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ABSTRACT

Single-cell perturbation screens enable detailed profiling of complex cellular re-
sponses but experiments remain costly in both time and resources. Bayesian opti-
mization (BO) has been proven effective in data-limited and evaluation-expensive
settings, including industrial and molecular design. Recent emergence of large-
scale perturbation atlases have opened up the opportunity to inform and guide the
design of future experiments. As the experimental design of perturbation atlases
becomes more complex, there is a growing need for methods that can identify
the most informative axes of variation from the design space of these atlases for
the optimal design of experiments that are often inherently multi-objective. In
this paper, we extend the existing work on single-axis design spaces to multi-axis
complex design spaces, and construct a design space for the Human Cytokine
Dictionary (HuCIRA). We introduce Derivative-based Global Sensitivity Mea-
sures (DGSM) for single-cell perturbation experimental design and demonstrate
that DGSM is an effective strategy for querying the axes of variation relevant
to an objective from the HuCIRA perturbation atlas. To demonstrate the practi-
cal effectiveness of our framework for representing multi-axis design spaces in
large-scale perturbation atlases, we emulate a multi-objective Bayesian optimiza-
tion (MOBO) experiment using HuCIRA, showing that the selected experimental
designs jointly optimize perturbation objectives. We envision that our proposed
framework can be used in the design and utilization of current and future pertur-
bation experiments and atlases.

1 INTRODUCTION

Single-cell perturbation screens systematically investigate gene functions and pathways and reveal
heterogeneous cellular responses at single-cell resolution. However, due to the infinite combination
of cell states, genetic background, perturbagens, dosage and time points, it is unfeasible to exhaus-
tively explore the full space of experimental conditions. The design of perturbation experiments has
become an optimization problem under extreme cost constraints.

Large-scale perturbation atlases with single-cell readout have been emerging over recent years Sri-
vatsan et al. (2020)Replogle et al. (2022)Zhang et al. (2025)Oesinghaus et al. (2025). These atlases
capture transcriptomic profiles of millions of cells, under hundreds of chemical or genetic pertur-
bations at several time points and dosages, which accelerates the methodological developments for
virtual screening, cell state engineering and biological hypothesis generation. Recent perspectives
envision the extension of perturbation atlases towards increased context and readout diversity as well
as combinatorial perturbations Rood et al. (2024)Dimitrov et al. (2026). In line with this initiative,
companies such as TAHOE and Parse Biosciences are partnering with leading research institutes
to generate foundational perturbation atlases at unprecedented scale, fueling research and model
development efforts toward virtual cells.Tahoe Therapeutics (2026)Parse Biosciences (2026).

*These authors contributed equally to this work.
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The generation of large perturbation atlases brings new opportunities and challenges. One realistic
consideration in the experimental design is the optimization of the multi-dimensional design space
under time and resource constraints. For example, one needs to navigate the trade-off between the
breadth and depth of the experiment: determining whether to expand the number of perturbations, or
have the perturbation on a wider range of biological contexts (e.g. diverse cell lines). Such decisions
have to be made in order to derive a diverse response landscape that best facilitates the inference of
cause-effect relationships. Current experimental design tools focus on the iterative selection of genes
Li et al. (2025) or small molecules to optimize hit rates with active learning and acquisition functions
Mehrjou et al. (2021)Huang et al. (2024), but ignore the selection of biological contexts as a primary
goal. Notably, these prior works are concerned with optimizing designs along a single experimental
axis.

Once a perturbation atlas is generated, another challenge is to use them as prior knowledge to in-
form future perturbation screens, for example, to nominate perturbations for cell state engineering.
BioDiscoveryAgent Roohani et al. (2024), an LLM-based AI agent was developed to optimize gene
selections by leveraging literature search and gene search based on biological databases, but does
not explicitly learn from large-scale perturbation atlases. A recent review compares the effect of
random or meaningful feedback from the experimental loop to the AI agent, and claims that LLMs
depend heavily on priors and do not learn from experimental feedback Gupta et al. (2025). This
motivates the need for an experimental design framework that is capable of learning the functional
relationships from the perturbation atlases and enable knowledge transfer across contexts to guide
smaller experiments.

To address these challenges, we leveraged the Bayesian Optimization (BO) framework for pertur-
bation experimental design. Thanks to recent methodological advances in high-dimensional BO
Papenmeier et al. (2025) and multi-objective acquisition functions Ament et al. (2023), BO has be-
come well-suited for modeling the perturbation design space as well as optimizing solutions that
balance exploration and exploitation. The BO framework also allows the navigation of trade-offs
among design axes. In particular Belakaria et al. (2024) proposed a derivative-based global sensitiv-
ity measurement in BO, that specifically measures the sensitivity of the optimization objective with
respect to each design axis.

In this paper, we present a BO framework that scales to single-cell perturbation atlases, accommo-
dates complex design spaces and multi-objective optimizations, and enables sensitivity analysis with
respect to each experimental axis. Our contributions are as follows:

• We extend the existing single-axis design space formulations to multiple-axes, complex
designs.

• We apply this formulation to model a complex design space for the Human Cytokine Dic-
tionary.

• We provide a framework that identifies objective-specific axes of variation from perturba-
tion atlases to guide future experimental design via derivative-based sensitivity analysis.

• We show that selections by MOBO based on the formulated design space are jointly optimal
for a set of perturbation objectives.

2 METHODS

2.1 DATASET

We used the recently published Human Cytokine Dictionary (HuCIRA) Oesinghaus et al. (2025) for
our experiments. HuCIRA contains single-cell transcriptomics of 10 million human peripheral blood
mononuclear cells (PBMC) from 12 donors, under stimulation of 90 cytokines and PBS control
condition.

2.2 REPRESENTATION OF THE DESIGN SPACE

There are three design axes of variation in the HuCIRA dataset: Donor, cell type and cytokine.
Each design axis is represented by biologically or chemically meaningful embeddings. We trained
an scVI Lopez et al. (2018) model on the single-cell RNA-seq dataset to obtain a 10-dimensional
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representation of each cell. Cells under the PBS control condition were aggregated per donor to get
the donor representation and aggregated per cell type to get the cell type representation. We ob-
tained the cytokine embeddings in HuCIRA from the CellFlow Klein et al. (2025) package, where
the cytokines were embedded using ESM2 Zhang et al. (2024) protein language model. Then, the
principal component analysis (PCA) was applied to reduce the dimensionality to 10. Each donor-cell
type-cytokine combination in the dataset was generated by concatenation of the individual embed-
dings, resulting in a 30-dimension vector, representing the context and stimulation performed in the
experiment.

2.3 OPTIMIZATION OBJECTIVES
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Figure 1: Schematic representation of Multi-Objective Bayesian
Optimization (MOBO) and Derivative-based Global Sensitivity
Measure (DGSM).

In the design of single-cell per-
turbation experiments, the ex-
perimenter often has multiple
conflicting or correlating objec-
tives that one wishes to opti-
mize. One possible objective
is to maximize the effect mag-
nitude of the perturbation con-
dition, which can be character-
ized by a distance measurement
from the perturbed to the con-
trol cells in the perturbation con-
text Peidli et al. (2024). Biolog-
ical pathways and cell state sig-
natures are among the other de-
sired optimization goals when designing perturbation experiments. Multi-objective Bayesian op-
timization (MOBO) provides a reasonable framework for perturbation experimental design, where
achieving a trade-off between biological objectives is more desired than optimization of all objec-
tives at the same time (Figure 1).

To design objectives for the perturbation design space of HuCIRA, we used a variant of the response
magnitude value from the paper analysis pipeline Oesinghaus et al. (2025). For each donor and cell
type, we first compute absolute-log2-fold-change of gene expression relative to PBS control, and
then downweight small effects. The values are then summed across genes and taken the square root
to obtain the final score, which we denote as abs sum.

We scored the perturbed cells with AUCell Aibar et al. (2017) by the expression of Interferon-
stimulated genes (ISG) Schoggins & Rice (2011). In addition, we obtained cellular disease state
signatures of multiple sclerosis (MS) from a single-cell transcriptomics dataset Schafflick et al.
(2020) through differential expression and scored the perturbed cells by differentially expressed
genes in B cell, NK cell and CD8 T cell. The scores are then aggregated for each perturbation
condition, and used as optimization objectives.

2.4 DERIVATIVE-BASED GLOBAL SENSITIVITY ANALYSIS

Let X = [x1, · · ·xt] be a set of observed inputs in the input space, X . Let Y = [y1, · · · , yt] be the
function evaluations at those inputs, that is y = f(x) + ϵ, where f is black-box. Let D = {X,Y }
be the full observed data. We learn a surrogate model of f on D. A Gaussian Process (GP) model
is often used as a surrogate of the black-box function, since it is differentiable when using a twice
differentiable kernel function and a differentiable mean function.

Derivative-based global sensitivity measures (DGSM) are defined as the integral over the input space
of a function of the derivative of the black-box function (Kucherenko & Iooss (2017)). DGSM
quantify the sensitivity of f to each input dimension xi, i = 1, · · · , d . Denote DGSM as S(f,X ).
Given a surrogate model f̂ , we estimate S as the sensitivity of the surrogate, that is Ŝ(f,X|D) =

S(f̂ ,X ). Specifically, we use the squared-DGSM:
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Ssq(f̂ ,X )i =
1

|X |

∫
X

(
∂f̂(x)

∂xi

)2

dx

We use the results from Williams & Rasmussen (2006) who prove that the derivative of a GP is a
GP to evaluate the gradient at x∗. Given the observed data D, the gradient at x∗ has a multivariate
normal distribution: ∇f(x∗)|D ∼ N (µ′

∗,Σ
′
∗), where

µ′
∗ = ∇mx∗ +∇x∗Kx∗,XK−1

D (Y −mX) (1)

Σ′
∗ = ∇2

x∗
Kx∗,x∗ −∇x∗Kx∗,XK−1

D ∇x∗KX,x∗ (2)

In Bayesian optimization, DGSMs have been used as acquisition functions to acquire new samples
from input design space Belakaria et al. (2024). We leverage DGSM to measure the sensitivity of
each optimization objective to each design axis in context of perturbation experimental design.

2.5 HYPERVOLUME-BASED AND INFORMATION-THEORETIC-BASED ACQUISITION
FUNCTIONS FOR SELECTION OF PERTURBATION DESIGNS

To evaluate the validity of our framework for modeling the multi-axis design space of single-cell
perturbation atlases, we emulated a MOBO experiment on the design space that we constructed
for HuCIRA using parallel Noisy Expected Hypervolume Improvement (qNEHVI) Daulton et al.
(2021) and parallel multi-objective Lower Bound Max-value Entropy Search (qLB-JES) Tu et al.
(2022) acquisition functions. For a batch of q points Xcand = {xi}qi=1, qNEHVI is defined as:

α̂qNEHVI(Xcand) =
1

N

N∑
t=1

HVI(f̃t(Xcand)|Pt),

where HVI is the hypervolume improvement in posterior distribution over function values at Xcand,
and Pt is the Pareto front over the previously evaluated points under the sampled function f̃t ∼
p(f|Dn) for t = 1, · · · , N samples from the posterior, using the Dn = {xi, yi, (Σi)}ni=1 points from
the input space.

The qLB-JES acquisition function is defined as follow:

α̂qLB-JES(Xcand|Dn) = H[p(ycand|x,Dn)]−
1

N

N∑
t=1

q∑
i=1

h((X∗
t ,Y∗

t );x
i,Dn),

where (X∗
t ,Y∗

t ) are the Pareto-optimal input-output pairs at the tth iteration, h is the conditional
entropy estimate and

H[p(ycand|x,Dn)] =
M

2
log(2πe) +

1

2

M∑
m=1

log det(Σ(m)
n (Xcand,Xcand) + diag(σ(m)(Xcand)))

is the initial entropy and M is the total number of objectives. We later examine how the designs
selected by these conventional acquisition functions provide insight into the validity of the design
space construction.

3 EXPERIMENTS AND RESULTS

3.1 SENSITIVITY ANALYSIS

The HuCIRA experimental design dataset consists of 11,677 different combinations of donor, cell
type, and cytokine stimulation, along with the computed value for each objective. Since the response
magnitude (abs sum) is left-skewed, a log transformation was applied to the values. Additionally,
we performed min-max normalization of the design dimensions and standardization of the objec-
tives. We randomly split the dataset into 10 chunks, where each of the chunk is split to train (80%)
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and test (20%) set to fit a single-task GP regression model for each of the objectives. After fitting
the model, we evaluated the DGSM per design dimension and summed the values per design axis to
represent the objective-specific sensitivity.

We find that the response magnitude of the cytokine stimulation compared to PBS
control is the most sensitive to the variation of cytokines, with much larger DGSM
than cell type and donor (Figure 2 a), indicating that more cytokines need to be in-
cluded in the experiment if a spectrum of diverse response magnitude is the goal.

Donor Cell type Cell typeCytokine Donor

a b

Cytokine

Figure 2: Log of DGSM-squared summed over the design
dimensions of each design axis across 10 chunks. a Sensi-
tivity of response magnitude b Sensitivity of ISG expression
score

Similar analysis results were high-
lighted in HuCIRA that response
magnitudes vary among cytokines
while being consistent between
donors. It was also shown that
one group of donors in the dataset
have a high baseline expression of
interferon-stimulated genes (ISG),
although the response to cytokine
is mostly consistent with the non-
interferon group. In line with the
findings, we observed a high DGSM
of ISG on the donor axis, which sug-
gests the inclusion of more donors
for a more variable ISG expression

readout (Figure 2 b).

3.2 USING HUCIRA TO SELECT PERTURBATIONS RECAPITULATING MULTIPLE SCLEROSIS
CELL TYPE–SPECIFIC SIGNATURES

Nominating perturbations that optimize specific cellular state signatures or pathway activities from
single-cell perturbational atlases is a realistic and compelling objective, particularly for cell state
engineering applications. Disease signatures are often cell type–specific and may comprise multiple
distinct states, motivating a multi-objective Bayesian optimization framework. Multiple sclerosis
(MS) is an autoimmune disease characterized by diverse, cell type–specific transcriptomic changes.
Here, we use MS as a case study to demonstrate how a Bayesian optimization loop can iteratively se-
lect experimental designs—namely cytokine–cell type–donor triplets— from HuCIRA that produce
responses that are transcriptionally similar to MS-associated disease cell states.

We implemented an iterative selection BO loop to select experimental conditions that maximize
cell-type specific disease signatures in a non-dominated way to identify cytokine perturbations that
may regulate the disease mechanism. The selection of the designs was made using the qNEHVI and
qLB-JES acquisition functions introduced earlier. We compared the selections made by these two
acquisition functions to random selection as the baseline.

A GP regression model was trained to predict each objective i.e. MS-disease cell state scores in
B cells, NK cells and CD8 T cells. The initial fit was performed on 20 randomly selected training
samples. In each iteration, 10 new samples are selected from the unseen pool either randomly or by
optimizing the qNEHVI or qLB-JES acquisition function, which are then included in the next model
fitting. We ran 10 iterations for each selection strategy, accumulating to 100 selected samples in the
end.

The model performance is evaluated at the end of each iteration by the Hypervolume (HV) and
Mean Squared Error (MSE) on all unseen samples for the specific selection strategy. Hypervolume
is defined as the space dominated by the current set of samples, including the newly selected samples
in the current iteration and all samples seen before by the strategy.

We observed a steady increase of HV across all selection strategies in the first three iterations,
reflecting the contribution of newly selected, diverse samples to the HV improvement observed
even under the random selection strategy (Figure 3a). From the fourth iteration onward, the HV
for the random strategy plateaued, whereas both qNEHVI and qLB-JES continued to expand the
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Figure 3: Results of the iterative selection BO loop. a Improvement of hypervolume over 10 itera-
tions for qNEHVI, qLB-JES acquisition functions and random selection. b Mean Squared Error of
the GP regression model over 10 iterations for qNEHVI, qLB-JES acquisition functions. c-e UMAP
of the design space colored by different cytokines, cell types and donors. f-h UMAP of the design
space, where the designs selected by qNEHVI, qLB-JES and random are colored. The spectrum
shows the iteration in which the design is selected. Designs selected in the last round are circled in
red.

HV, eventually reaching a plateau, suggesting convergence toward the edge of the underlying Pareto
front. Notice that qLB-JES reached this plateau earlier than qNEHVI, consistent with its design to
progressively reduce uncertainty in Pareto front estimation. The iterative selection of samples has
also benefited the performance of the GP regression model (Figure 3b). For both qNEHVI and qLB-
JES, the MSE of the GP model continues to drop even after the HV has plateaued (Figure 3a-b),
indicating that the selected samples remained informative and contributed to more accurate model
fitting. This highlights that the BO loop not only selects the jointly optimal experimental designs,
but also enriches the training dataset for the GP surrogate model.

Next, we examined the list of designs selected by each strategy, by standardizing and
projecting the design space to a UMAP, which shows distinct cluster of cytokines,
cell types and donors, as well as their combinations (Figure 3c-e, Figure S1).
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Figure 4: Number of cytokines known to regulate
the Cytotoxic-2 program in MS disease in selected
designs at each iteration. Color represents selec-
tion made by an acquisition function.

While the designs nominated by random selec-
tions were scattered in the design space (Fig-
ure 3h), selections by qNEHVI and qLB-JES
formed localized clusters (Figure 3f-g), visual-
izing the underlying Pareto front. We observe
that qLB-JES selections stays in known cluster
in later iterations, while qNEHVI continues to
explore new spaces throughout the iterations.

Moreover, the selected designs shows disease
relevancy. For example, IFN-omega stimula-
tion of natrual killer (NKT) cells and mucosal-
associated invariant T (MAIT) cells were se-
lected in the last iteration of qNEHVI to be op-
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timized solutions that capture MS disease sig-
natures (Figure 3f). Concordantly, IFN-omega
was found to regulate a Cytotoxic-2 cytokine-
induced immune program (CIP)Oesinghaus
et al. (2025), which is enriched in MS disease samples.

We additionally quantified the count of cytokines that are known to regulate the Cytotoxic-2 pro-
gram in the designs selected by each acquisition function at each iteration (Figure 4). We found that
designs selected at random mostly contained no or one of the 6 known cytokines involved in the
Cytotoxic-2 program, whereas the designs selected by qNEHVI contained more of the known cy-
tokines. In particular, qNEHVI-selected designs contained the highest number of known cytokines
in the last iteration.

4 DISCUSSION

In this work, we proposed a strategy for representing the multi-axis design space of single-cell
perturbation atlases. Using this formulation, we constructed a complex design space for the Human
Cytokine Dictionary and computed perturbation response–specific objectives, including response
magnitude, enrichment of biological process, and cellular state signatures. We show that DGSM
quantifies the sensitivity of perturbation response magnitude and ISG expression with respect to each
design axis, enabling assessment of trade-offs among axes to optimize response diversity. These
sensitivity measures further guide experimental design by indicating which axes warrant increased
variance in future experiments.

In the second experiment, we demonstrate that a multi-objective BO loop can iteratively select de-
signs that jointly optimize diverse disease-associated cell states while improving the performance
of the GP surrogate model. We found that qNEHVI and qLB-JES acquisition functions both select
designs with balanced, high objective values and show consistent improvement over the iterations
toward the underlying Pareto front. In the future, we aim to extend the multi-objective BO loop to
identify optimal designs in additional scenarios (e.g. reversion of disease signature).

There are several limitations to our work. First, training GP models is memory intensive, particu-
larly for DGSM computation, where incorporating derivative information substantially increases the
size and complexity of the covariance matrix. Therefore, we had to resort to chunking the design
space, which may compromise the preciseness of the sensitivity quantification. Despite this poten-
tial compromise, sensitivity analysis reproduced the original findings of the Human Cytokine Atlas,
supporting DGSM as a reliable method for identifying informative axes in single-cell perturbational
atlases for objective-specific experimental design.

Furthermore, in our Bayesian optimization frameworks, we have only explored GP models as sur-
rogates, which are limited in generative capability and output flexibility. In particular, correlated
objectives, which are common in biology, were not explicitly modeled in our framework but can
be incorporated with a multi-task GP. Future work could also leverage Bayesian Neural networks
(BNN) as an alternative surrogate model, as they have been proven to be effective in perturbation
experimental design Li et al. (2025).

Third, we focused on implementing and comparing two acquisition functions in this work, while
many other multi-objective acquisition functions remain unexplored. We envision future work on
benchmarking and optimizing various acquisition functions, including development of specialized
functions, for multi-objective optimization tasks with multi-axis design spaces for perturbation ex-
periment.

Lastly, perturbation responses are highly context-specific. As an increasing number of perturbation
atlases become available, there is a growing need to systematically aggregate prior knowledge and
to leverage it to provide context-specific guidance for the design of new experiments.
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Figure S1: UMAP of the embedding-based, multi-axis design space
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