broad range of examples, we show that scGen accurately models dose18

and infection response of cells across cell types, studies and species. In particular, we demonstrate19

that scGen learns cell type and species specific response implying that it captures features that20

distinguish responding from non-responding genes and cells. With the upcoming availability of large-21

scale atlases of organs in healthy state, we envision scGen to become a tool for experimental design22

through in silico screening of perturbation response in the context of disease and drug treatment.23

Introduction24

Single-cell transcriptomics has become an established tool for unbiased profiling of complex and25

heterogeneous systems [1, 2]. The generated datasets are typically used for explaining phenotypes26

through cellular composition and dynamics. Of particular interest are the dynamics of single cells27

in response to perturbations, be it to dose [3], treatment [4, 5] or knockout of genes [6–8]. Although28

advances in single-cell differential expression analysis [9, 10] have enabled the identification of genes29

associated with a perturbation, generative modeling of perturbation response takes a step further in30

that it enables the generation of data in silico. The ability to generate data that cover phenomena31

not seen during training is particularly challenging and referred to as out-of-sample prediction.32

While dynamic mechanistic models have been suggested for predicting low-dimensional quantities33

that characterize cellular response [11, 12], such as a scalar measure of proliferation, they face34

fundamental problems. These models cannot easily be formulated in a data-driven way and require35

temporal resolution of the experimental data. Due to the typically small number of time points36

available, parameters are often hard to identify. Resorting to linear statistical models for modeling37

perturbation response [6, 8], by contrast, leads to low predictive power for the complicated nonlinear38

effects that single-cell data display. In contrast, neural network models do not face these limits.39

Recently, such models have been suggested for the analysis of single-cell RNA-seq data [13–17]. In40

particular, generative adversarial networks (GANs) have been proposed for simulating single cell41

differentiation through so-called latent space interpolation [16]. While providing an interesting al-42

ternative to established pseudotemporal ordering algorithms [18], this analysis does not demonstrate43

the capability of GANs for out-of-sample prediction. The use of GANs for the harder task of out-of-44

sample prediction is hindered by fundamental difficulties: (1) GANs are hard to train for structured45

high-dimensional data, leading to high-variance predictions with large errors in extrapolation, and46
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Figure 1 | scGen, a method to predict single-cell perturbation response. Given a set of observed
cell types in control and stimulation, we aim to predict the perturbation response of a new cell type A (blue)
by training a model that learns to generalize the response of the cells in the training set. Within scGen,
the model is a variational autoencoder, and the predictions are obtained using vector arithmetics in the
autoencoder’s latent space. Specifically, we project gene expression measurements into a latent space using
an encoder network and obtain a vector δ that represents the difference between perturbed and unperturbed
cells from the training set in latent space. Using δ, unperturbed cells of type A are linearly extrapolated
in latent space. The decoder network then maps the linear latent space predictions to highly nonlinear
predictions in gene expression space.

(2) GANs do not allow for the direct mapping of a gene expression vector x on a latent space vector47

z, making it difficult or impossible to generate a cell with a set of desired properties. In addition,48

for structured data, GANs have not yet shown advantages over the simpler variational autoencoders49

(VAE) [19] (Supplemental Note 1.1).50

To overcome the problems inherent to GANs, we built scGen, which is based on a VAE combined51

with vector arithmetics, with an architecture adapted for single-cell RNA-seq data. For the first time,52

scGen enables predictions of dose and infection response of cells for phenomena absent from training53

data across cell types, studies, and species. In a broad benchmark, it outperforms other potential54

modeling approaches, such as linear methods, conditional variational autoencoders (CVAE) [20] and55

style-transfer GANs. The benchmark of several generative neural network models should present a56

valuable resource for the community showing opportunities and limitations for such models when57

applied to scRNA-seq data. scGen is based on Tensorflow [21] and on the single-cell analysis toolkit58

Scanpy [22].59

Results60

scGen accurately predicts single-cell perturbation response out-of-sample61

High-dimensional scRNA-seq data is typically assumed to be well parametrized by a low-dimensional62

manifold arising from the constraints of the underlying gene regulatory networks. Current algorithms63

mostly focus on characterizing the manifold using graph-based techniques [25, 26] in the space64

spanned by a few principal components. More recently, the manifold has been modeled using neural65

networks [13–17]. As in other application fields [27, 28], in the latent spaces of these models, the66

manifolds display astonishingly simple properties, such as approximately linear axes of variation for67

latent variables explaining a major part of the variability in the data. Hence, linear extrapolations68

of the low-dimensional manifold could in principle capture variability related to perturbation and69

other covariates (Supplemental Note 1.2, Supplemental Figure 1).70

Let every cell i with expression profile xi be characterized by a variable pi, which represents a71

discrete attribute across the whole manifold, such as perturbation, species, or batch. To start with,72

we assume only two conditions 0 (unperturbed) and 1 (perturbed). Let us further consider the73
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Figure 2 | scGen accurately predicts single-cell perturbation response out-of-sample. (a) UMAP
visualization [23] of the distributions of condition, cell type, and data split for the prediction of IFN-β
stimulated CD4-T cells from PBMCs from Kang et al. [3] (n=18,868). (b)Mean gene expression of 6,998 genes
between scGen predicted and real stimulated CD4-T cells together with top five upregulated differentially
expressed genes. (c) Comparison of R2 values for mean gene expression between real and predicted cells for
the seven different cell types of the study. (d) Distribution of ISG15 : the top uniform marker (response)
gene to IFN-β [24] between control, predicted and real stimulated cells of scGen when compared with other
potential prediction models. (e) Similar comparison of R2 values to predict unseen CD4-T stimulated cells.
(f) Dot plot for comparing control, real, and predicted stimulation when predicting on seven cell types from
Kang et al.

conditional distribution P (xi|zi, pi), which assumes that each cell xi comes from a low-dimensional74

representation zi in condition pi. We use a VAE to model P (xi|zi, pi) in its dependence on zi and75

vector arithmetics in the VAE’s latent space to model the dependence on pi (Figure 1).76

Equipped with this, consider a typical extrapolation problem. Assume cell type A exists in the train-77

ing data only in the unperturbed (p = 0) condition. From that, we predict the latent representation78

of perturbed cells (p = 1) of cell type A using ẑi,A,p=1 = zi,A,p=0 + δ, where zi,A,p=0 and ẑi,A,p=179

denote the latent representation of cells with cell type A in conditions p = 0 and p = 1, respectively,80

and δ is the difference vector of means between cells in the training set in condition 0 and 1 (Sup-81

plemental Note 1.3). From the latent space, scGen maps predicted cells to high-dimensional gene82

expression space using the generator network estimated while training the VAE.83

To demonstrate the performance of scGen, we apply it to published human peripheral blood mononu-84

clear cells (PBMCs) stimulated with interferon (IFN-β) [3] (Supplemental Note 2). As a first test,85

we study the predictions for stimulated CD4-T cells that are held out during training (Figure 2a).86

Comparing with the real data, scGen’s prediction of mean expression correlates well with the ground-87

truth across all genes (Figure 2b), in particular, those strongly responding to IFN-β and hence most88
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Figure 3 | scGen models infection response in two datasets of intestinal epithelial cells. (a-b)
Prediction of early transit-amplifying (TA.early) cells from two different small intestine datasets from Haber
et al. [4] infected with Salmonella (n=5,010) and helminth Heligmosomoides polygyrus (H.poly) (n=5,951)
after 2 and 10 days, respectively. The mean gene expression of 7,000 genes between infected and predicted
cells for different cell types shows how scGen transforms control to predicted perturbed cells in a way that
the expression of the top five upregulated and downregulated differentially expressed genes are similar to real
infected cells. (c-d) Comparison of R2 values for mean gene expression between real and predicted cells for
all the cell types in two different datasets illustrates that scGen performs well for all cell types in different
scenarios.

differentially expressed (labeled genes in Figure 2b and inset “top 100 DEGs”). To evaluate gener-89

ality, we trained six other models holding out each of the six major cell types present in the study.90

Figure 2c shows that our model accurately predicts all other cell types (average R2 = 0.948 and91

R2 = 0.936 for all and top 100 differentially expressed genes (DEGs), respectively). Moreover, the92

distribution of the strongest regulated IFN-β response gene ISG15 as predicted by scGen not only93

provides a good estimate for the mean but well predicts the full distribution (Figure 2d, all genes in94

Supplemental Figure 2a).95

scGen outperforms alternative modeling approaches96

Aside from scGen, we studied further natural candidates for modeling a conditional distribution that97

is able to capture perturbation response. We benchmark scGen against four of these candidates,98

including two generative neural networks and two linear models. The first of these models is the99

conditional variational autoencoder (CVAE) (Supplemental Note 3, Supplemental Figure 3a, [20]),100

which has recently been adapted to preprocessing, batch-correcting and differential testing of single-101

cell data [13]. However, it has not been shown to be a viable approach for out-of-sample predictions,102

even though, formally, it readily admits the generation of samples from different conditions. The103

second class of models are style transfer GAN (Supplemental Note 4, Supplemental Figure 3b), which104

are commonly used for unsupervised image-to-image translation [29, 30]. In our implementation,105
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such a model is directly trained for the task of transferring cells from one condition to another. The106

adversarial training is highly flexible and does not require an assumption of linearity in a latent107

space. In contrast to other propositions for mapping biological manifolds using GANs [31], style108

transfer GANs are able to handle unpaired data, a necessity for their applicability to scRNA-seq109

data. We also tested ordinary GANs combined with vector arithmetics similar to Ghahramani110

et al. [16]. However, for the fundamental problems outlined above, we were not able to produce111

any meaningful out-of-sample predictions using this setup. In addition to the nonlinear generative112

models, we tested simpler linear approaches based on vector arithmetics in gene expression space113

and the latent space of principal component analyses (PCA). Applying the competing models to the114

PBMC dataset, we observe that all other models fail to predict the distribution of ISG15 (all genes115

in Supplemental Figure 2), in stark contrast to scGen’s performance (Figure 2d). The predictions116

from the CVAE and the style transfer GAN are less accurate compared to scGen’s predictions and117

linear models even yield incorrect negative values (Figure 2e, Supplemental Figure 2, Supplemental118

Note 5).119

A likely reason for why CVAE fails to provide more accurate out-of-sample predictions, is that120

it disentangles perturbation information from its latent space representation z in the bottleneck121

layer. Hence, the layer does not capture non-trivial patterns linking perturbation to cell type. A122

likely reason for that the style transfer GAN is incapable for achieving the task is its attempt to123

match two high-dimensional distributions, with much more complex models involved than in the124

case of scGen, which are notoriously more difficult to train. Some of these arguments can be better125

understood when inspecting the latent space distribution embeddings of the generative models.126

As the CVAE completely strips off all perturbation-variation, its latent space embedding does not127

allow to distinguish perturbed from unperturbed cells (Supplemental Figure 4a). In contrast to128

CVAE representations, the scGen (VAE) latent space representation captures both information for129

condition and cell type (Supplemental Figure 4c), reflecting that non-trivial patterns across condition130

and cell type variability are stored in the bottleneck layer. Hyperparameters (Supplemental Note131

6) and architectures are reported in Supplemental Tables 1 (scGen), 2 (style transfer GAN), and 3132

(CVAE).133

scGen predicts both response shared among cell types and cell type-specific response134

Depending on shared or individual receptors, signaling pathways, and regulatory networks, the135

perturbation response of a group of cells may result in expression-level changes that are shared136

across all cell types or unique to only some. Predicting both types of responses is essential for137

understanding mechanisms involved in disease progression as well as adequate drug dose predictions138

[32, 33]. scGen is able to capture both types of responses after stimulation by IFN-β when any of139

the cell types in the data is held out during training and subsequently predicted (Figure 2f). For140

this, we use previously reported marker genes [24] of three different kinds: cell type-specific markers141

independent of the perturbation such as CD79A for B cells, perturbation-response specific genes142

like ISG15, IFI6, IFIT1 expressed in all cell types, and genes of cell type specific responses to the143

perturbation such as APOBEC3A for DC cells. Across the seven different held out perturbed cell144

types present in the data of Kang et al., scGen consistently makes good predictions not only of145

unperturbed and shared perturbation effects but also for cell type specific ones. These findings not146

only hold for these few selected marker genes, but for the top 10 most cell-type specific responding147

genes and to the top 500 DEGs between stimulated and control cells (Supplemental Figure 5 a-148

b). The linear model, by contrast, fails capturing cell type-specific differential expression patterns149

(Supplemental Figure 5 c-d).150

scGen robustly predicts response of intestinal epithelial cells to infection151

We evaluate scGen’s predictive performance for two datasets from Haber et al. [4] (Supplemental152

Note 2) using the same network architecture as for the data of Kang et al.. These datasets con-153

sist of intestinal epithelial cells after Salmonella or Heligmosomoides polygyrus (H.poly) infections,154

respectively. scGen shows good performance for early transit-amplifying (TA.early) cells after in-155
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Figure 4 | scGen accurately predicts single-cell perturbation across different studies. (a) scGen
can be used to translate the effect of stimulation trained in study A to how stimulated cells in study B would
look, given a control sample set. (b) Cell types for control and predicted stimulated cells for study B (Zheng
et al. [34]) in two conditions where ISG15, the top IFN-β response gene, is only expressed in stimulated cells.
(c) Average expression between: control and stimulated F-Mono cells from study A (upper left), control from
study B and stimulated cells from study A (upper right), and control from study B and predicted stimulated
cells for study B (lower right). Red points denote top five differentially expressed genes for F-Mono cells after
stimulation in study A. (d) Comparison of R2 values highlighted in panel c for F-Mono and all other cell
types.

fection with H.poly and Salmonella (Figure 3a,b), predicting each condition with high precision156

(R2
all genes = 0.98 and R2

all genes = 0.98, respectively). Figure 3c,d depicts similar analyses for both157

datasets and all occurring cell types — as before, the predicted ones being held out during training158

— indicating that scGen’s prediction accuracy is robust across most cell types. Again, we show159

that these results generalize to the top 10 most cell-type specific responding genes out of 500 DEGs160

(Supplemental Figure 6).161

To understand when scGen starts to fail at making meaningful predictions, we trained it on the162

PBMC data of Kang et al., but now with more than one cell type held out. This study shows that163

scGen’s predictions are robust when holding out several dissimilar cell types (Supplemental Figure164

7a-b) but start failing when training on data that only contains information about the response of165

one highly dissimilar cell type (see CD4-T predictions in Supplemental Figure 7c).166

Finally, similar to what has been shown by [16] for differentiation of epidermal cells, we cannot only167

generate fully responding cell populations, but also intermediary cell states between two conditions.168

Here, we do so for the IFN-β stimulation and the Salmonella infection (Supplemental Note 8,169

Supplemental Figure 8).170

scGen enables cross-study predictions171

In order to be applicable to broad cell atlases such as the Human Cell Atlas [35], scGen needs to be172

robust against batch effects and generalize across different studies. For this, we consider a scenario173

with two studies: study A, where cells have been observed in two biological conditions, e.g., control174

and stimulation, and study B with the same setting as study A but only in the control condition.175

6



a

c

b

number  of species 
sharing the response 4 3 2 1 percentage of  

cells expressing

predict response 

to LPS in rat

+LPS
phagocytes

▲

▲

▲

▲

𝛅LPS

𝛅species

expression  
level

Figure 5 | scGen predicts perturbation response across different species. (a) Prediction of unseen
rat LPS phagocytes, on control and stimulated scRNA-seq from mouse, rabbit, and pig by Hagai et al. [5]
(n=77,642). (b) Mean gene expression of 6,619 one-to-one orthologs between species for predicted LPS rat
cells plotted against real LPS, whereas highlighted points represent top five differentially expressed genes after
LPS stimulation in the real data. (c) Dot plot of top 10 differentially expressed genes after LPS stimulation
in each species, with numbers indicating how many species have those responsive genes among their top 10
differentially expressed genes.

By jointly encoding the two datasets, scGen provides a model for predicting the perturbation for176

study B (Figure 4a) by estimating the study effect as the linear perturbation in the latent space. To177

demonstrate this, we use as study A the PBMC dataset from Kang et al. and as study B another178

PBMC study consisting of 2,623 cells that are available only in the control condition (Zheng et179

al. [34]). After training the model on data from study A, we use the trained model to predict how180

the PBMCs in study B would respond to stimulation with IFN-β.181

As a first sanity check, we show that ISG15 is also expressed in the prediction of stimulated cells182

based on the Zheng et al. (Figure 4b). This observation holds for all other differential genes183

associated with the stimulation, which we show for FCGR3A+-Monocytes (F-Mono) (Figure 4c):184

The predicted stimulated F-Mono cells correlate more strongly with the control cells in their study185

than with stimulated cells from study A while still expressing differentially expressed genes known186

from study A. Similarly, predictions for other cell types yield a higher correlation than the direct187

comparison with study A (Figure 4d).188

scGen predicts single-cell perturbation across species189

In addition to learning the variation between two conditions, e.g. health and disease for a species,190

scGen can be used to predict across species. We trained a model on a scRNA-seq dataset by Hagai191

et al. [5] comprised of bone marrow-derived mononuclear phagocytes from mouse, rat, rabbit, and192

pig perturbed with lipopolysaccharide (LPS) after six hours. Similar to what we did previously, we193

held out the rat LPS cells from the training data (Figure 5a).194

In contrast to previous scenarios, now, two global axes of variation exist in the latent space associated195

with species and stimulation, respectively.196
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Figure 6 | scGen removes batch effects. (a) UMAP visualization of four technically diverse pancreatic
datasets (n=14,693) with their corresponding batch and cell types. We report average silhouette width
(ASW) for batches in the original data (ASW = 0.2130, lower is better for batch-effect evaluation). (b) Data
corrected by scGen mixes shared cell types from different studies while preserving study specific cell types as
independent (ASW = -0.0917).

Based on this, we have two latent difference vectors: δLPS , which encodes the variation between197

control and LPS cells, and δspecies, which accounts for differences between species. Next, we predict198

rat LPS cells using zi,rat,LPS = 1
2(zi,mouse,LPS + δspecies + zi,rat,control + δLPS) (Figure 5b). This199

equation takes an average of the two alternative ways of reaching rat LPS cells (Figure 5a). All200

other predictions along the major linear axes of variation also yield plausible results for stimulated201

rat cells (Supplemental Figure 9).202

In addition to the species-conserved response of a few upregulated genes, e.g. Ccl3 and Ccl4, cells203

also display species specific responses. For example, Il1a is highly upregulated in all species except204

rat. Strikingly, scGen correctly identifies the rat cells as non-responding with this gene. Only the205

fraction of cells expressing Il1a increases at a low expression level (Figure 5c). Based on these early206

demonstrations, we hope to predict cellular response to treatment in human based on data from207

untreated humans and different treated animal models.208

scGen removes batch effects209

Let us now show that scGen is able to efficiently correct for batch effects. To evaluate scGen’s batch210

correction capability, we merged four pancreatic datasets [36–39] (Figure 6a). We train scGen on211

these data and define a source and destination batch and compute a difference vector δbatch between212

the source and the destination batch. To remove the batch effects from the destination batch, we213

add the learned δbatch to the latent representation of the cells in the destination batch (Figure 6b).214

Using the cell type labels from the studies we observe a homogeneous overlap. A comparison with215

four existing batch removal methods (Supplemental Figure 10) shows that scGen performs as well216

as the other methods [24, 40–42]. To further evaluate batch removal ability of our model on a217

larger dataset, we merged eight different mouse single cell atlases comprised of 114,600 cells from218

different organs [43–50]. As expected, the homogeneity of the data increased after batch correction219

(Supplemental Figure 11).220
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Discussion221

By adequately encoding the original expression space in a latent space, scGen achieves simple, near-222

to-linear mappings for highly non-linear sources of variation in the original data, which explain a223

large portion of the variability in the data, associated with, for instance, perturbation, species, or224

batch. This allows to use scGen in several contexts including perturbation prediction response for225

unseen phenomena across cell types, study and species, for interpolating cells between conditions226

and for batch effect removal.227

While we showed proof-of-concept for in silico predictions of cell type- and species-specific cellular228

response, in the present work, scGen has been trained on relatively small datasets, which only reflect229

subsets of biological and transcriptional variability. While we demonstrated scGen’s predictive power230

in these settings, a trained model cannot be expected to be predictive beyond the domain of the231

training data. To gain confidence in predictions, one needs to make realistic estimates for prediction232

errors by holding out parts of the data with known ground truth that are representative for the233

task. It is important to realize that such a procedure arises naturally when applying scGen in an234

alternating iteration of experiments, retraining based on new data and in silico prediction. By design,235

such strategies are expected to yield highly performing models for specific systems and perturbations236

of interest. It is evident that such strategies could readily exploit the upcoming availability of large-237

scale atlases of organs in healthy state, such as the Human Cell Atlas [35].238

We demonstrated that scGen is able to learn cell type and species specific response. To be able to do239

so, the model needs to capture features that distinguish weakly from strongly responding genes and240

cells. Building biological interpretations of these features, for instance, along the lines of Ghahramani241

et al. [16] or Way and Greene [51], could help in understanding the differences between cells that242

respond to certain drugs and cells that do not respond, which is often crucial for understanding243

patient response to drugs [52].244

Code availability245

Code is available at https://github.com/theislab/scGen.246

Data availability247

All data is available from the original publications and linked on https://github.com/theislab/248

scGen.249
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Supplemental Note 1: Models and theoretical background282

Supplemental Note 1.1: Variational autoencoders283

A variational autoencoder is a neural network consisting of an encoder and a decoder similar to284

classical autoencoders. Unlike classical autoencoders, however, VAEs are able to generate new data285

points. The mathematics underlying VAEs aslo differs from that of classical autoencoders. The286

difference is that the model maximizes the likelihood of each sample xi (more accurately, maximizes287

the log evidence (sum of log likelihoods of all xi)) in the training set under a generative process as288

formulated in Equation (1):289

P (xi|θ) =
∫
P (xi|zi; θ)P (zi|θ)dzi. (1)

where θ is a model parameter which in our model corresponds to a neural network with its learnable290

parameters, and zi is a latent variable. The key idea of a VAE is to sample latent variables zi that291

are likely to produce xi and using those to compute P (xi|θ) [54]. We approximate the posterior292

distribution P (zi|xi, θ) using the variational distribution Q(zi|xi, φ) which is modeled by a neural293

network with parameter φ, called the inference network (the encoder). Next, we need a distance294

measure between the true posterior P (zi|xi, θ) and the variational distribution. To compute such295

a distance we use the Kullback–Leibler (KL) divergence between Q(zi|xi, φ) and P (zi|xi, θ), which296

yields:297

KL(Q(zi|xi, φ)||P (zi|xi, θ)) = EQ(zi|xi,φ)[logQ(zi|xi, φ)− logP (zi|xi, θ)]. (2)
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Now, we can derive both P (xi|θ) and P (xi|zi, θ) by applying Bayes’ rule to P (zi|xi, θ), which results298

in:299

KL(Q(zi|xi, φ)||P (zi|xi, θ)) = EQ(zi|xi,φ)[logQ(zi|xi, φ)− logP (zi|θ)− logP (xi|zi, θ)] + logP (xi|θ).
(3)

Finally, by rearranging some terms and exploiting the definition of KL divergence we have :300

logP (xi|θ)−KL(Q(zi|xi, φ)||P (zi|xi, θ)) = EQ(zi|xi,φ)[logP (xi|zi, θ)]−KL[Q(zi|xi, φ)||P (zi|θ)]. (4)

On the left hand side of Equation (4), we have the log-likelihood of the data denoted by logP (xi|θ)301

and an error term which depends on the capacity of the model. This term ensures that Q is302

as complex as P and assuming a high capacity model for Q(zi|xi, φ), this term will be zero [54].303

Therefore, we will directly optimize logP (xi|θ):304

EQ(zi|xi,φ)[logP (xi|zi, θ)]−KL[Q(zi|xi, φ)||P (zi|θ)]. (5)

Equation (4) and (5) are also known as the evidence lower bound (ELBO). In order to maximize305

the Equation (5), we choose the variational distribution Q(zi|xi, φ) to be a multivariate Gaussian306

Q(zi|xi) = N (zi;µφ(xi), Σφ(xi)) where µφ and Σφ are implemented with the encoder neural net-307

work and Σφ is constrained to be a diagonal matrix. The KL term in Equation (5) can be computed308

analytically since both prior (P (zi|θ)) and posterior (Q(zi|xi, φ)) are multivariate Gaussian distri-309

butions. The integration for the first term in (5) has no closed-form and we need Monte Carlo310

integration to estimate it. We can sample Q(zi|xi, φ) L times and directly use stochastic gradient311

descent to optimize Equation (6) as the loss function for every training point xi from dataset D:312

Loss(xi) =
1

L

L∑

l=1

logP (xi|zi,l, θ)− αKL[Q(zi|xi, φ)||P (zi|θ)]. (6)

Where the hyperparameter (α) controls how much the KL divergence loss contributes to learning.313

However, the first term in Equation (6) only depends on the parameters of P , without reference to314

the parameters of variational distribution Q. Therefore, it has no gradient with respect to φ to be315

backpropagated. In order to address this, the reparameterization trick [19] has been proposed. This316

trick works by first sampling from ε ∼ N (0, I) and then computing zi = µφ(xi) +Σ
1
2
φ (xi)× ε. Thus,317

we can use gradient-based algorithms to optimize Equation (6).318

Supplemental Note 1.2: Linearity of the latent space319

scGen exploits vector arithmetics in the latent space of VAEs, a technique which assumes the shift320

(response) induced by stimuli can be modeled linearly. Similar to what has been shown by [55],321

we empirically demonstrate the linearity of the latent space with respect to biological conditions.322

In pursuit of this, we design a simple linear classifier based on the difference vector (δ) between323

two conditions in the latent space. We hypothesize that the δ vector points toward a direction324

in the latent space where condition 1 increases. Therefore, by moving along the direction of δ we325

are moving from condition 0 to condition 1. A high-level intuition for this is that the difference326

vector manipulates cells by adding and removing information to them. Suppose, for example, a327

dimension of the latent vector corresponds to the degree of the infection in a cell. Increasing that328

attribute would be as easy as adding the δ vector corresponding to that attribute. In consequence,329

the dot product of the cells from condition 1 in δ will be approximately greater than zero (or a330

constant positive value) indicating high similarity. Similarly, the dot product of cells in condition331

0 would yield negative values showing low similarity (Supplemental Figure 1a). After finding the332

difference vector for each condition, including IFN-β from Kang et al. [3] and H.poly and Salmonella333

infections from Haber et al. [4], we demonstrate the histogram of dot product results for the latent334

representation of all cells with their corresponding difference vectors (Supplemental Figure 1b).335
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We did another test, calculating δstim-k denoting the difference between stimulated and control336

cells for cell type k. We also calculated another set of difference vectors, δcelltype-ij, representing337

the difference between each of the seven cell types present in the Kang et al. dataset, irrespective338

of condition. Next, we calculated the cosine similarity for each set of previous vectors with δ.339

Supplemental Figure 1c shows that vectors in the δstim-k set have very high cosine similarity with δ,340

indicating that they are both oriented toward the same direction with a small angle. However, most341

of the δcelltype-ij vectors have cosine similarity close to zero, which indicates the cell type and condition342

vectors are different and nearly orthogonal. In order to get an intuition for how unlikely it is to343

get a high cosine similarity in 100-dimensional vector space, we randomly drew 1000 samples from344

a 100-dimensional standard normal distribution and calculated pairwise cosine similarity between345

them (Supplemental Figure 1c, random).346

Supplemental Note 1.3: δ vector estimation347

In order to estimate δ, first, we extracted all cells for each condition. Next, for each cell type, we348

upsampled the cell type sizes to be equal to the maximum cell type size for that condition. To further349

remove the population size bias, we randomly downsampled the condition with a higher sample size350

to match the sample size of the other condition. Finally, we estimated the difference vector by351

calculating δ = avg(zcondition=1) − avg(zcondition=0), where zcondition=1 and zcondition=0 denote the352

latent representation of cells in each condition, respectively.353

Supplemental Note 2: Datasets354

The Kang et al. [3] included two groups of control and stimulated peripheral blood mononuclear355

cells (PBMCs). We annotated cell types by extracting an average of the top 20 cluster genes from356

each of eight identified cell types in PMBCs from [34]. Next, the Spearman correlation between357

each single cell and all 8 cluster averages was calculated, and each cell was assigned to the cell type358

for which it had a maximum correlation (similar to [3]). After identifying cell types, megakaryocyte359

cells were removed from the dataset due to the high uncertainty of the assigned labels. Next, the360

dataset was filtered for cells with minimum 500 expressed genes and genes which were expressed at361

least in 5 cells. Moreover, we normalized counts per–cell, and the top 6,998 highly variable genes362

were selected. Finally, we log-transformed the data to facilitate a smoother training procedure. The363

final data include 18,868 cells.364

The Haber et al. dataset was comprised of epithelial cell responses to pathogen infection from365

Haber et al. [4]. In this dataset, the responses of intestinal epithelial cells to Salmonella and parasitic366

helminth Heligmosomoides polygyrus (H.poly) were investigated. These data included three different367

conditions: 1,770 Salmonella–infected cells; 2,711 cells 10 days after H.poly infection and a group368

of 3,240 control cells. Each data was normalized per–cel, and log-transformed and top 7,000 highly369

variable genes were selected.370

The PBMC dataset from Zheng et al. [34] was obtained from http://cf.10xgenomics.com/371

samples/cell-exp/1.1.0/pbmc3k/pbmc3k_filtered_gene_bc_matrices.tar.gz. After filtering372

cells, the data were merged with filtered PBMCs from Kang et al. [3]. The megakaryocyte cells were373

removed from the smaller dataset. Next, the data were normalized, and we selected top 7,000 highly374

variable genes. The merged dataset was log-transformed and cells from Kang et al. (n=16,893)375

were used for training the model. The remaining 2,623 cells from Zheng et al. were used for the376

prediction.377

Pancreatic datasets (n=14,693) were downloaded from ftp://ngs.sanger.ac.uk/production/378

teichmann/BBKNN/objects-pancreas.zip. Comparisons to other batch correction methods were379

performed similar to [41] with 50 principal components. The data were already preprocessed and380

directly used for training the model.381
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Mouse cell atlases data (n=114,600) were obtained from ftp://ngs.sanger.ac.uk/production/382

teichmann/BBKNN/MouseAtlas.zip. The data were already preprocessed and directly used for train-383

ing the model.384

The LPS dataset [5] was obtained from https://www.ebi.ac.uk/arrayexpress/experiments/385

E-MTAB-6754/?query=tzachi+hagai. The data were further filtered for cells, normalized and log-386

transformed. We used BiomaRt (v84) [56] to find ENSEMBL IDs of the one-to-one orthologs in the387

other three species with the mouse. In total 6,619 genes were selected from all species for training388

the model. The final data include 77,642 cells.389

Supplemental Note 3: Conditional variational autoencoder390

The conditional variational autoencoder (CVAE) [20] is also based on the variational inference391

framework. In the CVAE setting one can train a model conditioned on two existing biological392

conditions. We concatenated the condition of every cell with its input (xi) and latent variable (zi).393

At test time, we fed the model with cells in condition 0 and the label of condition 1 (inverse label)394

to transform the cells to the same cell type as in condition 1 (Supplemental Figure 3a).395

Supplemental Note 4: Style transfer GAN396

The original style transfer model [30] learns to transform images in one visual domain (e.g., domain397

of all horses) to another domain (e.g., the domain of all zebras). We adapted this to the single cell398

domain by training a network that receives single cells in condition 0 and transforms them to similar399

cells with the same cell type but in condition 1. This can be achieved in an adversarial training400

fashion (Supplemental Figure 3b). As shown in Supplemental Figure 3b, the model transforms cells401

in condition 0 to cells in condition 1 via G0−1 and then transforms them back to condition 1 using402

G1−0. There exists a second line of networks which learns to transform cells from condition 1 to 0403

and reconstruct them back to condition 0. These two pipelines must work in a way that they can404

fool two discriminators (one for each condition) which are trained to detect real cells from generated405

(fake) cells. In order to make the problem setting more constrained, the reconstructions should not406

highly deviate from the real data according to a distance metric. Moreover, similar networks in both407

lines share parameters. At test time, one can feed the gene expression profile of all target cells in408

condition 0 to transform them to condition 1.409

Supplemental Note 5: Model comparison410

We compare the distribution-matching capability of each model on their estimate of variance and411

mean for every individual gene. Our model yields the most accurate mean (R2
all genes = 0.97, Sup-412

plemental Figure 2a). Notably, applying vector arithmetics in gene expression and PCA space leads413

the mean of some genes to take invalid negative values and vector arithmetics in gene expression414

space leaves the variance of top 100 DEGS intact as it was in the real control cells (Supplemental415

Figure 2d,e). Furthermore, scGen also shows reasonable performance in variance estimation of top416

100 DEGs (R2
top 100 DEGs = 0.78) and outperforms all other models (Supplemental Figure 2a).417

Supplemental Note 6: Hyperparameters418

Here, in this section, we present all of the hyperparameters of the proposed scGen, CVAE, and419

style transfer GAN used in the paper. These parameters are stated in Tables 1, 2, and 3. We420

used early-stopping criterion for scGen and CVAE: the training stopped after 20 consecutive epochs421

with improvement less than a threshold on the validation loss. All architectures use dropout [57]422
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regularization, batch normalization [58], and Adam optimizer [59]. We used a L2 regularization for423

pancreas and mouse atlases datasets using a scale of 0.1. In the following, to have more compact424

tables, we have used some abbreviations, namely, FC stands for “Fully-connected”, NoF stands for425

“Number of Features”, BN stands for “Batch Normalization”. We used scikit-learn’s PCA estimator426

[60] with 100 principal components for vector arithmetics in PCA space.427

Supplemental Note 7: Gene specificity score428

In order to bin genes based on diffentrial pattern specificity , we use the following metric for each429

to score each gene:430

scorei = maxcelltypej | lfcij −median(lfcij) | (7)

where lfcij =| stimij−ctrlij | for cell type j and gene i. We also define stimij and ctrlij as the average431

of all cells in cell type j in gene i for stimulated and control cells, respectively and median(lfcij) is432

the median of all lfcij for gene i.433

Supplemental Note 8: Latent space interpolation434

We exemplify the latent space interpolation ability of our model by generating 2,000 intermediary435

TA (Salmonella, Haber et al.) and CD4-T (IFN-β, Kang et al.) cells. First, we project average436

control and predicted cells into the latent space and then linearly interpolate 2,000 intermediary437

points between them. Next, by using the generator network we map back latent intermediary cells438

into high-dimensional gene expression space (Supplemental Figure 8a-b). One can observe a smooth439

change of the top five upregulated and downregulated Salmonella response genes as we traverse the440

cell manifold from control toward Salmonella cells (Supplemental Figure8c). Similarly, we can see441

the upregulation of top 10 IFN-β response genes (Supplemental Figure 8d).442

Supplemental Note 9: Biased sampling effect443

Usually, the condition sizes are not equal leading to a biased δ vector estimation. Moreover, White444

[55] discovered that by removing the smile vector from female faces, the male attribute was also445

added. This originates from the sampling bias induced by unequal size of smiling male and female446

samples. In order to prevent a similar problem, as previously described we balanced cell type and447

condition sizes before estimating δ. Supplemental Figure 12 depicts the effects of using biased and448

unbiased δ vector for the prediction of stimulated CD4-T from the Kang et al. dataset using PCA449

and vector arithmetics.450

Supplemental Note 10: Evaluations and tests451

Silhouette width. We calculated the silhouette width based on the first 50 PCs of the corrected452

data or the latent space of the algorithm if it did not return corrected data. The Silhouette coefficient453

for for cell i is defined as:454

s(i) = b(i)−a(i)
max{a(i),b(i)}455

where a(i) and b(i) indicate the mean intra-cluster distance and the mean nearest-cluster distance for456

sample i, respectively. Instead of cluster labels one can use batch labels to assess batch correction457

methods. We used the silhouette_score function from scikit-learn [60] to calculate the average458

Silhouette width over all samples.459
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Error bars. These were computed by randomly resampling 80% of the data with replacement460

100 times and recomputing R2 for each resampled data. The interval represents the mean of R2
461

values plus/minus the standard deviation of those 100 R2 values. We used the mean of 100 R2 values462

for the magnitude of each bar. All the R2 values were calculated by squaring the rvalue output of463

scipy.stats.linregress function.464

Cosine similarity. The cosine_similarity function from scikit-learn was used to compute cosine465

similarity. This function computes the similarity as the normalized dot product of X and Y defined466

as:467

cosine_similarity(X,Y ) = <X,Y >
||X||||Y ||468

Differential tests. All the differential tests to extract DEGs were performed using scanpy’s469

rank_genes_groups function with wilcoxon as the method parameter.470
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Supplemental Figure 1 | Linearity of the latent space. (a) Building a linear classifier based on the dot
product between the difference vector (δ) and the latent representation of each cell. (b) Dot product results
between latent representation of all cells with their corresponding difference vector (δ) for each condition
show that two conditions are approximately linearly separable using dot product classifier. (c) Cosine
similarity of δstim-k, δcelltype-ij with δ where δcelltype-ij = avg(zcelltype=i) − avg(zcelltype=j) and δstim-k =
avg(zstim, celltype=k) − avg(zctrl, celltype=k) for all seven cell types present in the Kang et al. dataset (z denotes
the latent representation of all cells with the corresponding label). The third violin plot shows pairwise cosine
similarity for a set of 1000 random samples from 100–dimensional standard normal distribution.

scGen CVAE style transfer GAN Vec. Arith.  PCA + Vec. Arith. real CD4-T cells
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Supplemental Figure 2 | Distribution-matching comparison between different models. (a-e)
Mean and variance matching comparison between scGen and four alternative models for CD4-T cells shows
scGen outperforms other models. Similarly, by comparing UMAP visualizations, one can see the predictions
by scGen have more overlap with ground truth cells whereas predictions from other models lie far from real
stimulated cells. (f) Ground truth mean and variance between control and stimulated CD4-T cells.
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Supplemental Figure 3 | Graphical pipeline of two alternative approaches to predict unseen
single–cell perturbations. (a) CVAE pipeline at test time to predict unseen condition. In order to predict
cells in condition 1, we feed all cells present in condition 0 with inverse label 1 concatenated (shown with
+ symbol) to the data matrix. This informs the model that these cells are from condition 1. Therefore,
the model changes the condition of input cells from 0 to 1. (b) The style transfer GAN to transform one
condition to another. This would be possible by learning a joint two-way mapping in an adversarial learning
setting. There exist two generators: G0–1 which transforms cells from condition 0 to 1, and G1–0, which does
the same task but in the reverse direction. Two discriminators, denoted by D0 and D1, are trained to detect
real from fake cells generated by G1–0 and G0–1, respectively.
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Supplemental Figure 4 | Latent space comparison. (a-c) UMAP visualization of latent space repre-
sentation for PBMCs from the Kang et al. dataset. For scGen (VAE) and CVAE we used the bottleneck
layer but for the style transfer GAN we used the discriminator’s penultimate output as the input for UMAP
algorithm.

a

c

sc
G

en
P

C
A 

+ 
Ve

c.
 A

rit
hm

.

B CD4-T CD8-T CD14-MONO DC F-Mono NK

c p.s r.s c p.s r.s c p.s r.s c p.s r.sc p.s r.s c p.s r.s c p.s r.s

er
ro

r

less specific genes

c : control 
p.s : predicted stimulated  
r.s : real stimulated  

x

x

b

d

Supplemental Figure 5 | scGen captures cell type specific response patterns. (a) Violin plot for
top 10 specific response genes from Kang et al. out of 500 DEGs according to the gene specificity score
(Supplemental Note 7) across control (c), real stimulated (r.s), and predicted stimulated (p.s) for different
cell types. (b) Box plots of top 500 DEGs ordered by the gene specificity score. Each bin is composed of
50 genes and each point in the bin shows the error between average expression of that gene within a cell
type and average prediction by scGen for that cell type. In total each bin contains 50 (number of genes) ×
7 (number of cell types) points and the error is |x−xpred|

max(x,1) . (c) Predictions using linear PCA + Vec. Arithm.
shows how this linear model fails to capture specific responses. Note how the model increases APOBEC3A
in all cell types whereas scGen upregulates it only in responsive cell types. Similar phenomenon happens
in CD4-T cells, in which scGen only upregulates responsive genes whereas the linear model upregulates all
genes. (d) Similar box plot as b depicts how a linear model yields larger error in bin-0 which includes top
50 genes with cell type specific differential expression patterns.
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Supplemental Figure 6 | scGen captures cell type specific responses patterns in two datasets of
intestinal epithelial cells. Violin plot for top 10 specific response genes out of 500 (top 250 upregulated and
top 250 downregulated) DEGs according to gene specificity score (Supplemental Note 7) for H.poly (a) and
Salmonella (b) datasets from Haber et al. across control (c), real stimulated (r.s), and predicted stimulated
(p.s) for different cell types.

data split 
(n = number of held out cell types)
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Supplemental Figure 7 | scGen performs robustly when holding out more than one cell type. (a-
c) Predicting IFN-β stimulated CD4-T and F-Mono cells form the Kang et al. dataset in different scenarios
with different numbers of held out cell types. First panel shows UMAP visualization for the position of held
out cells. Other panels show mean gene expression of all genes and violin plot for ISG15, the top response
gene after stimulation with IFN-β for CD4-T and F-Mono cells.
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Supplemental Figure 8 | scGen enables the generation of intermediary cells between two con-
ditions. (a-b) PCA visualization of 2,000 generated intermediary TA (Haber et al.) and CD4-T (Kang et
al.) cells between control and predicted cells. (c) Change in top five upregulated and downregulated genes
as we move from control to Salmonella infected cells. (d) Similarly, variation of top 10 IFN-β marker genes
while transitioning from control to predicted IFN-β stimulated cells.

Name Operation NoF Dropout BN Activation Input

input - input_dim × × - -
FC-1 FC 800 0.2

√
Leaky ReLU input

FC-2 FC 800 0.2
√

Leaky ReLU FC-1
mean FC 100 × × Linear FC-2
var FC 100 × × Linear FC-2

z-sample FC 100 × × Linear [mean, var]
FC-3 FC 800 0.2

√
Leaky ReLU z-sample

FC-4 FC 800 0.2
√

Leaky ReLU FC-3
output FC input_dim × × ReLU FC-4

Optimizer Adam
Learning Rate 0.001

Leaky ReLU slope 0.2
Batch Size 32
# of Epochs 300

α 0.00005

Supplemental Table 1 | scGen detailed architecture. We used the same architecture for all the examples in
the paper. The input_dim parameter for each dataset is: IFN-β (6,998), H.poly (7,000), salmonella (7,000),
cross species (7,000), LPS (6,619), pancreas (2,448), and mouse atlases (2,797).
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Supplemental Figure 9 | Alternative vector arithmetics for cross–species prediction. (a-f) Pre-
diction of ratLPS by adding difference vectors estimated using rat and mouse where δLPS = mouseLPS −
mousecontrol and δspecies = ratcontrol − mousecontrol. (g-h) Prediction of ratLPS by adding δaverage to ratcontrol
where δaverage = avg(zLPS, all species) − avg(zcontrol, all species).

Name Operation NoF Dropout BN Activation Input

input - 6,998 × × - -
FC-1 FC 700 0.5

√
Leaky ReLU input

FC-2 FC 100 0.5
√

Leaky ReLU FC-1
FC-3 FC 50 0.5

√
Leaky ReLU FC-2

FC-4 FC 100 0.5
√

Leaky ReLU FC-3
FC-5 FC 700 0.5

√
Leaky ReLU FC-4

generator_out FC 6,998 × √
ReLU FC-5

FC-6 FC 700 0.5
√

Leaky ReLU generator_out
FC-7 FC 100 0.5

√
Leaky ReLU FC-6

discriminator_out FC 1 × × Sigmoid FC-7
Generator Optimizer Adam

Discriminator Optimizer Adam
Learning Rate 0.001

Leaky ReLU slope 0.2
# of Epochs 1000

Supplemental Table 2 | Style transfer GAN detailed architecture.
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ASW = -0.0917

ASW = -0.0074 ASW = -0.0009 ASW = 0.0087 ASW is not applicable

ASW = 0.2130

Supplemental Figure 10 | Comparison of existing batch effect removal methods for integrating
four different pancreatic datasets. (a) Original data. (b) scGen. (c) Scanorama. (d) MultiCCA. (e)
MNN. (f) Bbknn.

Name Operation NoF Dropout BN Activation Input

input - 6,998 × × - -
condition - 1 × × - -
FC-1 FC 700 0.2

√
Leaky ReLU [input, condition]

FC-2 FC 400 0.2
√

Leaky ReLU FC-1
mean FC 20 × × Linear FC-2
var FC 20 × × Linear FC-2

z-sample FC 20 × × Linear [mean, var]
FC-3 FC 400 0.2

√
Leaky ReLU [z-sample, condition]

FC-4 FC 700 0.2
√

Leaky ReLU FC-3
output FC 6,998 × × ReLU FC-4

Optimizer Adam
Learning Rate 0.001

Leaky ReLU slope 0.2
Batch Size 32
# of Epochs 100

α 0.1

Supplemental Table 3 | CVAE detailed architecture
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Supplemental Figure 11 | scGen integrates eight mouse single–cell atlasess with 114,600 cells.
(a) UMAP visualization of eight different datasets with their corresponding study, cell type and organ labels.
ASW was calculated based on the 57,300 randomly subsampled cells with their study labels. (b) scGen
merges the data by connecting the similar cell types according to their cell labels while having lower ASW
(-0.28649).
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Supplemental Figure 12 | Biased sampling effect. (a) Comparison between biased and unbiased
predictions for CD4-T cells using PCA and vector arithmetics.
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Abstract

Motivation: While generative models have shown great success in sampling high-dimensional samples
conditional on low-dimensional descriptors (stroke thickness in MNIST, hair color in CelebA, speaker
identity in WaveNet), their generation OOD poses fundamental problems due to the difficulty of learning
compact joint distribution across conditions. The canonical example of the conditional variational
autoencoder (CVAE), for instance, does not explicitly relate conditions during training and, hence, has
no explicit incentive of learning such a compact representation.
Results: We overcome the limitation of the CVAE by matching distributions across conditions using
maximum mean discrepancy (MMD) in the decoder layer that follows the bottleneck. This introduces
a strong regularization both for reconstructing samples within the same condition and for transforming
samples across conditions, resulting in much improved generalization. As this amounts to solving a style-
transfer problem, we refer to the model as transfer VAE (trVAE). Benchmarking trVAE on high-dimensional
image and single-cell RNA-seq, we demonstrate higher robustness and higher accuracy than existing
approaches.We also show qualitatively improved predictions by tackling previously problematic minority
classes and multiple conditions in the context of cellular perturbation response to treatment and disease
based on high-dimensional single-cell gene expression data. For generic tasks, we improve Pearson
correlations of high-dimensional estimated means and variances with their ground truths from 0.89 to 0.97
and 0.75 to 0.87, respectively. We further demonstrate that trVAE learns cell-type-specific responses after
perturbation and improves the prediction of most cell-type-specific genes by 65%.
Availability: The trVAE implementation is available via github.com/theislab/trvae. The results of
this paper can be reproduced via github.com/theislab/trvae_reproducibility.

Introduction
The task of generating high-dimensional samples x conditional on a latent
random vector z and a categorical variable s has established solutions
(Mirza and Osindero, 2014; Ren et al., 2016). The situation becomes more
complicated if the support of z is divided into domains d that come with
different meanings: say d ∈ {cat, dog} and one is interested in out-of-
distribution (OOD) generation of samples x in a domain and condition

(d, s) that are not part of the training data. Now, predicting how a given
brown dog would look like with black fur becomes an OOD problem if
the training data does not have observations of black dogs. To still have
a chance of solving it, we assume training data with brown dogs, and
brown and black cats. In an application with higher relevance, there is
strong interest in how untreated humans (s = 0, d = 0) respond to drug
treatment (s = 1) based on training data from human in vitro (d = 1) and
in vivo mouse (d = 2) experiments. Hence, the target domain of interest
(d = 0) does not offer training data for s = 1, but only for s = 0.

© The Author 2015. Published by Oxford University Press. All rights reserved. For permissions, please e-mail: journals.permissions@oup.com 1
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Fig. 1. Transfer VAE (trVAE) is an MMD-regularized conditional VAE. It receives randomized batches of data (x) and condition (s) as input during training, stratified for approximately
equal proportions of s. In contrast to a standard CVAE, we regularize the effect of s on the representation obtained after the first-layer g1(ẑ, s) of the decoder g. During prediction time,
we transform batches of the source condition xs=0 to the target condition xs=1 by encoding ẑ0 = f(x0, s = 0) and decoding g(ẑ0, s = 1).

In the present paper, we suggest to address the challenge of generating
samples OOD by regularizing the joint distribution across the categorical
variable s using maximum mean discrepancy (MMD) in the framework
of a conditional variational autoencoder (CVAE) (Sohn et al., 2015). This
produces a more compact representation of a cross-condition distribution
that would otherwise display high variance in the standard CVAE. We will
show that this leads to more accurate OOD prediction. MMD has proven
successful in a variety of tasks. In particular, matching distributions with
MMD in variational autoencoders (Kingma and Welling, 2013) has been
suggested for unsupervised domain adaptation (Louizos et al., 2015) or for
learning statistically independent latent dimensions (Lopez et al., 2018b).
In supervised domain adaptation approaches, MMD-based regularization
has been shown to be a viable strategy of learning label-predictive features
that are stripped off of domain-specific information (Long et al., 2015;
Tzeng et al., 2014). In these instances, however, MMD was employed at
the bottleneck layer, where it leads to different properties.

Matching distributions across perturbed and control populations has
also been studied in the context of causal inference (Johansson et al., 2016),
albeit not in the context of generative modeling and OOD generation.
(Johansson et al., 2016) showed how to improve counterfactual inference
by learning representations that enforce similarity between perturbed and
control using a linear discrepancy measure, mentioning MMD as an
alternative metric.

In further related work, the OOD generation problem was addressed
via hard-coded latent space vector arithmetics (Lotfollahi et al., 2019) and
histogram matching (Amodio et al., 2018). The approach of the present
paper, however, introduces a data-driven end-to-end approach, which
does not involve hard-coded elements and generalizes to more than one
condition. We hope the present work further stimulates the recent success
of generative models in single-cell biology (Lopez et al., 2018a; Eraslan
et al., 2019).

Methods

Variational autoencoder

The motivation of the variational autoencoder (VAE) (Kingma and
Welling, 2013) is to provide a neural-network based parametrization for
maximizing the likelihood

pθ(X | S) =

∫
pθ(X | Z, S)pθ(Z | S)dZ, (1)

whereX denotes a high-dimensional random variable,S a random variable
representing conditions, θ the model parameters, and pθ(X | Z, S) the
generative distribution that decodesZ intoX . Here and in the following we
adapt the notation of (Lopez et al., 2018b) while adapting the presentation
of (Doersch, 2016).

To assign probability mass to values of Z that are likely to produce
actually observed values of X , one introduces an encoding distribution
qφ, which can be related to pθ via

log pθ(X | S)− (qφ(Z|X,S)||pθ(Z|X,S))

= Eqφ(Z|X,S)[log pθ(X | Z, S)]− (qφ(Z|X,S)||pθ(Z|S)).

The right hand side of this equation provides the cost function LVAE for
optimizing neural-network based parametrizations of pθ and qφ. The left-
hand side describes the likelihood subtracted by an error term.

The case in which S 6= ∅ is referred to as the conditional variational
autoencoder (CVAE) (Sohn et al., 2015), and a straight-forward extension
of the original framework (Kingma and Welling, 2013), which treated
S ≡ ∅.

Maximum-mean discrepancy

Let (Ω,F ,P) be a probability space,X a separable metric space, x : Ω→
X a random variable and k : X×X → R a continuous, bounded, positive
semi-definite kernel with a corresponding reproducing kernel Hilbert space
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Fig. 2. Comparison of representations for MMD-layer in trVAE and the corresponding layer in the standard CVAE using UMAP (McInnes et al., 2018). The MMD regularization incentivizes
the model to learn condition-invariant features resulting in a more compact representation. The figure shows the qualitative effect for the “PBMC data” introduced in experiments section .
Both representations show the same number of samples.

(RKHS) H. Consider the kernel-based estimate of a distance between
two distributions p and q over the random variables X and X′. Such a
distance, defined via the canonical distance between theirH-embeddings,
is called the maximum mean discrepancy (Gretton et al., 2012) and denoted
lMMD(p, q), with an explicit expression:

`MMD(X,X′) =
1

n2
0

∑

n,m

k(xn, xm) +
1

n2
1

∑

n,m

k(x′n, x
′
m)

− 2

n0n1

∑

n,m

k(xn, x
′
m), (2)

where the sums run over the number of samples n0 and n1 for x and x′,
respectively. Asymptotically, for a universal kernel such as the Gaussian
kernel k(x, x′) = e−γ‖x−x

′‖2 , `MMD(X,X′) is 0 if and only if p ≡ q.
For the implementation, we use multi-scale RBF kernels defined as:

k(x, x′) =

l∑

i=1

k(x, x′, γi) (3)

where k(x, x′, γi) = e−γi‖x−x
′‖2 and γi is a hyper-parameter.

Addressing the domain adaptation problem, the “Variational Fair
Autoencoder” (VFAE) (Louizos et al., 2015) uses MMD to match latent
distributions qφ(Z|s = 0) and qφ(Z|s = 1) — where s denotes a domain
— by adapting the standard VAE cost function LVAE according to

LVFAE(φ, θ;X,X′, S, S′) = LVAE(φ, θ;X,S)

+ LVAE(φ, θ;X′, S′)

− β`MMD(Zs=0, Z
′
s′=1), (4)

where X and X′ are two high-dimensional observations with their
respective conditions S and S′.

In contrast to GANs (Goodfellow et al., 2014) whose training
procedure is notoriously hard due to the minmax optimization problem,
training models using MMD or Wasserstein distance metrics is
comparatively simple (Li et al., 2015; Arjovsky et al., 2017; Dziugaite
et al., 2015a) as only a direct minimization of a single loss is involved.
It has been shown that MMD-based GANs have some advantages over
Wasserstein GANs resulting in a simpler and faster-training algorithm
with matching performance (Bińkowski et al., 2018). This motivated us
to choose MMD as a metric for implementing distribution matching as a
regularization of a CVAE.

Transfer VAE

Let us adapt the following notation for the transformation within a
standard CVAE: High-dimensional observations x and a scalar or low-
dimensional condition s are transformed using f (encoder, corresponding
to distribution qφ) and g (decoder, corresponding to distribution pθ),
which are parametrized by weight-sharing neural networks, and give rise
to predictors ẑ, ŷ and x̂:

ẑ = f(x, s) (5a)

ŷ = g1(ẑ, s) (5b)

x̂ = g2(ŷ) (5c)

where we distinguished the first (g1) and the remaining layers (g2) of
the decoder g = g2 ◦ g1 (Fig. 1). While z formally depends on s, it
is commonly empirically observed Z ⊥⊥ S, that is, the representation
z is disentangled from the condition information s. By contrast, the
original representation typically strongly covaries with S: X 6⊥⊥ S.
The observation can be explained by admitting that an efficient z-
representation, suitable for minimizing reconstruction and regularization
losses, should be as free as possible from information about s. Information
about s is directly and explicitly available to the decoder (5b), and hence,
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Fig. 3. OOD style transfer for Morpho-MNIST dataset containing normal, thin and thick digits. trVAE successfully transforms normal digits to thin (a) and thick ((b) for digits not seen
during training (OOD).

there is an incentive to optimize the parameters of f to only explain the
variation in x that is not explained by s. Experiments below demonstrate
that indeed, MMD regularization on the bottleneck layer z does not
improve performance.

However, even if z is completely free of variation from s, the y
representation has a strong s component, Y 6⊥⊥ S, which leads to a
separation of ys=1 and ys=0 into different regions of their support Y .
In the standard CVAE, without any regularization of this y representation,
a highly varying, non-compact distribution emerges across different values
of s (Fig. 2). To compactify the distribution so that it displays only
subtle, controlled differences, we impose MMD (2) in the first layer of
the decoder (Fig. 1). We assume that modeling y in the same region
of the support of Y across s forces learning common features across
s where possible. The more of these common features are learned, the
more accurately the transformation task will performed, and the higher
are chances of successful OOD generation. Using one of the benchmark
datasets introduced, below, we qualitatively illustrate the effect (Fig. 2).

During training time, all samples are passed to the model with their
corresponding condition labels (xs, s). At prediction time, we pass
(xs=0, s = 0) to the encoder f to obtain the latent representation ẑs=0.
In the decoder g, we pass (ẑs=0, s = 1) and through that, let the model
transform data to x̂s=1.

The cost function of trVAE derives directly from the standard CVAE
cost function, as introduced in the backgrounds section,

LCVAE(φ, θ;X,S, α, η) = ηEqθ(Z|X,S) log(pφ(X|Z, S))

− α(qθ(Z|X,S)||pφ(Z|X,S)). (6)

Consistent with the above, let ŷs=0 = g1(f(x, s = 0), s = 0) and
ŷs=1 = g1(f(x′, s = 1), s = 1). Through duplicating the cost function

for X′ and adding an MMD term, the loss of trVAE becomes:

LtrVAE(φ, θ;X,X′, S, S′, α, η, β) = LCVAE(φ, θ;X,S, α, η)

+ LCVAE(φ, θ;X′, S′, α, η)

− β`MMD(Ŷs=0, Ŷs′=1). (7)

Results
We demonstrate the advantages of an MMD-regularized first layer of
the decoder by benchmarking versus a variety of existing methods and
alternatives:

• Standard CVAE (Sohn et al., 2015)
• CVAE with MMD on bottleneck (MMD-CVAE), similar to VFAE

(Louizos et al., 2015)
• MMD-regularized autoencoder (Dziugaite et al., 2015b; Amodio et al.,

2019)
• CycleGAN (Zhu et al., 2017)
• scGen, a VAE combined with vector arithmetics (Lotfollahi et al.,

2019)
• scVI, a CVAE with a negative binomial output distribution (Lopez

et al., 2018a)

First, we demonstrate trVAE’s basic OOD style transfer capacity on
two established image datasets, on a qualitative level. We then address
quantitative comparisons of challenging benchmarks with clear ground
truth, predicting the effects of biological perturbation based on high-
dimensional structured data. We used convolutional layers for imaging
examples in section and fully connected layers for single-cell gene
expression datasets in sections and . The optimal hyper-parameters for
each application were chosen by using a parameter gird-search for each
model.
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Fig. 4. CelebA dataset with images in two conditions: celebrities without a smile and with a smile on their face. trVAE successfully adds a smile on faces of women without a smile despite
these samples completely lacking from the training data (OOD). The training data only comprises non-smiling women and smiling and non-smiling men.

MNIST and CelebA style transformation

Here, we use Morpho-MNIST (Castro et al., 2018), which contains 60,000
images each of "normal" and "transformed" digits, which are drawn with
a thinner and thicker stroke. For training, we used all normal-stroke data.
Hence, the training data covers all domains (d ∈ {0, 1, 2, . . . , 9}) in the
normal stroke condition (s = 0). In the transformed conditions (thin and
thick strokes, s ∈ {1, 2}), we only kept domains d ∈ {1, 3, 6, 7}.

We train a convolutional trVAE in which we first encode the
stroke width via two fully-connected layers with 128 and 784 features,
respectively. Next, we reshape the 784-dimensional into 28*28*1 images
and add them as another channel in the image. Such trained trVAE
faithfully transforms digits of normal stroke to digits of thin and thicker
stroke to the OOD domains (Fig. 3)

Next, we apply trVAE to CelebA (Liu et al., 2015), which contains
202,599 images of celebrity faces with 40 binary attributes for each image.
We focus on the task of learning a transformation that turns a non-smiling
face into a smiling face. We kept the smiling (s) and gender (d) attributes
and trained the model with images from both smiling and non-smiling men
but only with non-smiling women.

In this case, we trained a deep convolutional trVAE with a U-Net-like
architecture (Ronneberger et al., 2015). We encoded the binary condition
labels as in the Morpho-MNIST example and fed them as an additional
channel in the input.

Predicting OOD, trVAE successfully transforms non-smiling faces of
women to smiling faces while preserving most aspects of the original
image (Fig. 4). In addition to showing the model’s capacity to handle
more complex data, this example demonstrates the flexibility of the the
model adapting to well-known architectures like U-Net in the field.

Infection response

Accurately modeling cell response to perturbations is a key question
in computational biology. Recently, neural network models have been
proposed for OOD predictions of high-dimensional tabular data that
quantifies gene expression of single-cells (Lotfollahi et al., 2019; Amodio
et al., 2018). However, these models are not trained on the task relying
instead on hard-coded transformations and cannot handle more than two
conditions.

We evaluate trVAE on a single-cell gene expression dataset
that characterizes the gut (Haber et al., 2017) after Salmonella or
Heligmosomoides polygyrus (H. poly) infections, respectively. For this,
we closely follow the benchmark as introduced in (Lotfollahi et al., 2019).

The dataset contains eight different cell types in four conditions: control or
healthy cells (n=3,240), H.Poly infection a after three days (H.Poly.Day3,
n=2,121), H.poly infection after 10 days (H.Poly.Day10, n=2,711) and
salmonella infection (n=1,770) (Fig. 5a). The normalized gene expression
data has 1,000 dimensions corresponding to 1,000 genes. Since three of
the benchmark models are only able to handle two conditions, we only
included the control and H.Poly.Day10 conditions for model comparisons.
In this setting, we hold out Tuft infected cells for training and validation,
as these consitute the hardest case for OOD generalization (least shared
features, few training data).

Figure 5b-c shows trVAE accurately predicts the mean and variance
for high-dimensional gene expression in Tuft cells. We compared the
distribution of Defa24, the gene with the highest change after H.poly
infection in Tuft cells, which shows trVAE provides better estimates
for mean and variance compared to other models. Moreover, trVAE
outperforms other models also when quantifying the correlation of the
predicted 1,000 dimensional xwith its ground truth (Fig. 5e). In particular,
we note that the MMD regularization on the bottleneck layer of the CVAE
does not improve performance, as argued above.

In contrast to existing approaches, trVAE can handle multiple
perturbations at the same time. To illustrate this, we performed another
experiment by training eight different models holding out each of the eight
cell types form all three conditions. trVAE accurately predicts all cell types
across different perturbations (Fig. 5f). The ability to handle multiple
perturbations enables analysis and prediction for large drug screening
studies.

Stimulation response

Similar to modeling infection response as above, we benchmark on another
single-cell gene expression dataset consisting of 7,217 IFN-β stimulated
and 6,359 control peripheral blood mononuclear cells (PBMCs) from eight
different human Lupus patients (Kang et al., 2018). The stimulation with
IFN-β induces dramatic changes in the transcriptional profiles of immune
cells, which causes big shifts between control and stimulated cells (Fig.
6a). We studied the OOD prediction of natural killer (NK) cells held out
during the training of the model.

trVAE accurately predicts mean (Fig. 6b) and variance (Fig. 6c) for all
genes in the held out NK cells. In particular, genes strongly responding
to IFN-β (highlighted in red in Fig. 6b-c) are well captured. An effect of
applying IFN-β is an increase in ISG15 for NK cells, which the model
never sees during training. trVAE predicts this change by increasing the
expression of ISG15 as observed in real NK cells (Fig. 6d). A cycle
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Fig. 5. (a) UMAP visualization of conditions and cell type for gut cells. (b-c) Mean and variance expression of 1,000 genes comparing trVAE-predicted and real infected Tuft cells together
with the top 10 differentiall-expressed genes (Methods ??) highlighted in red (R2 denotes Pearson correlation between ground truth and predicted values). (d) Distribution of Defa24: the
top response gene to H.poly.Day10 infection between control, predicted and real stimulated cells for different models. Vertical axis: expression distribution for Defa24. Horizontal axis:
control, real and predicted distribution by different models. (e) Comparison of Pearson’s R2 values for mean and variance gene expression between real and predicted cells for different
models. Center values show the mean ofR2 values estimated using n = 100 random subsamples for the prediction of each model and error bars depict standard deviation. (f) Comparison
of R2 values for mean and variance gene expression between real and predicted cells by trVAE for the eight different cell types and three conditions. Center values show the mean of R2

values estimated using n = 100 random subsamples for each cell type and error bars depict standard deviation.

GAN and an MMD-regularized auto-encoder (SAUCIE) and other models
yield less accurate results than our model. Comparing the correlation of
predicted mean and variance of gene expression for all dimensions of the
data, we find trVAE performs best (Fig. 6e). To demonstrate the generality
of our method we trained seven other models, removing stimulated cells
for each of seven different cell types in the study. Our model robustly
predicted all other seven cell types (Fig. 6f). .

The specificity of perturbation responses of cells depends on many
factors leading to changes in gene expression levels that are either shared
across all types or specific to some. Predicting both groups of responses is
necessary to address questions such as which cell types are most responsive
to a perturbation, and successful drug dose prediction (Hu et al., 2020;
Srivatsan et al., 2020).

trVAE can capture specific responses after IFN-β when any of the cell
types is absent from training and afterward predicted. To demonstrate this,
we scored the specificity of differently expressed genes (DEGs) after IFN-
β stimulation using a median-based score (see supplementary methods).
trVAE successfully predicts top 10 most cell-type-specific responding
genes (Fig. 7a). Specifically, our model predicted the up-regulation of
CCL8, a CD14-Mono specific response gene after IFN-β. As another

example, trVAE not only predicted the up-regulation of ISG15 as a shared
response gene but also captured the specific expression pattern of this
gene across different cell types. Next, we compared our approach with
the state-of-the-art model (scGen) for this task using the top 250 most
cell-type-specific DEGs. Our model improves the mean error on the first
and the second top 50 specific DEGs by 65% and 44%, respectively (Fig.
7b-c). Further comparison demonstrated that trVAE not only outperforms
scGen but also all other benchmarked methods (Supplementary Figs. 1-2).

Discussion
By arguing that the standard CVAE yields representations in the first layer
following the bottleneck that vary strongly across categorical conditions,
we introduced an MMD regularization that forces these representations
to be similar across conditions. The resulting model (trVAE) outperforms
existing modeling approaches on benchmark and real-world data sets.

Within the bottleneck layer, CVAEs already display a well-controlled
behavior, and regularization does not improve performance. Further
regularization at later layers might be beneficial but is numerically costly
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Fig. 6. (a) UMAP visualization of peripheral blood mononuclear cells (PBMCs). (b-c) Mean and variance per 2,000 dimensions between trVAE-predicted and real natural killer cells (NK)
together with the top 10 differentially-expressed genes highlighted in red. (d) Distribution of ISG15: the most strongly changing gene after IFN-β perturbation between control, real and
predicted stimulated cells for different models. Vertical axis: expression distribution for ISG15. Horizontal axis: control, real and predicted distribution by different models. (e) Comparison
of R2 values for mean and variance gene expression between real and predicted cells for different models. Center values show the mean of R2 values estimated using n = 100 random
subsamples for the prediction of each model and error bars depict standard deviation. (f) Comparison ofR2 values for mean and variance gene expression between real and predicted cells by
trVAE for eight different cell in the study. Center values show the mean ofR2 values estimated using n = 100 random subsamples for each cell type and error bars depict standard deviation

and unstable as representations become high-dimensional. However, we
have not yet systematically investigated this and leave it for future studies.

We have evaluated the predictive power of trVAE by leaving out one
cell type and trying to predict it in cases in which the training data contains
cell types that are rather similar to the targeted OOD cells Lotfollahi et al.
(2019). Further evaluation is needed when OOD samples are very different
from the training data. Also, further studies are required to understand the
uncertainty quantification inherent to the probabilistic nature of the model.
Finally, we note that architectures related to Gaussian mixture VAEs or
GANs maybe considered as alternatives to the MMD regularisation.

The ability to analyze and predict multiple perturbations allow trVAE to
be applied to experiments with many biological conditions. Specifically,
recent advances in massive single-cell compounds screening (Srivatsan
et al., 2020) provide great potential to exploit our model for further
experimental design and the study of interaction effects among different
drugs. Future conceptual investigations concern establishing connections
to causal-inference-inspired models beyond (Johansson et al., 2016)
such as CEVAE (Louizos et al., 2017), establishing further that faithful
modeling of an interventional distribution can be re-framed as successful
perturbation effect prediction across domains.
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Bińkowski, M., Sutherland, D. J., Arbel, M., and Gretton, A. (2018). Demystifying
mmd gans. arXiv:1801.01401.

Castro, D. C., Tan, J., Kainz, B., Konukoglu, E., and Glocker, B. (2018). Morpho-
MNIST: Quantitative assessment and diagnostics for representation learning.

Doersch, C. (2016). Tutorial on variational autoencoders. arXiv:1606.05908.
Dziugaite, G. K., Roy, D. M., and Ghahramani, Z. (2015a). Training generative

neural networks via maximum mean discrepancy optimization. In Proceedings
of the Thirty-First Conference on Uncertainty in Artificial Intelligence, UAI’15,
pages 258–267, Arlington, Virginia, United States. AUAI Press.

Dziugaite, G. K., Roy, D. M., and Ghahramani, Z. (2015b). Training generative neural
networks via maximum mean discrepancy optimization. arXiv:1505.03906.

Eraslan, G., Simon, L. M., Mircea, M., Mueller, N. S., and Theis, F. J. (2019). Single-
cell rna-seq denoising using a deep count autoencoder. Nature communications,
10(1), 390.

Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S.,
Courville, A., and Bengio, Y. (2014). Generative adversarial nets. In Advances in
neural information processing systems, pages 2672–2680.

Gretton, A., Borgwardt, K. M., Rasch, M. J., Schölkopf, B., and Smola, A. (2012).
A kernel two-sample test. Journal of Machine Learning Research, 13, 723–773.

Haber, A. L., Biton, M., Rogel, N., Herbst, R. H., Shekhar, K., Smillie, C., Burgin,
G., Delorey, T. M., Howitt, M. R., Katz, Y., Tirosh, I., Beyaz, S., Dionne, D.,



“output” — 2021/9/9 — page 8 — #8

8 Lotfollahi et al.

E
rr

or

trVAE scGen

Less specific genesLess specific genes

r.s p.
sc

B CD4 T CD8 T CD14 Mono CD16 Mono DC NK T
a

b c

p.s : predicted stimulated

r.s : real stimulated
c : control

r.s p.
sc r.s p.
sc r.s p.
sc r.s p.
sc r.s p.
sc r.s p.
sc r.s p.
sc

Fig. 7. (a) Violin plot for top 10 specific response genes after out of 250 DEGs according to the gene specificity score across control (c), real stimulated (r.s), and predicted stimulated (p.s)
for different cell types. Vertical axis: expression distribution for top specific genes. Horizontal axis: control, real and predicted distribution by trVAE for different cell types. (b-c) Box plots
of top 500 DEGs ordered by the gene specificity score. Each bin is composed of 50 genes and each point in the bin shows the error between average expression of that gene within a cell
type and average prediction by trVAE and scGen for that cell type. In total, each boxplot has been derived from 50 (number of genes) x 8 (number of cell types) points (n=400). Box plots
indicate the median (center lines), interquantile range (hinges), and whiskers represents min and max values.

Zhang, M., Raychowdhury, R., Garrett, W. S., Rozenblatt-Rosen, O., Shi, H. N.,
Yilmaz, O., Xavier, R. J., and Regev, A. (2017). A single-cell survey of the small
intestinal epithelium. Nature, 551, 333.

Hu, Y., Ranganathan, M., Shu, C., Liang, X., Ganesh, S., Osafo-Addo, A., Yan, C.,
Zhang, X., Aouizerat, B. E., Krystal, J. H., D’Souza, D. C., and Xu, K. (2020).
Single-cell transcriptome mapping identifies common and cell-type specific genes
affected by acute delta9-tetrahydrocannabinol in humans. Scientific Reports, 10(1),
3450.

Johansson, F., Shalit, U., and Sontag, D. (2016). Learning representations for
counterfactual inference. In International conference on machine learning, pages
3020–3029.

Kang, H. M., Subramaniam, M., Targ, S., Nguyen, M., Maliskova, L., McCarthy, E.,
Wan, E., Wong, S., Byrnes, L., Lanata, C. M., et al. (2018). Multiplexed droplet
single-cell rna-sequencing using natural genetic variation. Nature biotechnology,
36(1), 89.

Kingma, D. P. and Welling, M. (2013). Auto-encoding variational bayes.
arXiv:1312.6114.

Li, Y., Swersky, K., and Zemel, R. (2015). Generative moment matching networks.
In International Conference on Machine Learning, pages 1718–1727.

Liu, Z., Luo, P., Wang, X., and Tang, X. (2015). Deep learning face attributes in the
wild. In Proceedings of International Conference on Computer Vision (ICCV).

Long, M., Cao, Y., Wang, J., and Jordan, M. I. (2015). Learning transferable features
with deep adaptation networks. arXiv:1502.02791.

Lopez, R., Regier, J., Cole, M. B., Jordan, M. I., and Yosef, N. (2018a). Deep
generative modeling for single-cell transcriptomics. Nature Methods, 15(12),
1053–1058.

Lopez, R., Regier, J., Jordan, M. I., and Yosef, N. (2018b). Information constraints
on auto-encoding variational bayes. In Advances in Neural Information Processing
Systems, pages 6114–6125.

Lotfollahi, M., Wolf, F. A., and Theis, F. J. (2019). scGen predicts single-cell
perturbation responses. Nature methods, 16(8), 715.

Louizos, C., Swersky, K., Li, Y., Welling, M., and Zemel, R. (2015). The variational
fair autoencoder. arXiv:1511.00830.

Louizos, C., Shalit, U., Mooij, J. M., Sontag, D., Zemel, R., and Welling, M. (2017).
Causal effect inference with deep latent-variable models. In Advances in Neural
Information Processing Systems, pages 6446–6456.

McInnes, L., Healy, J., and Melville, J. (2018). UMAP: Uniform Manifold
Approximation and Projection for Dimension Reduction. arXiv:1802.03426.

Mirza, M. and Osindero, S. (2014). Conditional generative adversarial nets.
arXiv:1411.1784.

Ren, Y., Zhu, J., Li, J., and Luo, Y. (2016). Conditional generative moment-matching
networks. In Advances in Neural Information Processing Systems, pages 2928–
2936.

Ronneberger, O., Fischer, P., and Brox, T. (2015). U-net: Convolutional networks
for biomedical image segmentation. Medical Image Computing and Computer-
Assisted Intervention âŁ“ MICCAI 2015, page 234âŁ“241.

Sohn, K., Lee, H., and Yan, X. (2015). Learning structured output representation
using deep conditional generative models. In Advances in Neural Information
Processing Systems 28, pages 3483–3491.

Srivatsan, S. R., McFaline-Figueroa, J. L., Ramani, V., Saunders, L., Cao, J., Packer,
J., Pliner, H. A., Jackson, D. L., Daza, R. M., Christiansen, L., et al. (2020).
Massively multiplex chemical transcriptomics at single-cell resolution. Science,
367(6473), 45–51.

Tzeng, E., Hoffman, J., Zhang, N., Saenko, K., and Darrell, T. (2014). Deep domain
confusion: Maximizing for domain invariance. arXiv:1412.3474.

Zhu, J.-Y., Park, T., Isola, P., and Efros, A. A. (2017). Unpaired image-to-image
translation using cycle-consistent adversarial networks. In IEEE International
Conference on Computer Vision (ICCV).



Appendix D

Learning interpretable

cellular responses to complex

perturbations in

high-throughput screens.

BioRxiv (2021).

This is a preprint, CPA paper. The paper is not peer-reviewed, however it is

inserted here for the convenience of the reader to understand the the thesis.

(v) Mohammad Lotfollahi*, Anna Klimovskaia*, Carlo De Donno, Yuge Ji,

Ignacio L. Ibarra, F. Alexander Wolf, Nafissa Yakubova, Fabian J. Theis, and

David Lopez-Paz. “Learning interpretable cellular responses to complex

perturbations in high-throughput screens.” bioRxiv (2021).

The article is also available online at:

https://www.biorxiv.org/content/10.1101/2021.04.14.439903v2

108

https://www.biorxiv.org/content/10.1101/2021.04.14.439903v2


Learning interpretable cellular responses to
complex perturbations in high-throughput screens
Mohammad Lotfollahi1,3,?, Anna Klimovskaia Susmelj2,5,?, Carlo De Donno 1,7,??, Yuge Ji 1,??, Igna-
cio L. Ibarra1, F. Alexander Wolf 1,◦, Nafissa Yakubova 2, Fabian J. Theis1,3,4,6‡, David Lopez-Paz2

1 Helmholtz Center Munich – German Research Center for Environmental Health, Institute of Com-
putational Biology, Neuherberg, Munich, Germany.
2 Facebook AI, 6 Rue Ménars, Paris, 75002, France
3 School of Life Sciences Weihenstephan, Technical University of Munich, Munich, Germany.
4 Department Mathematics, Technical University of Munich, Munich, Munich, Germany.
5 Swiss Data Science Center, Zurich, Switzerland.
6 Wellcome Trust Sanger Institute, Wellcome Genome Campus, Hinxton, Cambridgeshire, UK.
7 Department of Stress Neurobiology and Neurogenetics, Max Planck Institute of Psychiatry, Mu-
nich, Bavaria, Germany.
? These authors contributed equally to the work.
?? These authors contributed equally to the work.
◦ Present address: Cellarity, Inc., Cambridge, MA.
‡ Correspondence to fabian.theis@helmholtz-muenchen.de

Abstract

Recent advances in multiplexed single-cell transcriptomics experiments are facilitating the high-1

throughput study of drug and genetic perturbations. However, an exhaustive exploration of the2

combinatorial perturbation space is experimentally unfeasible, so computational methods are needed3

to predict, interpret, and prioritize perturbations. Here, we present the compositional perturbation4

autoencoder (CPA), which combines the interpretability of linear models with the flexibility of5

deep-learning approaches for single-cell response modeling. CPA encodes and learns transcriptional6

drug responses across different cell type, dose, and drug combinations. The model produces easy-to-7

interpret embeddings for drugs and cell types, which enables drug similarity analysis and predictions8

for unseen dosage and drug combinations. We show that CPA accurately models single-cell pertur-9

bations across compounds, doses, species, and time. We further demonstrate that CPA predicts10

combinatorial genetic interactions of several types, implying that it captures features that distin-11

guish different interaction programs. Finally, we demonstrate that CPA can generate in-silico 5,32912

missing genetic combination perturbations (97.6% of all possibilities) with diverse genetic interac-13

tions. We envision our model will facilitate efficient experimental design and hypothesis generation14

by enabling in-silico response prediction at the single-cell level, and thus accelerate therapeutic15

applications using single-cell technologies.16

Introduction17

Single-cell RNA-sequencing (scRNA-seq) profiles gene expression in millions of cells across tissues[1,18

2] and species[3]. Recently, novel technologies have been developed that extend these measure-19

ments to high-throughput screens (HTSs), which measure response to thousands of independent20

perturbations[4, 5]. These advances show promise for facilitating and thus accelerating drug development[6].21

HTSs applied at the single-cell level provide both comprehensive molecular phenotyping and capture22

heterogeneous responses, which otherwise could not be identified using traditional HTSs[4].23

While the development of high-throughput approaches such as “cellular hashing” [4, 7, 8] facil-24

itates scRNA-seq in multi-sample experiments at low cost, these strategies require expensive li-25

brary preparation[4], and do not easily scale to large numbers of perturbations. These shortcom-26

1
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ings become more apparent when exploring the effects of combination therapies[9–11] or genetic27

perturbations[5, 12, 13], where experimental screening of all possible combinations becomes infeasi-28

ble. While projects such as the Human Cell Atlas[14] aim to comprehensively map cellular states29

across tissues in a reproducible fashion, the construction of a similar atlas for the effects of pertur-30

bations on gene expression is impossible, due to the vast number of possibilities. Since brute-force31

exploration of the combinatorial search space is infeasible, it is necessary to develop computational32

tools to guide the exploration of the combinatorial perturbation space to nominate promising candi-33

date combination therapies in HTSs. A successful computational method for the navigation of the34

combinatorial space must be able to predict the behaviour of cells when subject to novel combinations35

of perturbations only measured separately in the original experiment. These data are referred to as36

Out-Of-Distribution (OOD) data. OOD prediction would enable the study of perturbations in the37

presence of different treatment doses [4, 15], combination therapies[8], multiple genetic knockouts[5],38

and changes across time[15].39

Recently, several computational approaches have been developed for predicting cellular responses40

to perturbations[16–20]. The first approach leverages mechanistic modeling [18, 19] to predict cell41

viability[19] or the abundance of a few selected proteins[18]. Although they are powerful at interpret-42

ing interactions, mechanistic models usually require longitudinal data (which is often unavailable in43

practice) and most do not scale to genome wide measurements to predict high-dimensional scRNA-44

seq data. Linear models[12, 21] do not suffer from these scalability issues, but have limited predictive45

power and are unable to capture nonlinear cell-type specific responses. In contrast, deep learning46

(DL) models do not face these limitations. Recently, DL methods have been used to model gene47

expression latent spaces from scRNA-seq data [22–25], and describe and predict single-cell responses48

[16, 17, 20, 26]. However, current DL-based approaches also have limitations: they model only a49

handful of perturbations; can be difficult to interpret; cannot handle combinatorial treatments; and50

cannot incorporate continuous covariates such as dose and time, or discrete covariates such as cell51

types, species, and patients while preserving interpretability. Therefore, while current DL methods52

have modeled individual perturbations, none have been proposed for HTS.53

Here, we propose the compositional perturbation autoencoder (CPA), a novel, interpretable method54

to analyze and predict scRNA-seq perturbation responses across combinations of conditions such55

as dosage, time, drug, and genetic knock-out. The CPA borrows ideas from interpretable linear56

models, and applies them in a flexible DL model to learn factorized latent representations of both57

perturbations and covariates. Given a scRNA-seq dataset, the perturbations applied, and covariates58

describing the experimental setting, CPA decomposes the data into a collection of embeddings59

(representations) associated with the cell type, perturbation, and other external covariates. Since60

these embeddings encode the transcriptomic effect of a drug or genetic perturbation, they can be used61

by CPA users to study drug effects and similarities useful for drug repurposing applications. By virtue62

of an adversarial loss, these embeddings are independent from each other, so they can be recombined63

at prediction time to predict the effect of novel perturbation and covariate combinations. Therefore,64

by exploring novel combinations, CPA can guide experimental design by directing hypotheses towards65

expression patterns of interest to experimentalists. We demonstrate the usefulness of CPA on five66

public datasets and multiple tasks, including the prediction and analysis of responses to compounds,67

doses, time-series information, and genetic perturbations.68

2

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted May 18, 2021. ; https://doi.org/10.1101/2021.04.14.439903doi: bioRxiv preprint 



Figure 1: Interpretable single-cell perturbation modeling using a compositional per-
turbation autoencoder (CPA). (a) Given a matrix of gene expression per cell together with
annotated potentially quantitative perturbations d and other covariates such as cell line, patient or
species, CPA learns the combined perturbation response for a single-cell. It encodes gene expression
using a neural network into a lower dimensional latent space that is eventually decoded back to an
approximate gene expression matrix, as close as possible to the original one. To make the latent
space interpretable in terms of perturbation and covariates, the encoded gene expression vector is
first mapped to a “basal state” by feeding the signal to discriminators to remove any signal from
perturbations and covariates. The basal state is then composed with perturbations and covariates,
with potentially reweighted dosages, to reconstruct the gene expression. All encoder, decoder and
discriminator weights as well as the perturbation and covariate dictionaries are learned during train-
ing. (b) Features of CPA are interpreted via plotting of the two learned dictionaries, interpolating
covariate-specific dose response curves and predicting novel unseen drug combinations.

69

Results70

Multiple perturbations as compositional processes in gene expression latent space71

Prior work has modeled the effects of perturbations on gene expression as separate processes.72

While differential expression compares each condition separately with a control, modeling a joint73

latent space with a conditional variational autoencoder[17, 26, 27] is highly uninterpretable and not74

amenable to the prediction of the effects of combinations of conditions. Our goal here is to factorize75

the latent space of neural networks to turn them into interpretable, compositional models. If the76

latent space were linear, we could describe the observed gene expression as a factor model where77

each component is a single perturbation.78

However, gene expression latent spaces, particularly in complex tissues, are nonlinear and best79

described by a graph or nonlinear embedding approximations[28, 29]. In scRNA-seq datasets, gene80

expression profiles of cell populations are often observed under multiple perturbations such as drugs,81

genetic knockouts, or disease states, in labeled covariates such as cell line, patient, or species. Each82

cell is labeled with its experimental condition and perturbation, where experimental covariates are83
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captured in categorical labels and perturbations are captured using a continuous value (e.g. a drug84

applied with different doses). This assumes a sufficient number of cells per condition to permit the85

estimation of the latent space in control and perturbation states using a large neural network.86

Instead of assuming a factor model in gene expression space, we instead model the nonlinear super-87

position of perturbation effects in the nonlinear latent space, in which we constrain the superposition88

to be additive (see Methods). We decouple the effects of perturbations and covariates, and allow89

for continuous effects such as drug dose by encoding this information in a nonlinearly transformed90

scalar weight: a learned drug-response curve. The linear latent space factor model enables interpre-91

tation of this space by disentangling latent space variance driven by covariates from those stemming92

from each perturbation. At evaluation time, we are able to not only interpolate and interpret the93

observed perturbation combinations, but also to predict other combinations, potentially in different94

covariate settings.95

Compositional perturbation autoencoder (CPA)96

We introduce the CPA (see Methods), a method combining ideas from natural language processing97

[30] and computer vision [31, 32] to predict the effects of combinations of perturbations on single-98

cell gene expression. Given a single-cell dataset of multiple perturbations and covariates, the CPA99

first uses an encoder neural network to decompose the cells’ gene expression into three learnable,100

additive embeddings, which correspond to its basal state, the observed perturbation, and the ob-101

served covariates. Crucially, the embedding that the CPA encoder learns about a cell’s basal state102

is disentangled from (does not contain information about) the embeddings corresponding to the103

perturbation and the covariates. This disentangling is achieved by training a discriminator classifier104

[31] in a competition against the encoder network of the CPA. The goal of the encoder network in105

the CPA is to learn an embedding representing a cell’s basal state, from which the discriminator106

network cannot predict the perturbation or covariate values. To perform well, the embedding of the107

cell’s basal state should contain all of the information about the cell’s specifics. To account for con-108

tinuous time or dose effects, the learned embeddings about each perturbation are scaled nonlinearly109

via a neural network which receives the continuous covariate values for each cell, such as the time110

or the dose. After integration of the learned embeddings about the cell’s basal state, perturbations,111

and covariate values into an unified embedding, the CPA uses a neural network decoder to recover112

the cell’s gene expression vector (Figure 1). Similar to many neural network models, the CPA is113

trained using backpropagation [33] on the reconstruction and discriminator errors (see Methods),114

to tune the parameters of the encoder network, the decoder network, the embeddings corresponding115

to each perturbation and covariate value, and the dose/time nonlinear scalers. The learned embed-116

dings allow the measurement of similarities between different perturbations and covariates, in terms117

of their effects on gene expression. The main feature of the CPA is its flexibility of use at evaluation118

time. After obtaining the disentangled embeddings corresponding to some observed gene expression,119

perturbation, and covariate values, we can intervene and swap the perturbation embedding with any120

other perturbation embedding of our choice. This manipulation is effectively a way of estimating121

the answer to the counterfactual question: what would the gene expression of this cell have looked122

like, had it been treated differently? This approach is of particular interest in the prediction of123

unseen perturbation combinations and their effects on gene expression. The CPA can also visualize124

the transcriptional similarity and uncertainty associated with perturbations and covariates, as later125

demonstrated.126
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Figure 2: The CPA learns an interpretable latent space learning across drug dosages,
drug combinations and experimental systems. (a) The sci-Plex 2 dataset from Srivatsan et
al. [34]. Dose-response curves were generated using the CPA as a transfer from Vehicle cells to a
given drug-dose combination. The MDM2 gene, the top gene differentially expressed after treatment
with Nutlin, was selected as an example. Black dots on the dose-response curve denote points seen
at training time, red dots denote examples held out for OOD predictions. The sizes of the dots are
proportional to the number of cells observed in the experiment. Solid lines correspond to the model
predictions, dashed lines correspond to the linear interpolation between measured points. Nutlin
and BMS are selected as examples of uncertainty in predictions for drug combinations. (b) 96-plex-
scRNA-seq experiment from Gehring et al. [8], with UMAP, showing variation of responses in gene
expression space. The dashed circle on the UMAP represents the area on the UMAP where the
majority of the cells from the left-out (OOD) condition lie. The experiment did not contain samples
of individual drugs; therefore we represented the latent space of the drug combinations measured in
the experiment. The dose-response surface was obtained via model predictions for a triplet of drugs:
BMS at a fixed dose of 0.2, and EGF and RA changing on a grid. (c) Cross-species dataset from
Hagai et al. [15], with samples of rat and mouse at time point 6 held out from training, and used
as OOD. The latent space representation of individual species, and the individual average response
of a species across time, demonstrates that the species are fairly different, with a small similarity
between rat and mouse. The time response curves of individual genes demonstrate that the model
is able to capture nonlinear behavior. The OOD splits benchmark demonstrates the way in which
model performance on the distribution case changes when the model is trained on different subsets
of the data. Split2 corresponds to the most difficult case, where all three time points for rat were
held out from training. Red dots denote examples held out for OOD predictions; the size is of the
dots is proportional to the number of cells observed in the experiment.

CPA allows predictive and exploratory analyses of single-cell perturbation experiments.127

We first demonstrated the performance and functionality of the CPA on three small single-cell128

datasets (Figure 2): a Sci-Plex2 dataset of human lung cancer cells perturbed by four drugs [35],129

a 96-plex-scRNA-seq experiment of HEK293T under different drug combinations [8], and a longi-130

toudnal cross-species dataset of lipopolysaccharide (LPS) treated phagocytes [15] (see Methods).131
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All three datasets represent different scenarios of the model application: (i) diverse doses; (ii) drug132

combinations; and (iii) several Species and variation with respect to time instead of dose. We split133

each dataset into three groups: train (used for model training), test (used for tuning of the model134

parameters), and OOD (never seen during training or parameter setting, and intended to measure135

the generalization properties of the model). Supplementary Tables 1–5 shows the R2 metrics (see136

Methods) for the performance of the CPA on these datasets and various splits.137

Sci-plex from Srivatsan et al. [35] contains measurements of a human lung adenocarcinoma cell138

line treated with four drug perturbations at increasing doses. In this scenario, the model learns to139

generalize to the unseen dosages of the drugs. To demonstrate the OOD properties, we withheld140

cells exposed to the second to largest dose among all drugs. This choice was made because the vast141

majority of cells are dead for most of the drugs at the highest dosage, and we would not have enough142

cells to statistically test the generalizability of the CPA model. Since the latent space representation143

learned by the CPA is still high-dimensional, we can use various dimensionality reduction methods144

to visualize it, or simply depict it as a similarity matrix (Figure 2a). In Supplementary Table 2145

we compare the performance of the CPA on the OOD example on two simple baselines: taking the146

maximum dose as a proxy to the previous dose, and a linear interpolation between two measured147

doses. These results demonstrate that the model consistently achieves high scores (a maximum148

score of 1 yields perfect reconstruction) on all of the OOD cases, and on two of them significantly149

outperform the baselines for Nutlin (0.92 vs 0.85) and BMS (0.94 vs 0.89). To demonstrate how well150

the CPA captured the dose-response dynamics of individual genes, we looked at the top differentially151

expressed genes upon Nutlin perturbation (Figure 2a). The dose-response curve agrees well with the152

observed data. We additionally propose a simple heuristic to measure the model’s uncertainty (see153

Methods) with respect to unseen perturbation conditions. The model shows very low uncertainty154

on the OOD split. This observation agrees well with the CPA’s high R2 scores on the OOD example.155

However, when we tested the uncertainty of the model on a combination of two drugs (Figure 2a),156

we saw that it produces much higher uncertainty compared to single drugs. This finding agrees with157

the fact that the model never saw some drug combinations during training, and that such predictions158

are more unreliable.159

As a the second working example, we took the 96-plex-scRNAse dataset from Gehring et al. [8].160

This dataset contains 96 unique growth conditions using combinations of various doses of four drugs161

applied to HEK293T cells. We hold out several combinations of these conditions as OOD cases, as162

detailed in (Supplementary Table 3). We show that the CPA is able to reliably predict expression163

patterns of unseen drug combinations (Supplementary Table 3) and produce a meaningful latent164

perturbation latent space (Figure 2b). For this dataset, even simple baselines are not applicable165

anymore, since the expression of cells exposed to the individual drugs were not measured. We also166

confirmed that our heuristic for the measurement of uncertainty agreed with the model’s performance167

on OOD examples.168

As our third example we studied the cross-species dataset from Hagai et al.[15]. Here we show that169

the CPA can also be applied in the setting of multiple covariates, such as different species or cell170

types, and the dynamics of the covariate can be a non-monotonic function, such as time instead171

of the dose-response. In this example, bone marrow-derived mononuclear phagocytes from mouse,172

rat, rabbit, and pig were challenged with LPS (Figure 2c). The learned CPA latent space agreed173

with expected species similarities, with a relatively higher value found between rat and mouse. We174

compared the generalization abilities of the model by withholding different parts of the data for OOD175

cases: "splitO" (rat at six hours), "split1" (rat at two and six hours), "split2" (rat at two, four,176

and six hours), "split3" (rat at four and six hours), and "split" (rat and mouse at six hours. This177

last split was used for the main analysis) (Supplementary Table 4). The model produced high178

performance values compared to the performance on the test split (see Supplementary Table 5)179

on the majority of the OOD splits, and showed a comparatively lower performance when the model180

was not exposed to any LPS and rat examples with the exception of control cells. On this dataset,181

we observed that the model with the lowest performance was the one with the highest number of182

6

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted May 18, 2021. ; https://doi.org/10.1101/2021.04.14.439903doi: bioRxiv preprint 



held-out examples, yet the model uncertainty also spiked for these OOD cases, suggesting that they183

might be not reliable (Figure 2c). In contrast, for cases with high R2 scores, models were more184

certain about these predictions (Supplementary Table 4).185

CPA finds interpretable latent spaces in large-scale single-cell high-throughput screens186

The recently proposed sci-Plex assay [35] profiles thousands of independent perturbations in a single187

experiment via nuclear hashing. With this high-throughput screen, 188 compounds were tested in 3188

cancer cell lines. The panel was chosen to target a diverse range of targets and molecular pathways,189

covering transcriptional and epigenetic regulators and diverse mechanisms of action. The screened190

cell lines A549 (lung adenocarcinoma), K562 (chronic myelogenous leukemia), and MCF7 (mammary191

adenocarcinoma) were exposed to each of these 188 compounds at four doses (10 nM, 100 nM, 1192

µM, 10 µM), and scRNA-seq profiles were generated for altogether 290 thousand cells (Figure 3a).193

As above, we split the dataset into 3 subsets: train, test, and OOD. For the OOD case, we held out194

the highest dose (10 µM) of the 36 drugs with the strongest effect in all three cell lines. Drug, dose,195

and cell line combinations present in the OOD cases were removed from the train and test sets.196

CPA is able to extrapolate to the unseen OOD conditions with unexpected accuracy, as it captures197

the difference between control and treated conditions also for a compound where it did not see198

examples with the highest dose. As one example, pracinostat has a strong differential response to199

treatment compared to control, as can be seen from the distributions of the top 5 differentially200

expressed genes (Figure 3b). Despite not seeing the effect of Pracinostat at the highest dose in any201

of the three cell lines, CPA correctly infers the mean and distribution of these genes (Figure 3b).202

CPA performs well in modeling unseen perturbations, as the correlation of real and predicted values203

across OOD conditions is overall better than the correlation between real values (Figure 3c). When204

looking at individual conditions (Figure 3d), CPA does well recapitulating genes with low and high205

mean expression in the OOD condition.206

CPA has lower performance when predicting experiments with more unseen covariates. To assess the207

ability of the model to generalize to unseen conditions, we trained CPA on 28 splits with different208

held-out conditions, with one of the doses held out in anywhere between 1-3 cell lines (Figure209

3e). We see here that K562 is the hardest cell line to generalize, when considering training on two210

cell lines to generalize to another. We also see that extrapolating to the highest dose is a harder211

task than interpolating intermediate doses, which is consistent with the difficulty of anticipating the212

experimental effect of a higher dose, versus fitting sigmoidal behavior to model intermediate doses.213

When examining the shape of the sigmoid per compound learned by the model (Figure 3f), we214

see that epigenetic compounds, which caused the greatest differential expression effects, have higher215

latent response curves, indicating that CPA learns a general, cell-line agnostic response strength216

measure for compounds. This learned sigmoid behavior can then be used in conjunction with the217

latent vectors to reconstruct the gene expression of treated cells over interpolated doses (Figure218

3g).219
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Figure 3: Learning drug and cell line latent representations from massive single-cell
screens of 188 drugs across cancer cell lines. (a) UMAP representation of sci-Plex samples of
A549, K562 and MCF7 cell-lines colored by pathway targeted by the compounds to which cells were
exposed. (b) Distribution of top 5 differentially expressed genes in MCF7 cells after treatment with
Pracinostat at the highest dose for real, control and CPA predicted cells. (c) Mean gene expression
of 5,000 genes and top 50 DEGs between CPA predicted and real cells together with the top five
DEGs highlighted in red for four compounds for which the model did not see any examples of the
highest dose. (d) Box plots of R2 scores for predicted and real cells for 36 compounds and 108 unique
held out perturbations across different cell lines. Baseline indicates comparison of real compounds
with each other. (e) R2 scores box plot for all and top 50 DEGs. Each column represents a scenario
where cells exposed with specific dose for all compounds on a cell line or combinations of cell lines
were held from training and later predicted. (f) Latent dose response obtained from dose encoder
for all compounds colored by pathways. (g) Real and predicted dose response curves based on gene
expression data, for a single compound with differential dose response across three cell lines. (h)
Latent representation of 80 cell lines from L1000 dataset. (i) Two dimensional representation of
latent drug embeddings as learned by the CPA. Compounds associated with epigenetic regulation,
tyrosine kinase signaling, and cell cycle regulation pathways are colored by their respective known
pathways. The lower left panel shows latent covariate embedding for three cell lines in the data,
indicating no specific similarity preference. (j) Latent drug embedding of CPA model trained on
the bulk-RNA cell line profiles from the L1000 dataset, with focus on drugs shared with the sci-Plex
experiment from (a).
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After training, CPA learns a compressed representation of the 188 compounds, where each drug220

is represented by a single 256 dimensional vector (Figure 3i). To test whether the learned drug221

embeddings are meaningful, we asked if compounds with similar putative mechanisms of action are222

similar in latent space. This holds for a large set of major mechanisms: we find that epigenetic,223

tyrosine kinase signaling, and cell-cycle regulation compounds are clustered together by the model,224

which suggests the effectiveness of drugs with these mechanisms on these three cancer cell-lines225

which is in line with the findings in the original publication [4].226

We additionally demonstrate that the model learns universal relationships between compounds which227

remain true across datasets and modalities. Using the same set of compounds tested in the sci-Plex228

dataset together with 853 other compounds (for a total of 1000 compounds), we trained CPA on229

L1000 bulk perturbation measurement data across 82 cell lines [36]. We observed that CPA works230

equally well on bulk RNA-seq data, and also that matched epigenetic and tyrosine kinase signaling231

compounds present in sci-Plex were close to each other in the latent representation, suggesting that232

the learned model similarities apply across datasets (Figure 3j). This holds also for the other learned233

embeddings: Applying the same similarity metric to the covariate embedding - here the 82 cell lines234

- we observed that the cell line embedding learned by the model also represents cell line similarity235

in response to perturbation, as cell lines from lung tissue were clustered together (Figure 3h).236

CPA allows modeling combinatorial genetic perturbation patterns237

Combinatorial drug therapies are hypothesized to address the limited effectiveness of mono-therapies[37]238

and prevent drug resistance in cancer therapies[37–39]. However, the combined expression of a small239

number of genes often drives the complexity at the cellular level, leading to the emergence of new240

properties, behaviors, and diverse cell types [5]. To study such genetic interactions (GIs), recent241

perturbation scRNA-seq assays allow us to measure the gene expression response of a cell to the242

perturbation of genes alone or in combination[12, 13]. While experimental approaches are necessary243

to assess the effect of combination therapies, in practice, it becomes infeasible to experimentally244

explore all possible combinations without computational predictions.245

To pursue this aim, we applied our CPA model to scRNA-seq data collected from Perturb-seq (single-246

cell RNA-sequencing pooled CRISPR screens) to assess how overexpression of single or combinatorial247

interactions of 105 genes (i.e., single gene x, single gene y, and pair x+y) affected the growth of248

K562 cells [5]. In total, this dataset contains 284 conditions measured across ≈ 108, 000 single-cells,249

where 131 are unique combination pairs (i.e., x+y) and the rest are single gene perturbations or250

control cells. We observed that the latent genetic interaction manifold placed GIs inducing known251

and similar gene programs close to each other (Figure 4a). For example, consider CBL (orange252

cluster in Figure 4a): the surrounding points, comprising its regulators (e.g., UBASH3A/B) and253

multisubstrate tyrosine phosphatases (e.g., PTPN9/12 ), have all been previously reported to induce254

erythroid markers [5]. Next, we sought to assess our ability to predict specific genetic interactions.255

We examined a synergistic interaction between CBL and CNN1 in driving erythroid differentiation256

which has been previously validated [5]. We trained a CPA model with CBL+CNN1 held out257

from the training data. Overexpression of either gene leads to the progression of cells from control258

to single perturbed and doubly perturbed cells (Supplementary Fig.2a) toward the erythroid259

gene program. Overexpression of both CBL and CNN1 up-regulate known gene markers[5] such as260

hemoglobins (see HBA1/2 and HBG1/2 in Figure 4b). We observed that our model successfully261

predicted this synergistic interaction, recapitulating patterns similar to real data and inline with the262

original findings (Figure 4c). We further evaluated CPA to predict a previously reported[5] genetic263

epistatic interaction between DUSP9 and ETS1, leading to domination of the DUSP9 phenotype in264

doubly perturbed cells (Figure4 c).265
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Figure 4: Learning and predicting combinatorial genetic perturbations. (a) UMAP inferred
latent space using CPA for 281 single- and double-gene perturbations obtained from Perturb-seq[5].
Each dot represents a genetic perturbation. Coloring indicates gene programs associated to per-
turbed genes. (b) Measured and CPA-predicted gene expression for cells linked to a synergistic gene
pair (CBL+CNN1 ). Gene names taken from the original publication. (c) As (b) for an epistatic
(DUSP9+ETS ) gene pair. Top 10 DEGs of DUSP9+ETS co-perturbed cells versus control cells are
shown. (d) R2 values of mean gene-expression of measured and predicted cells for all genes (blue) or
top 100 DEGs for the prediction of all 131 combinations (13 trained models, with ≈ 10 tested combi-
nations each time) (orange). (e) R2 values of predicted and real mean gene-expression versus number
of cells in the real data (h) R2 values for predicted and real cells versus number of combinations
seen during training. (g) UMAP of measured (n=284, red dots) and CPA-predicted (n=5,329, gray
dots) perturbation combinations. (h) As (g), showing measurement uncertainty (cosine similarity).
(i) As (g), showing dominant genes in leiden clusters (25 or more observations).(j) Hierarchical clus-
tering of linear regression associated metrics between KLF1 with co-perturbed genes, in measured
and predicted cells). (k) Scaled gene expression changes (versus control) of RF-selected genes (x-
axis) in measured (purple) and predicted (yellow) perturbations (y-axis). Headers indicate gene-wise
regression coefficients, and interaction mode suggestions[5].

To systemically evaluate the CPA’s generalization behavior, we trained 13 different models while266

leaving out all cells from ≈ 10 unique combinations covering all 131 doubly perturbed conditions in267

the dataset, which were predicted following training. The reported R2 values showed robust predic-268

tion for most of the perturbations: lower scores were seen for perturbations where the evaluation was269

noisy due to sample scarcity (n < 100), or when one of the perturbations was only available as singly270

perturbed cells in the data, leading the model to fail to predict the unseen combination (Figure 4d-e,271

see Supplementary Fig. 2). To further understand when CPA performance deteriorated, we first272

trained it on a subset with no combinations seen during training, and then gradually increased the273

number of combinations seen during training. We found that overall prediction accuracy improved274

when the model was trained with more combinations, and that it could fail to predict DEGs when275

trained with fewer combinations (see n < 71 combinations in Figure 4f).276

Hence, once trained with sufficiently large and diverse training data, CPA could robustly predict277

unseen perturbations. We next asked whether our model could generalize beyond the measured278

combinations and generate in-silico all 5,329 combinations, which were not measured in the real279

dataset, but made up ≈ 98% of all possibilities. To study the quality of these predictions, we280

trained a model where all combinations were seen during training to achieve maximum training281

data and sample diversity. We then predicted 50 single-cells for all missing combinations. We282

found that, while the latent embeddings did not fully capture all the nuances in the similarity of283

perturbations compared to gene space, it provided an abstract and easier to perform high-level284

overview of potential perturbation combinations. Thus, we leveraged our latent space to co-embed285

(Figure 4g) all measured and generated data while proving an uncertainty metric based on the286

distance from the measured phenotypes (Figure 4h). We hypothesized that the closer the generated287

embedding was to the measured data. the more likely it was to explore a similar space of the genetic288

manifold around the measured data. Meanwhile, the distant points can potentially indicate novel289

behaviors, although this would require additional consideration and validation steps. Equipped290

with this information, we annotated the embedding clusters based on gene prevalence, finding that291

single genes (i.e. gene x) paired with other genes (i.e., y) as combinations (i.e., x+y) are a main292

driver of cluster separation (Figure 4i). Genes without measured double perturbations were less293

likely to be separated as independent clusters using the newly predicted transcriptomic expression294

(Supplementary Fig. 3a), suggesting that their interaction-specific effects were less variable than295

cases with at least one double perturbation available in the training data.296

To investigate the type of interaction between the newly predicted conditions, we compared the297

differences between double and single perturbations versus control cells and thus annotated their298
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interaction modes (adapted from [5] for in silico predictions). In each gene-specific cluster, we ob-299

served variability across these values, suggesting that our predictions contained granularity that went300

beyond single gene perturbation effects, and could not be fully dissected by two dimensional embed-301

dings. Upon curation of gene perturbations using these metrics and the levels of experimental data302

available (Supplementary Fig. 3b), we decided to predict and annotate interaction modes based303

on these values when double measurements were available for at least one gene. For example, we ob-304

served clustering of KLF1 and partner gene perturbation pairs solely from these metrics, suggesting305

the existence of several interaction modes (Figure 4j). When we further examine the differen-306

tially expressed genes in each co-perturbation, our metrics validated previously reported epistatic307

interactions (CEBPA), and proposed new ones with KLF1 -dominant behavior (NCL), gene synergy308

(FOXA3 ), and epistasis (PTPN13 ), among others (Figure 4k). Repeating this analysis across all309

measured and predicted double perturbations, we found genes with potential interaction prevalences310

(Supplementary Fig. 3c). Among genes which repeatedly respond to several perturbations, we311

found common gene expression trends in both direction and magnitude (Supplementary Fig. 3d),312

suggesting that variation is modulated by conserved gene regulatory principles that are potentially313

captured in our learned model.314

Altogether, our analysis indicated that double perturbation measurements can be generated by CPA315

by leveraging genetic perturbation data, which when combined with an uncertainty metric allows us316

to generate and interpret gene regulatory rules in the predicted gene-gene perturbations.317

318

Discussion319

In-silico prediction of cell behavior in response to a perturbation is critical for optimal experiment320

design and the identification of effective drugs and treatments. With CPA, we have introduced a321

versatile and interpretable approach to modeling cell behaviors at single-cell resolution. CPA is322

implemented as a neural network trained using stochastic gradient descent, scaling up to millions of323

cells and thousands of genes.324

We applied CPA to a variety of datasets and tasks, from predicting single-cell responses to learning325

embeddings, as well as reconstructing the expression response of compounds, with variable drug-326

dose combinations. Specifically, we illustrated the modeling of perturbations across dosage levels327

and time series, and have demonstrated applications in drug perturbation studies, as well as genetic328

perturbation assays with multiple gene knockouts, revealing potential gene-gene interaction modes329

inferred by our model predicted values. CPA combines the interpretability of linear decomposition330

models with the flexibility of nonlinear embedding models.331

While CPA performed well in our experiments, it is well known that in machine learning there is332

no free lunch, and as with any other machine learning model, CPA will fail if the test data are very333

different from the training data. To alert CPA users to these cases, it is crucial to quantify model334

uncertainty. To do so, we implemented a distance-based uncertainty score to evaluate our predictions.335

Additionally, scalable Bayesian uncertainty models are promising alternatives for future work[40].336

Although we opted to implement a deterministic autoencoder scheme, extensions towards variational337

models[17, 23], as well as cost functions other than mean squared error[22] are straightforward.338

Aside from CPA, existing methods[17, 26] such as scGen[16] have also been shown capable of predict-339

ing single-cell perturbation responses when the dataset contains no combinatorial treatment or dose-340

dependent perturbations. Therefore, it may be beneficial to benchmark CPA against such methods341

on less complicated scenarios with few perturbations. However, this approach might not be practical,342

considering the current trend towards the generation of massive perturbation studies[4, 5, 12].343

Currently, the model is based on gene expression alone, so it cannot directly capture other levels344

of interactions or effects, such as those due to post-transcriptional modification, signaling, or cell345

communication. However, due to the flexibility of neural network-based approaches, CPA could346
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be extended to include other modalities, for example via multimodal single-cell CRISPR[41, 42]347

combined scRNA- and ATAC-seq[43, 44] and CUT&Tag[45, 46]. In particular, we expect spatial348

transcriptomics[47, 48] to be a valuable source for extensions to CPA due to its high sample number349

and the dominance of DL models in computer vision.350

The CPA model is not limited to single-cell perturbations. While we chose the single-cell setting due351

to the high sample numbers available, the CPA could readily be applied to large-scale bulk cohorts,352

in which covariates might be patient ID or transcription factor perturbation. These and any other353

available attributes could be controlled independently[31] to achieve compositional, interpretable354

predictions. Any bulk compositional model may be combined with a smaller-scale single-cell model355

to compose truly multi-scale models of observed variance. The flexibility of the DL setting will also356

allow addition of constraints on perturbation or covariate latent spaces. These could, for example,357

be the similarity of chemical compounds[49], or clinical-covariate induced differences of patient IDs.358

The key feature of the CPA versus a normal autoencoder is its latent space disentanglement and the359

induced interpretability of the perturbations in the context of cell states and covariates. Eventually,360

any aim in biology is not only blind prediction, but mechanistic understanding. This objective is361

exemplified by the direction that DL models are taking in sequence genomics, where the aim is not362

only the prediction of new interactions, but also the interpretation of the learned gene regulation363

code. We therefore believe that CPA can not only be used as a hypothesis generation tool for364

in-silico screens but also as an overall data approximation model. Deviations from our assumed365

data generation process (see Methods) would then tell us about missing information in the given366

data set and/or missing aspects in the factor model. By including multiple layers of regulation,367

the resulting model can grow in flexibility for prediction and for mechanistic understanding on for368

example synergistic gene regulation or other interactions.369

Finally, we expect CPA to facilitate new opportunities in expression-based perturbation screen-370

ing, not only to learn optimal drug combinations, but also in how to personalize experiments and371

treatments by tailoring them based on individual cell response.372
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406

Methods407

Data generating process408

We consider a dataset D = {(xi, di, ci)}Ni=1, where each xi ∈ RG describes the gene expression of G409

genes from cell i. The perturbation vector di = (di,1, . . . , di,M ) contains elements di,j ≥ 0 describing410

the dose of drug j applied to cell i. If di,j = 0, this means that perturbation j was not applied to411

cell i. Unless stated otherwise, the sequel assumes column vectors. Similarly, the vector of vectors412

ci = (ci,1, . . . ci,K) contains additional discrete covariates such as cell-types or species, where each413

covariate is itself a vector. More specifically, ci,j is a Kj-dimensional one-hot vector.414

We assume that an unknown generative model produced our dataset D. The three initial components415

of this generative process are a latent (unobserved) basal latent state zbasal
i for cell i, together with its416

perturbation vector di and covariate vector ci. We assume that the basal latent state is independent417

from the perturbation vector di and covariate vector ci. Next, we form the latent (also unobserved)418

perturbed latent state zi as:419

zi = zbasal
i + V perturbation · (f1(di,1), . . . , fM (di,M )) +

∑

j=1,...,K

V covj · ci,j (1)

In this equation, each column of the matrix V perturbation ∈ Rd×M represents a d-dimensional embed-420

ding for one of the M possible perturbations represented in di. Similarly, each column of the matrix421

V covj ∈ Rd×Kj represents a d-dimensional embedding for the j-th discrete covariate, represented as422

a Kj-dimensional one-hot vector ci,j . The functions fj : R→ R scale non-linearly each of the di,j in423

the perturbation vector di, therefore implementing M independent dose-response (or time-response)424

curves. Finally, we assume that the generative process returns the observed gene expression xi by425

means of an unknown decoding distribution p(xi|zi). This process builds the observation (xi, di, ci),426

which is then included in our dataset D.427

14

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted May 18, 2021. ; https://doi.org/10.1101/2021.04.14.439903doi: bioRxiv preprint 



Compositional Perturbation Autoencoder (CPA)428

Assuming the generative process described above, our goal is to train a machine learning model429

x′i =M((xi, di, ci), d
′) such that, given a dataset triplet (xi, di, ci) as well as a target perturbation d′,430

estimates the gene expression x′i. The term x′i represents what would the counterfactual distribution431

of the gene expression xi with covariates ci look like, had it been perturbed with d′ instead of di.432

Given a dataset and a learning goal, we are now ready to describe our proposed model, the Com-433

positional Perturbation Autoencoder (CPA). In the following, we describe separately how to train434

and test CPA models.435

Training436

The training of a CPA model consists in auto-encoding dataset triplets (xi, di, ci). That is, during437

training, a CPA model does not attempt to answer counterfactual questions. Instead, the training438

process consists in (1) encoding the gene expression xi into an estimated basal state ẑbasal
i that does439

not contain any information about (di, ci), (2) combining ẑbasal
i with learnable embeddings about440

(di, ci) to form an estimated perturbed state ẑi, and (3) decoding ẑi back into the observed gene441

expression xi.442

More specifically, the CPA model first encodes the observed gene expression xi into an estimated
basal state:

ẑbasal
i = f̂ enc(xi).

In turn, the estimated basal state is used to compute the estimated perturbed state ẑi:443

ẑi := ẑbasal
i + V̂ perturbation · (f̂1(di,1), . . . f̂M (di,M )) +

∑

j=1,...,K

V̂ covj · ci,j (2)

Contrary to (1), this expression introduces three additional learnable components: the perturba-444

tion embeddings V̂ perturbation, the covariate embeddings V̂ covand the learnable dose-response curves445

(f̂1, . . . , f̂M ), here implemented as small neural networks constrained to satisfy f̂j(0) = 0.446

As a final step, a decoder f̂dec accepts the estimated perturbed state ẑi and returns f̂dec
µ (ẑi) and447

f̂dec
σ2 (ẑi), that is, the estimated mean and variance of the counterfactual gene expression x′i.448

To train CPA models, we use three loss functions. First, the reconstruction loss function is the449

Gaussian negative log-likelihood:450

`i :=
log s(f̂dec

σ2 (ẑi))

2
+

(f̂dec
µ (ẑi)− x′i)2

2 · s(f̂dec
σ2 (ẑi))

, (3)

where s(σ2) = log(exp(σ2 + 10−3) + 1) enforces a positivity constraint on the variance and adds451

numerical stability. This loss function rewards the end-to-end auto-encoding process if producing452

the observed gene expression xi.453

Second, and according to our assumptions about the data generating process, we are interested in
removing the information about (di, ci) from ẑbasal

i . To achieve this information removal, we follow
an adversarial approach [31]. In particular, we set up the following auxiliary loss functions:

`di := CrossEntropy(f̂adv
d (ẑbasal

i ), di),

`ci,j := CrossEntropy(f̂adv
ci,j (ẑ

basal
i ), ci,j), ∀j = 1, . . . ,K.

The functions f̂adv
d , f̂adv

ci,j are a collection of neural network classifiers trying to predict about (di, ci)454

given the estimated basal state ẑbasal
i .455

Given this collection of losses, the training process is an optimization problem that repeats the456

following two steps:457

15

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted May 18, 2021. ; https://doi.org/10.1101/2021.04.14.439903doi: bioRxiv preprint 



1. sample (xi, di, ci) ∼ D, minimize `di +
∑

j `
c
i,j by updating the parameters of f̂adv

d and f̂adv
ci,j , for458

all j = 1, . . . ,K;459

2. sample (xi, di, ci) ∼ D, minimize `i−λ·(`di +
∑

j `
c
i,j) by updating the parameters of the encoder460

f̂ enc, the decoder f̂dec, the perturbation embeddings V̂ perturbation, the covariate embeddings461

V̂ covj for all j = 1, . . . ,K, and the dose-response curve estimators (f̂1, . . . , f̂M ).462

Testing463

Given an observation (xi, di, ci) and a counterfactual treatment d′, we can use a trained CPA model464

to answer what would the counterfactual distribution of the gene expression xi with covariates ci465

look like, had it been perturbed with d′ instead of di. To this end, we follow the following process:466

1. Compute the estimated basal state ẑbasal
i = f̂ enc(xi);467

2. Compute the counterfactual perturbed state ẑ′i

ẑ′i := ẑbasal
i + V̂ perturbation · (f̂1(d′i,1), . . . f̂M (d′i,M )) +

∑

j=1,...,K

V̂ covj · ci,j .

Note that in the previous expression, we are using the counterfactual treatment d′ instead of468

the observed treatment di.469

3. Compute and return the counterfactual gene expression mean x′i,µ:

x′i,µ = f̂dec
µ (ẑ′i),

and variance x′i,σ2 :
x′i,σ2 = f̂dec

σ2 (ẑ′i).

Hyper-parameters and training.470

For each dataset, we perform a random hyper-parameter search of 100 trials. The table below471

outlines the distribution of values for each of the hyper-parameters involved in CPA training.472

Group Hyperparameter Default value Random search distribution

general
embedding dimension 256 RandomChoice([128, 256, 512])
batch size 128 RandomChoice([64, 128, 256, 512])
learning rate decay, in epochs 45 RandomChoice([15, 25, 45])

nonlinear scalers

hidden neurons, nonlinear scalers 64 RandomChoice([32, 64, 128])
hidden layers 2 RandomChoice([1, 2, 3])
learning rate 1e-3 10Uniform(−4,−2)
weight decay 1e-7 10Uniform(−8,−5)

encoder and decoder

hidden neurons, encoder and decoder 512 RandomChoice([256, 512, 1024])
hidden layers 4 RandomChoice([3, 4, 5])
learning rate 1e-3 10Uniform(−4,−2)
weight decay 1e-6 10Uniform(−8,−4)

discriminator

hidden neurons, discriminator 128 RandomChoice([64, 128, 256])
hidden layers 3 RandomChoice([2, 3, 4])
regularization strength 5 10Uniform(−2, 2)
gradient penalty 3 10Uniform(−2, 1)
learning rate 3e-4 10Uniform(−5,−3)
weight decay 1e-4 10Uniform(−6,−3)
number of learning steps 3 RandomChoice([1, 2, 3, 4, 5])

473

Model evaluation.474

We use several metrics to evaluate the performance of our model: (1) quality of reconstruction for in475

and OOD cases and (2) quality of disentanglement of cell information from perturbation information.476
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We split each dataset into 3 subsets: train, test, and OOD. For OOD cases, we choose combinations477

of perturbations that exhibit unseen behavior. This usually corresponds to the most extreme drug478

dosages. We select one perturbation combination as "control". Usually these are Vehicle or DMSO479

if real control samples are present in the dataset, otherwise we choose a drug perturbation at a480

lower dosage as "control". For the evaluation, we use the mean squared error of the reconstruction481

of an individual cell and average it over the cells for the perturbation of interest. As an additional482

metric we use classification accuracy in order to check how well the information about the drugs was483

separated from the information about the cells.484

Uncertainty estimation.485

To estimate the uncertainty of the predictions we use as a proxy the minimum distance between the486

queried perturbation and the set of conditions (covariate + perturbation combinations) seen during487

training (Supplementary Fig.1). Intuitively, we expect predictions on queried conditions that are488

more distant from the set of seen conditions to be more uncertain. To estimate this distance we first489

compute the set of embeddings of the training covariate and perturbation combinations:490

ẑcomb = V̂ perturbation · (f̂1(d′1), . . . f̂M (d′M )) +
∑

j=1,...,K

V̂ covj · cj . (4)

The latent vector for the queried condition is obtained in the same manner. The cosine and euclidean
distances from the training embedding set are computed and the minimum distance is used as a proxy
for uncertainty.

ucosine = min(1− SC(ẑ
query, ẑcomb)) (5)

ueucl = min(d(ẑquery, ẑcomb)) (6)

Where SC(x,y) stands for the cosine similarity and d(x, y) for the euclidean distance between the491

two vectors.492

With this methodology, in the case of a drug screening experiment, if we query a combination of493

cell type, drug, and dosage that was seen during training, we get an uncertainty of zero, since this494

combination was present in the training set. It is important to note that with this method we obtain495

a condition-level uncertainty, in that all cells predicted under the same query will have the same496

uncertainty, thus not taking cell specific information into account.497

R2 score498

We used the r2_score function from scikit-learn which reports R2 (coefficient of determination)499

regression score.500

Datasets501

Gehring et al.502

This dataset[8] comprises of 21, 191 neural stem cells (NSCs) cells perturbed with EGF/bFGF,503

BMP4, decitabine, scriptaid, and retinoic acid. We obtained normalized data from the original504

authors and after QC filtering 19, 637 cells remained. We further selected 5, 000 highly variable505

genes (HVGs) using SCANPY’s[50] highly_variable_genes function for training and evaluation of506

the model.507

Genetic CRISPR screening experiment508

We obtained the raw count matrices from Norman et al.[5] from GEO (accession ID GSE133344).509

According to authors guide, we excluded "NegCtrl1_NegCtrl0__NegCtrl1_NegCtrl0" control cells510
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and merged all unperturbed cells as one "ctrl" condition. We then normalized and log-transformed511

the data using SCANPY and selected 5, 000 HVGs for training. The processed dataset contained512

108, 497 cells.513

Cross-species experiment514

The data was generated by Hagai et al.[15] and downloaded from ArrayExpress (accession: E-MTAB-515

6754). The data consists of 119, 819 phagocytes obtained from four different species: mouse, rat, pig516

and rabbit. Phagocytes were treated with lipopolysaccharide (LPS) and the samples were collected517

at different time points: 0 (control), 2, 4, and 6 hours after the beginning of treatment. All genes518

from non-mouse data were mapped to the respective orthologs in the mouse genome using Ensembl519

ID annotations. We filtered out cells with a percentage of counts belonging to mitochondrial genes520

higher than 20%, then proceeded to normalize and log-transform the count data. For training and521

evaluation, we selected 5000 HVG using SCANPY. After filtering, the data consists of 113, 400 cells.522

sci-Plex 2523

The data was generated by Srivatsan et al. [35] and downloaded from GEO (GSM4150377). The524

dataset consists of A549 cells treated with one of the following four compounds: dexamethasone,525

Nutlin-3a, BMS-345541, or vorinostat (SAHA). The treatment lasted 24 hours across seven different526

doses. The count matrix obtained from GEO consists of 24, 262 cells. During QC we filtered527

cells with fewer than 500 counts and 720 detected genes. We discarded cells with a percentage of528

mitochondrial gene counts higher than 10%, thus reducing the dataset to 14, 811 cells. Genes present529

in fewer than 100 cells were discarded. We normalized the data using the size factors provided by530

the authors and log-transformed it. We selected 5000 HVGs for training and further evaluations.531

sci-Plex 3532

The data was generated by Srivatsan et al.[35] and downloaded from GEO (GSM4150378). The533

dataset consists of three cancer cell lines (A549, MCF7, K562), which are treated with 188 different534

compounds with different mechanisms of action. The cells are treated with 4 dosages (10, 100, 1000,535

and 10000 nM) plus vehicle. The count matrix obtained from GEO consists of 581,777 cells. The data536

was subset to half its size, reducing it to 290,888 cells. We then proceeded with log-transformation537

and the the selection of 5000 HVGs using SCANPY.538

Interpretation of combinatorial genetic interactions by perturbation pairs and respon-539

der genes540

In the case of genetic screening, previous work by [5] proposed a set of metrics to annotate and541

classify gene-gene interactions based on responder genes. Based on this, here we used measured or542

predicted gene expression differences with respect to control cells (δ), for gene perturbations a (δa),543

b (δb) and double perturbations ab (δab), to calculate interaction types by similarity between these544

three expression vectors.545

More specifically, to calculate association coefficients, we use the linear regression coefficients c1 and546

c2 obtained from the model547

δab = δac1 + δbc2 (7)

To describe interaction modes, we used the following metrics.548

1. similarity between predicted and observed values: dcor(δac1 + δbc2, δab).549

2. linear regression coefficients: c1 and c2.550

3. magnitude: (c21 + c22)
1/2.551

4. dominance: |log10(c1/c2)|.552
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5. similarity of single transcriptomes: dcor(a, b)553

6. similarity of single to double transcriptomes: dcor([a, b], ab).554

7. equal contributions: min(dcor(a,b),dcor(b,ab)
max(dcor(a,b),dcor(a,ab) .555

Following clustering and comparison of these metrics across measured and predicted cells, we decided556

the following rules of thumb to define and annotate interaction modes:557

1. epistatic: min(abs(c1), abs(c2)) > 0.2 and either (i) (abs(c1) > 2abs(c2)) or (ii) (abs(c2) >558

2abs(c1))559

2. potentiation: magnitude > 1 and abs(dcor(a, b)) - 1 > 0.2.560

3. strong sinergy (similar phenotypes): magnitude > 1 and abs(dcor([a, b], ab)) - 1 > 0.2561

4. strong sinergy (different phenotypes): magnitude > 1 and abs(dcor(a, b)) - 1 > 0.5.562

5. additive: abs(magnitude) - 1 < 0.1.563

6. redundant: abs(dcor([a, b], ab)) - 1 < 0.2 and abs(dcor(a, b)) - 1 < 0.2564

More than one genetic interaction can be suggested from these rules. In those cases, we did not565

assign any plausible interaction. For visualization purposes, we consider perturbed genes with 50 or566

more interaction modes reported with other co-perturbed genes (Supplementary Fig.3c).567

To visualize differentially expressed genes with similar response across perturbations (Supplementary568

Fig.3d), we trained a random forest classifier using as prediction labels control, a, b and ab cells,569

and gene expression as features. We retrieved the top 200 genes from this approach. Then, we570

annotated the direction (positive or negative) and the magnitude of those changes versus control571

cells, generating a code for clustering and visualization. To label genes with potential interaction572

effects, we labeled them if the double perturbation predicted magnitude is 1.5x times or higher than573

the best value observed in single perturbations.574
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a

b c d

Supplementary Figure 1: CPA uncertainty estimation. (a) Schematic representation of the
steps involved in uncertainty estimation in the case of a dataset with two cell types and two drugs
(single dosage per drug). The covariate and perturbation latent vectors are summed in order to
generate the set of combinations in the training set. The distances from the query vector and all
the vectors in the set are then computed. The closest distance is used as a proxy for uncertainty
in the prediction of the model. (b) Example of uncertainty across dosages of Dexamethasone in
the sci-Plex 2 dataset. The ticks on the x-axis (log-scaled) indicate dosages seen at training time
for which the uncertainty is 0. The dosages were min-max normalized. (c) 2D plot of uncertainty
across dosages (min-max normalized) of two different drugs and combinations thereof in the sci-Plex
2 dataset. (d) Example histogram of cosine distances between the SAHA (dose=0.5) and the vectors
in the set of training perturbations. The distribution shows that training vectors belonging to the
same perturbation but with different dosages have the lowest uncertainties, with other drugs being
increasingly more distant.
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Supplementary Figure 2: Performance evaluation for CPA combinatorial predictions.
(a) UMAP representation of control (ctrl), singly perturbed (CBL+ctrl, ctrl+CNN1) and dou-
bly (CBL+CNN1) perturbed cells. (b) R2 scores for all genes (blue) or top 100 DEGs (orange)
for the prediction of all 131 combinations in the data by training 13 different models and leaving
out ≈ 10 combinations each time. (c) Scatter plots of number of samples in the real data for each
combination (x-axis) versus R2 values for the variance of predicted and real for that combination
(d) Box-plots of R2 values for variance for predicted and real cells while increasing the number of
combinations seen during training.
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Supplementary Figure 3: Gene-gene interaction insights revealed from genetic perturba-
tion predictions using CPA. (a) Number of single gene observations in leiden clusters for gen-
erated measurements (from Figure 4i). Most leiden clusters contain a prevalence for one perturbed
gene. The majority of genes without measured double perturbations share a limited number of clus-
ters. (b) Quality control and interaction metrics to compare gene expression differences between
single and double perturbations. Metrics vary based on number of genes with a measured double
perturbation (See Methods for definitions). (c) Interaction mode counts predicted for all genes
based on interaction metrics (based on [5]). (d) (left) Gene expression changes for double perturba-
tions (ab) versus single perturbations (a, b), are compared by direction and magnitude. Positive (+)
and negative (-) labels indicate increase/decrease versus control cells, and double positive/negative
(++/- -) indicate values higher than 1.5 times the highest comparable value in single perturbations.
(right) 500 genes with highest prevalence in differentially expressed genes across datasets, clustered
by prevalent response types from single and double perturbations.
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condition dose_val R2_mean R2_mean_DE R2_var split num_cells

SAHA 0.01 0.99 0.99 0.95 test 160
SAHA 0.005 0.98 0.98 0.93 test 143
SAHA 0.05 0.98 0.95 0.93 test 118
SAHA 1.0 0.98 0.95 0.91 test 137
SAHA 0.001 0.97 0.97 0.92 test 169
SAHA 0.1 0.96 0.86 0.94 test 129
SAHA 0.5 0.96 0.86 0.89 ood 604
Nutlin 0.001 0.98 0.98 0.94 test 135
Nutlin 0.05 0.98 0.98 0.94 test 136
Nutlin 0.005 0.98 0.97 0.94 test 107
Nutlin 0.1 0.98 0.97 0.94 test 200
Nutlin 0.01 0.98 0.97 0.93 test 180
Nutlin 0.5 0.92 0.86 0.84 ood 265
Nutlin 1.0 0.26 0.61 0.00 test 1
Dex 0.5 0.99 0.99 0.98 ood 864
Dex 1.0 0.99 0.98 0.95 test 222
Dex 0.1 0.99 0.94 0.96 test 218
Dex 0.05 0.98 0.90 0.93 test 210
Dex 0.001 0.95 0.87 0.89 test 123
Dex 0.01 0.95 0.61 0.89 test 238
Dex 0.005 0.94 0.53 0.88 test 108
BMS 0.001 0.98 0.97 0.92 test 212
BMS 0.005 0.97 0.99 0.92 test 151
BMS 0.5 0.95 0.89 0.78 ood 34
BMS 0.01 0.95 0.80 0.86 test 82
BMS 0.05 0.93 0.87 0.75 test 59
BMS 0.1 0.92 0.89 0.74 test 50
BMS 1.0 0.55 -0.87 0.21 test 6

Supplementary Table 1 | Performance scores for the sci-Plex 2 dataset. To improve readability the
columns are sorted by: condition (first priority) and scores (second priority).

condition R2_mean R2_mean_DE method

SAHA 0.98 0.94 linear
SAHA 0.96 0.86 CPA
Nutlin 0.92 0.86 CPA
Nutlin 0.85 0.80 linear
Dex 1.00 1.00 linear
Dex 0.99 0.99 CPA
BMS 0.95 0.89 CPA
BMS 0.89 0.85 linear

Supplementary Table 2 | A simple benchmark on OOD split for the sci-Plex 2 dataset.
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condition dose_val R2_mean R2_mean_DE R2_var split num_cells

EGF+RA 0.2+1.0 0.98 0.95 0.84 test 553
EGF+RA 1.0+1.0 0.97 0.94 0.67 test 199
EGF+RA 0.2+0.2 0.96 0.98 0.89 test 87
EGF+RA 0.04+1.0 0.96 0.90 0.60 test 54
EGF+RA 1.0+0.2 0.95 0.91 0.75 test 30
EGF 0.2 0.98 0.96 0.86 test 90
EGF 1.0 0.94 0.71 0.60 test 73
BMP+RA 0.2+1.0 0.91 0.84 0.60 test 22
BMP+EGF+ScripDec 0.2+0.2+1.0 0.97 0.97 0.82 ood 166
BMP+EGF+ScripDec 0.04+0.04+1.0 0.97 0.96 0.61 test 28
BMP+EGF+ScripDec 0.04+0.2+1.0 0.97 0.94 0.50 test 39
BMP+EGF+ScripDec 0.2+0.2+0.2 0.97 0.92 0.65 ood 304
BMP+EGF+ScripDec 0.04+0.2+0.2 0.97 0.91 0.74 test 33
BMP+EGF+ScripDec 0.2+0.04+1.0 0.96 0.96 0.26 test 32
BMP+EGF+ScripDec 0.2+0.04+0.2 0.96 0.94 0.34 test 20
BMP+EGF+ScripDec 1.0+0.2+0.2 0.96 0.91 0.74 ood 113
BMP+EGF+ScripDec 0.2+1.0+1.0 0.95 0.89 0.51 ood 112
BMP+EGF+ScripDec 0.04+0.04+0.2 0.95 0.87 0.52 test 19
BMP+EGF+ScripDec 0.2+1.0+0.2 0.95 0.83 0.58 ood 105
BMP+EGF+ScripDec 0.04+1.0+1.0 0.94 0.96 0.57 test 17
BMP+EGF+ScripDec 1.0+0.04+0.2 0.91 0.86 0.51 test 15
BMP+EGF+RA 0.04+1.0+0.2 0.98 0.99 0.85 test 50
BMP+EGF+RA 0.2+0.04+0.2 0.98 0.98 0.74 test 63
BMP+EGF+RA 0.04+1.0+1.0 0.98 0.97 0.86 test 198
BMP+EGF+RA 0.04+0.2+1.0 0.97 0.96 0.88 test 552
BMP+EGF+RA 0.2+0.04+1.0 0.97 0.96 0.70 test 48
BMP+EGF+RA 0.04+0.2+0.2 0.97 0.92 0.80 test 73
BMP+EGF+RA 0.2+0.2+0.2 0.97 0.88 0.52 ood 206
BMP+EGF+RA 0.04+0.04+0.2 0.96 0.96 0.73 test 24
BMP+EGF+RA 0.2+1.0+0.2 0.96 0.89 0.66 ood 216
BMP+EGF+RA 0.2+1.0+1.0 0.96 0.87 0.66 ood 147
BMP+EGF+RA 0.2+0.2+1.0 0.95 0.77 0.59 ood 132
BMP+EGF 0.04+0.2 0.97 0.98 0.78 test 96
BMP+EGF 0.04+1.0 0.97 0.92 0.81 test 209
BMP+EGF 0.04+0.04 0.97 0.92 0.75 test 39
BMP+EGF 1.0+0.04 0.95 0.86 0.33 test 19
BMP+EGF 1.0+1.0 0.94 0.75 0.06 ood 113

Supplementary Table 3 | Performance scores for the 96-plex-scRNAseq dataset. For the readability the
columns are sorted by: condition (first priority) and scores (second priority).
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split species time R2_mean R2_mean_DE R2_var num_cells

split4 rat 6.0 0.97 0.91 0.85 7827
split4 rat 6.0 0.96 0.86 0.89 7827
split4 mouse 6.0 0.97 0.90 0.81 5280
split4 mouse 6.0 0.96 0.85 0.93 5280
split3 rat 6.0 0.89 0.70 0.72 7827
split3 rat 6.0 0.86 0.55 0.40 7827
split3 rat 4.0 0.95 0.80 0.80 5755
split3 rat 4.0 0.94 0.77 0.63 5755
split2 rat 6.0 0.55 -0.65 -2.18 7827
split2 rat 6.0 0.54 0.02 0.02 7827
split2 rat 4.0 0.74 -0.47 0.26 5755
split2 rat 4.0 0.39 -0.85 -0.47 5755
split2 rat 2.0 0.81 -0.41 0.49 7025
split2 rat 2.0 0.41 -0.96 -0.64 7025
split1 rat 6.0 0.97 0.91 0.92 7827
split1 rat 6.0 0.97 0.91 0.92 7827
split1 rat 2.0 0.96 0.90 0.90 7025
split1 rat 2.0 0.96 0.90 0.90 7025
split0 rat 6.0 0.97 0.89 0.90 7827
split0 rat 6.0 0.96 0.90 0.81 7827

Supplementary Table 4 | Performance scores for the cross-species dataset across different splits.

species time R2_mean R2_mean_DE R2_var split num_cells

rat 2.0 1.00 1.00 0.99 test 2138
rat 4.0 1.00 1.00 0.99 test 1715
rat 6.0 0.96 0.86 0.89 ood 7827
rabbit 6.0 0.99 0.99 0.99 test 2088
rabbit 2.0 0.99 0.99 0.98 test 2662
rabbit 4.0 0.99 0.96 0.98 test 1732
pig 6.0 0.99 0.99 0.99 test 1535
pig 4.0 0.99 0.98 0.99 test 1954
pig 2.0 0.99 0.98 0.98 test 1662
mouse 2.0 1.00 0.99 0.99 test 2904
mouse 4.0 1.00 0.99 0.99 test 2793
mouse 6.0 0.96 0.85 0.93 ood 5280

Supplementary Table 5 | Performance scores for the cross-species dataset.
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