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Abstract

Genomic studies face a vast hypothesis space, while interventions such as gene perturba-
tions remain costly and time-consuming. To accelerate such experiments, gene perturbation
models predict the transcriptional outcome of interventions. Since constructing the training
set is challenging, active learning is often employed in a “lab-in-the-loop” process. While
this strategy makes training more targeted, it is substantially slower, as it fails to exploit
the inherent parallelizability of Perturb-seq experiments. Here, we focus on graph neural
network–based gene perturbation models and propose a subset selection method that, un-
like active learning, selects the training perturbations in one shot. Our method chooses the
interventions that maximize the propagation of the supervision signal to the model, thereby
enhancing generalization. The selection criterion is defined over the input knowledge graph
and is optimized with submodular maximization, ensuring a near-optimal guarantee. Ex-
perimental results across multiple datasets show that, in addition to providing months of
acceleration compared to active learning, the method improves the stability of perturbation
choices while maintaining competitive predictive accuracy.

1 Introduction

Genomic research enables the study of genetic factors underlying various health conditions, opening new
avenues for therapeutic development. Techniques such as CRISPR interference and PerturbSeq (Barrangou
& Doudna, 2016) have revolutionized the landscape of genomic experimentation by enabling high-throughput
screenings. However, the majority of CRISPR-based PerturbSeq experiments are restricted to hundreds of
single gene perturbations (Dixit et al., 2016; Adamson et al., 2016; Peidli et al., 2022) due to budget and time
constraints, despite having over 20,000 potential gene targets. To assist exploring this vast space, machine
learning models have been developed to predict the outcome of gene perturbations on a given cell (Bereket
& Karaletsos, 2024; Gaudelet et al., 2024; Lopez et al., 2023; Lotfollahi et al., 2023).

Recent methods often leverage graph-based models that use gene-gene interaction networks for perturbation
prediction (Roohani et al., 2024). They require a substantial number of training samples that stem from
genomic experiments pertaining to a specific hypothesis, rendering training costly and time-consuming be-
cause it requires feedback from a wet-lab. Active learning has been proposed to address this problem (Huang
et al., 2024) by defining an iterative interaction between the wet lab and the base model to run experiments
for genes that will optimize the training, as shown in Fig. 1a. This ensures that resources are not wasted
in non-informative genomic experiments. However, in this setting, the training can take months, because
despite the process having typically a few iterations (≤ 5) (Huang et al., 2024), each iteration translates
to a CRISPRi-based PerturbSeq experiment that may take 3-5 weeks (Gasperini et al., 2019; Huang et al.,
2024), without accounting for operational delays due to communication or computational hurdles like model
retraining.

Another drawback of active learning is that it relies on a randomly initialized model to decide the first batch
of genes. As a result, different runs can yield substantially different training sets, which undermines repro-
ducibility and limits the reusability of collected data in downstream analyses. To mitigate this instability,
we need selection strategies that decouple the model’s output from the training set choice. Density-based
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(a) Active learning. (b) Subset selection.

Figure 1: The difference between active learning and subset selection for training GEARS.

active learning is model-independent (Hacohen et al., 2022), but it does not apply here because genes lack
predefined features; their embeddings are learned by the model itself, so active learning still operates in a
model-dependent space (Huang et al., 2024).

In response, we propose a subset selection strategy that builds the training set upfront, without model input.
This approach offers several practical benefits:

• Less experimental time. Because Perturb-seq assays are parallelizable, selecting all perturbations
at once allows the experiments to conclude in approximately the time of a single active learning
cycle—yielding months of real-world acceleration.

• Reduced operational complexity. It avoids repeated cycles of coordination between the wet-lab
and the model, model retraining, and acquisition computations, reducing both logistical overhead
and potential errors.

• Greater stability. By decoupling the selection strategy from model initialization it ensures con-
sistent perturbation sets across runs, improving reproducibility and reusability of collected data.

.

The only search space we can use to define subset selection is the knowledge graph, which is defined between
genes based on prior knowledge and is used for message passing by the model. To this end, we propose a
graph-based method to build the train set for one of the state-of-the-art models, GEARS (Roohani et al.,
2024) as seen in in Fig. 1b, although it can be combined with any graph-based predictor. We draw inspiration
from recent findings on the relationship between train and test nodes to develop a method that selects the
genes that maximize the model’s reach on the graph. We show that this selection increases the amount of
genes trained, which in tandem increases the probability of having non-random embeddings in the receptive
field of a test node. The criterion is proven submodular, and it is optimized greedily to build the training
set with a near-optimal theoretical guarantee.

Overall, we address the problem of training-set selection for graph-based perturbation predictors under a
fixed experimental budget to improve generalization. Our contributions are as follows:

• A novel subset selection method, GraphReach, that selects genes such that the supervision signal
to the embeddings is maximized.

• An empirical comparison including two active learning methods (one of which is state of the art
in our problem), indicating that GraphReach achieves at least substantially faster training and
increased stability without essentially sacrificing accuracy.
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2 Related Work

The body of related work can be broadly divided into two categories. The first concerns optimal experimental
design, where the objective is to choose a set of perturbations from a large action space in order to maximize
an expected outcome variable, such as T-cell activation (Mehrjou et al., 2021). Methods such as Bayesian
optimization and online learning have been applied in this context (Pacchiano et al., 2022; Lyle et al., 2023;
Pacchiano et al., 2022), and are evaluated based on the number of high-reward interventions discovered.
These algorithms are not applicable in our case because they require a plethora of experiment rounds (e.g.,
40), which are feasible with CRISPRi experiments but not when it is combined with PerturbSeq. Moreover,
they focus on the experimental success of the retrieved selection rather than the efficacy of the final learning
model, which typically predicts scalar values such as phenotypes not multidimensional vectors as in our
problem.

The second branch of related literature focuses on efficient training strategies for models that predict the gene
expression profile following perturbation in single cells. In this setting, the aim is not to optimize a causal
phenotype but to train a model that generalizes well to unseen perturbations. This is particularly useful
in Perturb-seq experiments, which measure the transcriptomic effects of perturbations via single-cell RNA
sequencing. Due to the high cost and long duration of each experimental cycle, active learning methods have
been proposed to efficiently select the most informative perturbations for training. The closest method to
our approach is IterPert (Huang et al., 2024), which uses active learning and prior multimodal knowledge
to build a train set for GEARS. Since each iteration can take 3–5 weeks in the wet lab, the number of
iterations is reduced to 5, in contrast to around 50 in optimal experimental design settings (Mehrjou et al.,
2021). The problem is addressed from the perspective of active learning under budget (Hacohen et al., 2022)
with the inclusion of prior imaging and Perturb-seq studies. In fact, prior multimodal data was so effective
that it produced state-of-the-art results without active learning, i.e., the model IterPert-prior-only.

Our method differs from prior work in several ways. First, we propose a method that selects the perturbations
prior to model training, thereby requiring only a single experimental round to obtain the labels. Since
Perturb-seq experiments can be parallelized, this reduces the typical duration of training the model from
5 months to approximately one month. Second, unlike IterPert’s strongest reported setting, which uses
curated multimodal priors, our approach relies only on the standardized gene knowledge graph already used
by the underlying graph-based perturbation model. Thus, we rely solely on the graph that is integral to the
model architecture and broadly available, instead of requiring additional dataset-specific modalities such as
imaging data. This distinction is important because such multimodal priors may not be available for many
new experimental settings, whereas the ontology-based graph is standardized, reusable, and already part
of GEARS. Third, by removing model-driven selection, our method achieves stable and reproducible gene
selection. This improves the reusability and interpretability of the resulting data. Finally, the proposed
method achieves competitive accuracy compared to the state-of-the-art active learning method that does
not use prior multimodal data, TypiClust (Huang et al., 2024).

3 Methodology

In this section, we formulate the problem, clarify the theoretical motivation for our approaches and introduce
the method for subset selection. An overview of the overall step-by-step subset selection approach can be
seen in Fig. 2.

3.1 Formulation

We are given a gene knowledge graph G = (V, E), where |V | = N and |E| = M , with adjacency matrix A.
Each node represents a gene, and a subset C ⊆ V corresponds to candidate gene perturbations that can be
experimentally assayed. Our goal is to select a training set S ⊆ C, under a budget constraint |S| = b with
b≪ |C|, to experimentally perturb in a wet-lab setting.

A Perturb-seq screen produces single-cell expression profiles together with perturbation labels. We denote
by Dctrl the empirical distribution of control cells, and by Du the empirical distribution of cells observed
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Figure 2: An overview of the subset selection methodology. Our sole input is the knowledge graph from
GO51 (Roohani et al., 2024) and a list of candidate perturbations. The subset selection algorithm, such as
GraphReach, selects the set of gene perturbations, and they are given to the wet lab for the experimental
part. Finally, the single-cell gene expression data is given to GEARS for training and validation.

under perturbation u. Equivalently, the control population of c cells can be represented by Xctrl ∈ Rc×g,
while the cells assigned to perturbation u can be represented by Yu ∈ Rcu×g, where g is the number of
measured genes and cu is the number of cells observed for perturbation u.

For each observed perturbed cell y ∼ Du, the model input x is sampled from the control-cell population
Dctrl. The target y is the observed expression vector of a cell annotated with perturbation u. Thus, the
tuple (x, u, y) is a training example that resembles the supervised signal of the perturbation effect. However,
it should be noted that x is not the measured pre-perturbation state of the same cell as y because each
measured cell is destroyed. Given the sampled control expression vector x and perturbation u, the model
predicts a post-perturbation expression vector

ŷ = fθ(x, u) = x + P̂u,

where P̂u ∈ Rg is the model-predicted perturbation-induced effect on expression. This formulation serves as
a simplifying abstraction to express perturbation effects as shifts from a baseline state, while not implying
true paired observations at the cell level.

The model thus learns a mapping M : C → Rg that predicts perturbation effects. The model parameters
θS , trained using only perturbations in S, belong to a graph-based gene perturbation model. We denote by
ℓ(ŷ, y) the model-specific loss between a predicted and observed post-perturbation expression profile. For a
perturbation u, the loss depends on the model, but can be written in general as:

Lu(θS) = Ex∼Dctrl, y∼Du
[ℓ (fθS (x, u), y)] . (1)

Our theoretical analysis below only requires that the loss induces gradients with respect to the graph-
propagated representations, and is therefore independent of the precise form of ℓ. The problem we address is
to select the most informative subset of perturbations to experimentally assay, such that the model trained
on this subset generalizes well to unseen perturbations U ⊆ C \ S. Formally, we aim to choose

S⋆ = arg min
S⊆C, |S|=b

∑
u∈U

Lu(θS). (2)
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3.2 Subset Selection to Maximize Supervision

Since we refrain from utilizing the model’s predictions, we turn to methodology that resembles traditional
density-based active learning, such as Core-sets (Sener & Savarese, 2018), which aims to cover as much of the
input space as possible. Such methods contend that if we assume each training sample to cover all samples in
a ball with radius δ around them, then choosing the training set to maximize coverage of the dataset reduces
the generalization error. We also know from the literature that labeling a node results in an information
gain for every other node in its receptive field, i.e., k-hop neighborhood (Wang & Leskovec, 2020; Zhang
et al., 2022). Finally, we know that generalization is improved as we reduce the geodesic distance between
training and test nodes (Ma et al., 2021), which is performed implicitly when the train set maximizes its
reach. These findings support our intuition that covering a larger part of the graph with training nodes
should be beneficial for the model.

In the case of GEARS, let Hℓ represent the gene embeddings from layer ℓ of the simplified graph convolution
(SGC) used to predict the perturbation P̂ . Assuming a single SGC layer for clarity (while omitting subsequent
layers between H and the loss L), we have:

E = OW0, (3)

Â =
(

D−1/2(A + Id)D−1/2
)k

, (4)

H = ÂEW1, (5)

where D is the diagonal degree matrix, W0 ∈ RN×d is the embedding lookup table, Â is the normalized
adjacency with self-loops to the power of k = 1 (which is the default parameter chosen in the GEARS
model), W1 ∈ Rd×d′ are the SGC’s weights, and O ∈ RN×N is a row-wise one-hot encoding of the candidate
gene perturbations. We base our methodology on the fact that message-passing GNNs update only the
representations in W0 of nodes that are within the receptive field of the supervised nodes. To formalize this,
we now state a proposition in which we explicitly calculate the gradient with respect to a particular node
representation. The argument s independent of the specific form of ℓ, and only uses the gradients induced
by the resulting objective L at the graph-propagated representations.

Proposition 1. For any differentiable loss L applied after the model defined in Equations 3– 5, the gradient
with respect to an individual gene embedding W0[i] is

∂L
∂W0[i] =

N∑
j=1

Â[j, i]
(

∂L
∂H[j]W

⊤
1

)
.

Therefore, the gradient of W0[i] depends only on the gradients of its neighbors in Â.

The proof of Proposition 1 can be found in Appendix A. From Proposition 1 we can conclude that the
supervision signal is propagated solely to nodes reachable from the train set, meaning that the identity
embedding W0 that is learned for each gene, is updated only if it lies within the receptive field of supervised
nodes.

This means that if we choose the train set such that we maximize the reachable nodes, we will maximize
in tandem the number of embeddings W0 adjusted to the supervision signal. This is beneficial because,
since GEARS is inherently semi-supervised, expanding the supervision allows for the representations of test
samples or their neighbors to get updated. Having non-random embeddings in the receptive field of the test
nodes should in principle lead to better generalization. It should be noted that while our analyzes relies on the
architecture of GEARS, we expect the conclusion to generalize to a number of similar semi-supervised GNNs.
This clarifies how covering larger parts of the graph can potentially improve the prediction. Therefore, to
maximize the reach of the supervision signal, we should aim to maximize the number of nodes reached by
the training set S.
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3.3 GraphReach

We define our subset selection criterion as a function that maximizes the number of nodes reached by the
node set S, i.e, the receptive field. Specifically for a new node v, the criterion is defined as the additional
reachability that v adds in the set of train perturbations S

α(v, S) = |RL(S ∪ {v})−RL(S)|, (6)

where RL is the set of nodes reachable from set S, based on the number of SGC layers L in the definition of
GEARS:

RL(S) =
{

v ∈ V
∣∣ ∃u ∈ S, ∃ℓ ∈ {1, . . . , L} such that (Aℓ)uv > 0

}
. (7)

The subscript L is omitted in subsequent discussion as it remains stable throughout all experiments. The
criterion function selects greedily the node v maximizing α(v, S) in every iteration. This is fundamentally
suboptimal (Baykal et al., 2021; Kirsch et al., 2019) but like many active learning methods (Lyle et al., 2023;
Pacchiano et al., 2022; Tigas et al., 2022; Sussex et al., 2021), we will prove our criterion is monotonic and
submodular to achieve a guarantee that the result will be at least 1− 1/e close to the optimal (Nemhauser
et al., 1978).
Proposition 2. The reachability function RL(S) as defined in Eq. 7 is monotonic and submodular.

The reader is referred to the Appendix B for the whole proof. Consider two sets St ⊆ St+1 ⊆ V and
any node v /∈ St+1. Since St ⊆ St+1, every node reachable from St is also reachable from St+1, meaning
R(St) ⊆ R(St+1), which proves monotonicity.

For submodularity, we know by definition that adding a node earlier (α(v, St)) adds at least as many reachable
nodes as adding it later (α(v, St+1)). This is because nodes that are newly reached by v when it is added
to St may already belong to the additional region covered by St+1, i.e. |R(v)∩ (R(St+1) \R(St))| ≥ 0. This
means that any node that appears in R(v) and in (R(St+1) \ R(St)) was new for R(St) but is not new for
R(St+1). Hence, the additional reachability that v can bring to St+1 compared to the one it can bring to St

is diminished. This sketches out the proof that the reachability is submodular.

Despite the theoretical guarantee, exact greedy maximization of reachability over the graph requires recom-
puting the marginal gain α(v, S) for every remaining candidate perturbation v ∈ C \ S at every selection
step. This leads to O(b|C|) marginal-gain evaluations, where b is the perturbation budget, which can be
substantial depending on the graph size and the experiment’s scope. To this end, we employ the cost-effective
lazy forward strategy for submodular maximization (Leskovec et al., 2007). The method maintains a priority
queue of cached marginal gains. Since the reachability function is submodular, the marginal gain of any
candidate can only decrease as the selected set S grows. Therefore, a marginal gain computed at an earlier
iteration is an upper bound on the candidate’s current gain. At each step, the candidate with the largest
cached gain is popped from the queue and its true current gain is recomputed. If this recomputed gain is still
at least as large as the next largest cached gain in the queue, the candidate is selected; otherwise, its cached
gain is updated and it is inserted back into the queue. Thus, the lazy strategy returns the same selection as
exact greedy, while avoiding many redundant marginal-gain computations.

The final subset selection algorithm, called GraphReach from graph reachability, is shown in Alg. 1. It
should be noted that the method is easily extended to combinatorial perturbations. In this case, each
candidate perturbation corresponds to a set of perturbed genes, and its reachability is defined as the union
of the nodes reached by those genes. If two selected candidates reach overlapping nodes, the union ensures
that each reached gene is counted only once.

4 Experiments

As mentioned in the introduction, subset-selection is significantly faster than active learning due to high-
throughput genomics platforms like Perturb-seq being explicitly designed for parallelized experiments. This
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Algorithm 1 GraphReach
Require: Candidate perturbations C, graph G = (V, E), budget b, reachability radius L
Ensure: Selected perturbation set S

1: S ← ∅
2: R← ∅
3: Initialize an empty max-priority queue Q
4: for v ∈ C do
5: ∆[v]← |RL({v})|
6: Insert v into Q with priority ∆[v]
7: end for
8: while |S| < b and Q is not empty do
9: v ← PopMax(Q)

10: δ ← |RL({v}) \R|
11: if Q is empty or δ ≥MaxPriority(Q) then
12: S ← S ∪ {v}
13: R← R ∪RL({v})
14: else
15: Insert v into Q with priority δ
16: end if
17: end while
18: return S

translates to a many-fold acceleration in our context. Besides speed, here we quantify the changes in other
dimensions of the problem, addressing these questions:

• Accuracy: How is the generalization of the model affected by the training procedure?

• Stability: How much do the proposed genomic experiments change throughout different runs?

• Robustness: Is noise in the knowledge graph able to erode the accuracy of the model?

To this end, in this section, we first describe the data used for the experiments, including the gene pertur-
bation datasets and the knowledge graph, the benchmarks used for comparison, as well as the experimental
design and the evaluation methods. Afterwards, we showcase the performance of the methods and analyze
them to derive conclusions about the soundness of the proposed techniques. The code of the experiments,
along with details on computing infrastructure, is provided in the supplementary material.

4.1 Data

We test our methods in four single-cell genomic datasets stemming from PerturbSeq experiments, following
the literature (Roohani et al., 2024) as seen in Tab. 1. The datasets are diverse in terms of the number of
perturbations and the number of samples per perturbation. The Norman dataset includes combinatorial
perturbations (up to 2 genes) and the rest contain data on single perturbations.

Akin to the literature, the graph is based on pathway information from GO51 (Consortium, 2004). Each gene
is associated with a number of pathway GO51 terms. The Jaccard similarity between the sets of pathways
of two genes, i.e., the fraction of shared pathways, is used to calculate the strength of the edge between
them. The graph is sparsified by keeping a predefined number of the most important neighbors for each
node. The final graph contains over 9,800 nodes and 200,000 edges, exactly as in (Roohani et al., 2024).
It should be noted that GEARS utilizes the whole knowledge graph to learn representations and uses the
gene perturbation datasets for supervision only in a semi-supervised manner. GraphReach follows suit
and utilizes the whole graph for selection.
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Table 1: The number of distinct gene perturbations in each datasets (single or combinatorial) along with
the average number of cells (samples) per perturbation.

Dataset Perturbation
Number

Average
Cell Count

Adamson 81 800
K562 1,087 150
RPE1 1,535 105
Norman 277 322

4.2 Benchmarks

As stated in Section 22, there is currently still a lack of methods addressing our exact setting: one-shot subset
selection for training graph-based gene perturbation models under a fixed experimental budget. We do not
include the full IterPert configuration as a benchmark because its main contribution relies on fusing the
model kernel with several external multimodal priors, including additional Perturb-seq data, optical pooled
screens, scRNA-seq atlases, protein structure, PPI networks, and literature embeddings. These modalities
are not uniformly available across datasets and are not part of the standard input required by a gene
perturbation model. We therefore restrict all methods to the information available in our setting: the
candidate perturbation set, the gene knowledge graph, and, for active-learning baselines, the current model
representation. In this setting, Huang et al. (2024) report TypiClust as the strongest active-learning
baseline. Thus, we rely on the following benchmarks:

• Baseline represents the random selection from the available gene perturbations. This is the preva-
lent practice because of its speed and simplicity. It represents the vanilla usage of GEARS.

• ACS-FW (Pinsler et al., 2019) is a Bayesian batch active learning model. It selects perturbations
such that the new posterior distribution of the model’s parameters approximates the expected pos-
terior when the whole dataset is available. We utilized the version from the BMDALreg library
(Holzmüller et al., 2023), which was one of the top-performing methods in similar experiments
(Huang et al., 2024).

• TypiClust (Hacohen et al., 2022) is the state-of-the-art active learning method on this problem
as it has outperformed 8 active learning models (Huang et al., 2024). The algorithm clusters the
candidate perturbations based on the final graph layer representation from GEARS. Within each
cluster, the typicality is quantified as the inverse of the average distance between each sample and
an example’s K-nearest neighbors, with K = 20. The most typical sample is selected.

4.3 Design

For GraphReach and Baseline, the train and validation sets are defined before the acquisition of the
single-cell data and they require no interaction with the wet-lab. Thus, they are expected to take around
30 days, which corresponds to the time the PerturbSeq experiment takes, since running GraphReach at
the beginning and training GEARS at the end takes negligible time. For all methods, 25% of the gene
perturbations are used for training and 5% for validation, 10% are kept for testing, leaving 60% of the
dataset unutilized. This is imperative to perform an effective comparison between the selected train sets. If
we increase the train set size, the methods converge unavoidably to very similar final gene selections because
the available choices are limited. Hence, we leave sufficient space between choices to highlight the differences
between the strategies. We use a 10-fold cross validation to adjust the 10% test set and take the average
performance. The whole experiment is repeated for 3 different random seed initializations (including model
initialization and data splits).

For the active learning methods, in accordance to (Huang et al., 2024), we keep the initial 10% test set
constant throughout the cycles to ensure there is no interaction between the strategies and the evaluation.
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Figure 3: Accuracy (103 for both metrics) in the test set with confidence intervals compared to the total
physical time required for the training due to wet-lab iterations. GraphReach and Baseline do not require
model-input hence they are trained with only one cycle of wet lab experiments taking 30 days. TypiClust
and ACS-FW inherently need numerous cycles, and they are each run for 90 and 150 days to highlight the
role that the number of cycles plays in the accuracy.

We train the model a number of times sequentially, each time adding to the train and validation set a
percentage of the available perturbations until they reach 25% and 5%, respectively. In order to quantify
the relationship between the training cycles and final model accuracy, active learning methods are run for 3
and 5 cycles, the latter being the main choice in the literature. The models with 5 cycles receive 5% of the
perturbations in each cycle for training and 1% for validation, while for 3 cycles the numbers are 8.3% and
1.7% respectively. Models trained on 5 cycles are expected to take 150 days, and 3 cycles correspond to 90
days. The methods are evaluated based on the performance of GEARS trained on the final cycle. It should
be noted that no active learning method can go less than 60 days, as 1 training cycle (30 days) means no
input from the model.

Following the literature, the evaluation metrics for performance are Pearson correlation and MSE, which is
computed on the top 20 most differentially expressed genes, i.e., the genes that exhibit the biggest expression
differences in the experiment. This is a common practice since the vast majority of the genes have zero
expression, meaning the results would be skewed and the differences minuscule had we computed them
for more genes (Roohani et al., 2024). We evaluate stability by quantifying how much the chosen gene
perturbations diverge between different seed initializations for each method. To this end, we quantify the
consistency of each method by measuring the overlap between the resulting gene sets using the average
pairwise Jaccard similarity defined in the appendix. To evaluate robustness to noise, we performed the same
experiments where GraphReach runs on corrupted versions of the knowledge graph. Specifically, we delete
5% and 10% of the edges and add the same amount of fake ones, to represent a common setting of errors in
the graph. In all experiments, we use the default GEARS parameters and implementation1.

1https://github.com/snap-stanford/GEARS/tree/master
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Table 2: Average Jaccard similarity on gene selections through different random seed initializations.

Data Base
line

ACS
FW

Typi
Clust

Graph
Reach

Adamson 0.15 0.15 0.15 0.75
K562 0.10 0.13 0.10 0.78
RPE1 0.10 0.13 0.10 0.76
Norman 0.11 0.13 0.15 0.95

4.4 Results

4.4.1 Accuracy

The overall tradeoff between accuracy and efficiency is visualized in Fig. 3. For Pearson correlation, we
observe that GraphReach achieves the strongest performance on average, as it performs on par or better
than the benchmarks in three of the four datasets, despite taking a fraction of the time. We see that it
outperforms the Baseline, the only benchmark with similar efficiency, in 7 out of 8 evaluations, and that
the latter is significantly more uncertain in terms of confidence intervals.

On average, the active learning methods perform on par with each other, with TypiClust being better
in Adamson and Norman and ACS-FW being better in the rest. Another observation for ACS-FW is
that it remains constant for 3 and 5 cycles for Adamson, 3 cycles are better than 5 in Norman while the
results are split in K562 and RPE1. We believe that this happens because training on 3-cycles increases
the amount of samples the model sees per cycle and this allows GEARS to provide better uncertainty
estimates which are integral for ACS-FW. In contrast, TypiClust tends to deteriorate as we constrain
the days with only one exception in RPE1 for Pearson correlation. That said, ACS-FW has considerably
larger confidence intervals (competing with the Baseline) throughout all experiments, possibly due to the
sensitivity to GEARS’ uncertainty estimation. We analyze further this instability in the coming sections. We
thus deem TypiClust the second best method, as it is considerably more stable and achieves competitive
performance.

Note that, as mentioned above, active learning requires by default a number of cycles to run and hence it
can not achieve similar efficiency to GraphReach and we can not compare them head-to-head. However, if
we constrain the experiments to up to 90 days, GraphReach performs better than active learning in 5 out
of 8 evaluations. Given that on average active learning deteriorates as we constrain the days, we can deduce
that GraphReach showcases the best tradeoff between accuracy and efficiency.

4.4.2 Stability

The average Jaccard similarity between the perturbation sets selected through all cycles can be found in
Tab. 2. The random seed affects the model and the k-folds of the data, hence the set of genes retrieved
by GraphReach differ solely due to different splits. In contrast, active learning methodologies exhibit
variability across different runs that approximate the Baseline, which is a random selection. This instability
implies that the resulting gene sets are tightly coupled to model-specific biases, limiting their reusability for
downstream analyses or integration with other studies, and indicating that the selection process is driven
more by model bias rather than by a signal in the data.

4.4.3 Robustness

The results from the robustness experiments are in Tab. 3. We observe that while GraphReach under-
performs in noisy settings in the Adamson dataset, it actually stays close to or even surpasses the original
in the rest. We hypothesize that this happens because random edges may have a relatively high probabil-
ity of connecting previously distant parts of the graph and may therefore further increase the coverage that
GraphReach is able to achieve. So, we observe satisfactory empirical robustness of GraphReach. Similar
effects of random perturbations on approximation quality have been observed in studies of vertex cover and
related graph problems Shi et al. (2018).
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Table 3: Performance under different noise levels in the knowledge graph, as represented by random removal
and addition of edges. Results are multiplied by 103 for readability.

Dataset Noise (%) Pearson (↑) MSE (↓)

Adamson
0 952± 1 180± 2
5 951± 1 181± 6
10 947± 1 196± 8

K562
0 919± 1 156± 1
5 919± 2 154± 1
10 920± 2 153± 2

RPE1
0 706± 3 128± 1
5 701± 4 129± 1
10 704± 6 126± 2

Norman
0 895± 5 168± 10
5 893± 13 170± 18
10 894± 13 163± 13

5 Conclusion

Genomic experiments cannot exhaust the available intervention options, thus, gene perturbation models are
used to predict the outcomes of these interventions. However, their training sets consist of costly genomic
experiments themselves, calling for efficient training strategies. In this work, we focused on graph neural
networks and propose GraphReach, a subset-selection method that chooses perturbations such that the
model is trained more efficiently. In the experiments, we observed that compared to existing active learning
solutions, GraphReach exhibits significant real-world speedup (from five months to one) as well as more
stable selections without sacrificing accuracy in general and while being robust to errors in the knowledge
graph. We deem GraphReach a valid alternative to random or active-learning-based training given its
simple deployment and better overall performance. In the future, we plan to examine hybrid techniques that
utilize subset selection methods to jump-start the training up to a point and blend in active learning for
the rest of the runs. Moreover, we plan to research the use of subset-selection for non-graph-based methods,
covering both foundation models (Theodoris et al., 2023) and regression (Ahlmann-Eltze et al., 2025).
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Appendix

A Proof of Proposition 1

We begin by considering the gradient of the loss L with respect to the identity embeddings W0 as a function
of ∂L

∂H :

∂L
∂W0

= O⊤
(

∂L
∂E

)
, (8)

∂L
∂E = Â⊤

(
∂L
∂H W⊤

1

)
. (9)

Thus, the full gradient becomes:

∂L
∂W0

= O⊤ Â⊤ ∂L
∂H W⊤

1 . (10)

For an individual embedding row W0[i] and since O is one-hot, this expands to:

∂L
∂W0[i] =

N∑
j=1

Â[j, i] ·
(

∂L
∂H[j] W⊤

1

)
, (11)

which shows that the gradient of W0[i] depends only on the gradients of its neighbors in Â. Since the loss
is evaluated only on the selected perturbations, nonzero output gradients are induced only by supervised
perturbation nodes:

∂L
∂H[j] = 0 if j /∈ S.

Therefore identity embeddings can receive gradient only through graph propagation from the selected training
perturbations.

B Proof of Proposition 2

Following the definitions of the main paper, let R be the set function of reachability in the graph, and we
have subsets of nodes St ⊆ St+1. We can start from the definition of submodularity:

R(St ∪ {u}) \R(St) ⊇ R(St+1 ∪ {u}) \R(St+1) (12)

and continue by reformulating the right and left-hand side of Eq. 12 as follows,

R(St ∪ {u}) \R(St) =
(
R(St) ∪R({u})

)
\R(St)

= R({u}) \R(St),
R(St+1 ∪ {u}) \R(St+1) =

(
R(St+1) ∪R({u})

)
\R(St+1)

= R({u}) \R(St+1).

Plugging these reformulations back into Eq. 12 produces,

R({u}) \R(St) ⊇ R({u}) \R(St+1). (13)

We shall now derive the reformulated definition of submodularity in Eq. 13 to show that reachability is
submodular.

We start with the fact that by definition we have St ⊆ St+1 and graph reachability R is monotone, conse-
quently:

R(St) ⊆ R(St+1). (14)
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Now recall the anti-monotonicity property of set difference (as illustrated below for sets X, Y , and Z):

X ⊆ Y =⇒ Z \X ⊇ Z \ Y. (15)

So if we add a set difference on Eq. 14 with R({u}), we get the desired:

R({u}) \R(St) ⊇ R({u}) \R(St+1). (16)

Thus,
R(St ∪ {u}) \R(St) ⊇ R(St+1 ∪ {u}) \R(St+1), (17)

which proves that reachability is submodular.

C Computational Time

The computational time is negligible in our setting, because each sample selection takes less than a minute.
That said, GraphReach is around 500 times faster than TypiClust, meaning it scales significantly better
with the number of available perturbations. This is important for experiments without predefined candidate
perturbations, where the search space can increase from hundreds to tens of thousands.

D Model initialization bias

Model-based active learning is sensitive to random initialization in early acquisition cycles. In standard
active learning settings, this sensitivity may decrease after many acquisition rounds, as the selected sets
gradually stabilize. In CRISPRi + Perturb-seq experiments, however, the number of rounds is severely
limited because each cycle can require several weeks of wet-lab time. As a result, early model-dependent
choices can have a disproportionate effect on the final selected perturbation set.

Figure 4 illustrates this effect by showing the number of unique perturbations selected across different
GEARS initializations on the same train-test split. Across seeds, active learning selects substantially more
unique genes than the nominal budget, indicating that the selected training set is strongly influenced by
initialization. This limits reproducibility and reduces the reusability of the resulting experimental data
across independent runs or laboratories.
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Figure 4: The total number of unique genes perturbed in active learning experiments for 5 different initial-
izations of GEARS, on the same train-test split.
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E Infrastructure

The computing infrastructure used for the experiments reported in this paper includes a 13th Gen Intel(R)
Core(TM) i9-13900K CPU with 24 cores, 2 NVIDIA GeForce RTX 4070 with 12GB and a CUDA Version:
12.2, and a RAM of 32 GB on an Ubuntu 22.04.
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