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Abstract

Efficient design of genomic perturbation experiments is crucial for accelerating
drug discovery and therapeutic target identification, yet exhaustive perturbation of
the human genome remains infeasible. Bayesian optimization (BO) has recently
emerged as a powerful framework for selecting informative interventions, but ex-
isting approaches often fail to exploit domain-specific biological prior knowledge.
We propose Biology-Informed Bayesian Optimization (BioBO), a method that inte-
grates Bayesian optimization with multimodal gene embeddings and enrichment
analysis, a widely used tool for gene prioritization in biology, to enhance surrogate
modeling and acquisition strategies. BioBO leverages biologically grounded priors
within the πBO framework to balance exploration and exploitation. Through exper-
iments on the established public benchmark, we demonstrate that BioBO improves
labeling efficiency, consistently outperforms conventional BO, and identifies top-
performing perturbations more effectively. These results highlight the potential
of incorporating structured biological knowledge into BO frameworks for more
efficient and interpretable genomic experimental design.

1 Introduction

In vitro cellular experimentation with genomic interventions is a critical step in early-stage drug
discovery and target prioritization. By perturbing genes and observing cellular responses, researchers
can infer gene function and identify potential therapeutic targets [1, 2]. Techniques such as CRISPR-
Cas9 [3] knockout screens enable systematic perturbation of individual genes, but they are often
resource-intensive and time-consuming. Given the vast number of protein-coding genes in the human
genome (approximately 20,000), exhaustively testing all possible perturbations is infeasible [4].
Consequently, strategies that efficiently select the most informative experiments are essential to
accelerate drug discovery while minimizing experimental costs.

Bayesian experimental design provides a principled framework for this challenge. In particular,
Bayesian optimization (BO) offers a sample-efficient approach to identify genes whose perturbation
maximizes desired cellular phenotypes. BO relies on a probabilistic surrogate model, such as a
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Figure 1: BioBO Pipeline. Our contributions are two-fold: (i). Fusion of gene modalities to improve
surrogate modeling; (ii). Enrichment analysis on top of surrogate model predictions to strengthen
gene acquisition via incorporating biological information.

Gaussian process [5] or Bayesian neural network [6], to model the response surface, and an acquisition
function to balance exploration of uncertain regions with exploitation of promising candidates [7].
While recent works have applied BO to gene perturbation design [8, 9], they typically use generic,
uni-modal gene embeddings and do not fully leverage rich biological knowledge, limiting their
performance. Integrating multimodal gene embeddings, which capture sequence, functional, and
network-based information, can provide more informative representations and improve the efficiency
of experimental selection.

Beyond learned embeddings, explicit biological priors can further guide experiment design. For
example, gene set enrichment analysis (EA) identifies pathways that are statistically overrepresented
among the top-performing genes, providing information on molecular mechanisms and potential
high-value targets [10]. However, conventional EA has two key limitations: (i) it lacks granularity,
treating all genes within a pathway as equally promising, and (ii) it is purely exploitative, potentially
biasing experiments toward well-characterized pathways while neglecting unexplored regions of the
genome.

To address these limitations, we propose Biology-Informed Bayesian Optimization (BioBO), a
framework that integrates multimodal gene embeddings with Bayesian optimization and biological
priors, such as enrichment analysis. BioBO helps balancing exploration and exploitation, efficiently
guiding experiments toward both well-characterized and underexplored genes. Our contributions are
threefold:

1. We introduce multimodal gene embeddings, integrating multiple sources of biological
information in the surrogate modeling to improve the designs of BO.

2. We demonstrate that the improvement of BO from multimodal embeddings is mainly from
the improvement of the surrogate model on regimes close to optimum rather than on the
entire data distribution.

3. We augment the acquisition function in BO using enrichment analysis within the theoretically
principled π-BO [11] framework. This approach incorporates prior biological knowledge
while maintaining principled exploration–exploitation trade-off and provides interpretable
insights into experimental design.

4. We empirically validate BioBO on established public benchmarks, showing that it outper-
forms conventional BO improves labeling efficiency by 25–40%, and identifies biologically
coherent pathways with markedly stronger enrichment signals.

By combining surrogate modeling with biologically informed priors, BioBO enables more efficient,
interpretable, and effective experimental designs, ultimately facilitating faster and more targeted
discovery in genomic perturbation studies.
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2 Background and Notation

2.1 Notation and problem setup

We consider the task of optimizing a black-box function f : G → R, which maps each gene g ∈ G
represented by the set of integers or one-hot embeddings to a value f(g) ∈ R denoting the change of
cell phenotype under the gene knockout, across the entire finite gene space G with |G| ≈ 20, 000
(i.e., the number of protein-coding genes in human). Similar to [9], we use biologically informed
d-dimensional embeddings of genes, X : G → X, which maps each gene g ∈ G to a corresponding
d-dimensional vector X(g) = x ∈ X ⊆ Rd capturing the biological relationships with other
genes. Moreover, the gene embeddings X construct a one-to-one mapping from G and contain
the same number of distinct d-dimensional vectors as G, i.e., |X| = |G|, so we use f(x) and f(g)
interchangeably where x is the embedding of the gene g. Therefore, we define the optimization
problem as follows

x∗ ∈ argmax
x∈X

f(x). (1)

In practice, f(x) is expensive to evaluate because it requires a CRISPR-Cas9 knockout experiment
in the lab, and we would like to maximize f(x) in an efficient manner by only evaluating a small
number of points from X.

2.2 Bayesian Optimization

Bayesian optimization (BO) [12, 7] is a model-based black-box function optimizer that employs
a probabilistic model, e.g., Gaussian process (GP) [5] or Bayesian neural network (BNN) [6],
as a surrogate model. Specifically, BO optimizes f from an initial experimental design D0 =
{(xi, yi)}Mi=1 and sequentially deciding on one or a batch (with size B) of new designs to label
and form the data Dn = Dn−1 ∪ Bn with new labeled dataset Bn = {(xn,b, yn,b)}Bb=1 for the
n-th iteration with n ∈ {1, . . . , N}. At each iteration n, BO learns a probabilistic surrogate model
fn ∼ p(fn|Dn) to approximate the true function f , where p(fn|Dn) is the posterior distribution of a
GP or BNN given the labeled data. Using the predictive uncertainty from p(fn|Dn), BO selects next
designs by maximizing an acquisition function (AF), αp(fn|Dn)(x), across the set of unlabeled data
points.

Acquisition functions encapsulate the underlying utilities; therefore, they correspond to the trade-
off between exploitation (using the current optimum from the surrogate model) and exploration
(considering the uncertainty of the surrogate model). Popular choices of AF include Expected
Improvement (EI) [13] and Upper Confidence Bound (UCB) [14]. For instance, EI selects the next
point x that maximizes the expected improvement:

αEI
p(fn|Dn)

(x) = E[|fn(x)− y∗n|+] = Zσn(x)Φ(Z) + σn(x)ϕ(Z), (2)

where y∗n is the best outcome observed so far, Z = fn(x)−µn(x)
σn(x)

with µn(x) and σn(x) representing
the mean and variance of the posterior p(fn|Dn) respectively, and ϕ(·) and Φ(·) are the PDF and
CDF of standard Gaussian distribution. UCB is defined as:

αUCB
p(fn|Dn)

(x) = µn(x) + βnσn(x), (3)

where βn is the user-specified parameter controlling the exploration–exploitation trade-off. Both EI
and UCB provide a myopic strategy for determining informative designs with theoretical guarantees
[15, 14]. Other popular myopic acquisition functions include Probability of Improvement (PI) [16]
and Thompson Sampling (TS) [17].

In this work, we mainly focus on using BNNs as surrogate models and UCB, EI, and TS as acquisition
functions, similar to existing works on perturbation design [8, 9]; however, our work applies to other
probabilistic models and myopic acquisition functions as well.

2.3 Enrichment Analysis

Enrichment analysis (EA) or over-representation analysis is a computational approach used to
determine whether a set of genes associated with a specific biological process or pathway appears
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more often than expected by chance [18, 19, 20]. Specifically, given a background gene set, e.g.,
all protein-coding human genes G, and a subset S ⊂ G of genes of interest, EA tests whether a
pathway i, i.e., a predefined gene set Pi ⊂ G, provided by pathway databases, such as hallmark [21],
is represented in S statistically more frequently than expected by chance. EA comes with statistical
hypothesis tests: under the null hypothesis H0, that genes in S are sampled uniformly from G,
the probability of observing at least |S ∩ Pi| overlaps follows the upper tail of the hypergeometric
distribution; therefore, we can compute the p-value with

p(Pi) =

min(|Pi|,|S|)∑
i=|S∩Pi|

(|Pi|
i

)(|G|−|Pi|
|S|−i

)(|G|
|S|
) , (4)

and multiple hypothesis testing across all pathways is controlled via Bonferroni correction [22] or
Benjamini–Hochberg FDR [23] to derive the q-value. One can also compute the odds ratio, o(Pi),
from the EA results by constructing the contingency table, and a high o(Pi) (e.g., o(Pi) > 1) indicates
that Pi is over-represented in S compared to random. [24] propose to combine the p-value and odds
ratio to evaluate the overall representativeness with:

c(Pi) = −o(Pi) log p(Pi). (5)

EA has been widely used to design experiments in applications such as target prioritization and
biomarker expansion [25, 26, 27, 28, 29]. Intuitively, if several desirable genes have been identified,
EA can be applied to discover the pathways enriched by those desirable genes. Therefore, other
untested genes in those significantly enriched pathways would construct a good candidate set for the
next round of experiments. The significantly enriched pathways serve as a biologically informed
prioritization framework for designing experiments, allowing us to target molecular processes where
the desirable genes are most likely to be. This approach ensures that experimental interventions
are focused on high-value genes within the biological network, thereby increasing the likelihood of
eliciting interpretable system-level responses while reducing experimental redundancy.

Although EA is a well-established, biologically informed experimental design framework, it contains
two major shortcomings:

1. Lack of granularity: EA can prioritize pathways; however, all untested genes in the same pathway
are equally likely. This can still construct a huge pool if the significantly enriched pathway is large.

2. Lack of exploration: EA-based experimental design is a pure exploitation process and has potential
bias toward known biology. The significantly enriched pathway would be more significant by selecting
more genes from it, and non-significant pathways will never be explored.

In this work, we propose a principled approach to combine the BO-based and EA-based experimental
design framework to equip BO with extensive domain information in biology from EA and equip EA
with granularity and exploration from BO.

3 Method: Biology-Informed Bayesian Optimization

3.1 Surrogate Modelling with Multimodal Gene Representations

We first improve the BO experimental design by improving the surrogate modeling. Specifically,
we propose to use multi-modal gene embeddings rather than the uni-modal embeddings used in
the existing gene perturbation design literature [8, 9]. We consider the following two extra gene
embeddings that are effective in many gene-level tasks [30, 31]:

1. Gene2vec [32], xg2v: gene embeddings encode gene-gene relations defined in gene ontology [33]
learned with self-supervised learning;

2. GenePT [31], xGenePT: ChatGPT embeddings of genes based on the literature.

We use Bayesian neural networks (BNN) as surrogate models, and we concatenate the original gene
embedding x with the gene embeddings from the above-mentioned modalities as the input of a BNN,
i.e., f([x,xg2v,xGenePT]).
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3.2 Augmented Acquisition Function with Enrichment Analysis

Incorporating prior knowledge into the BO framework has been widely discussed in the literature. We
mainly focus on πBO [11], a principled generalization of the acquisition function to incorporate prior
beliefs about the location of the optimum in the form of probability distributions π(x). Specifically,
for acquisition function αp(fn|Dn)(x), the corresponding augmented acquisition function is:

παp(fn|Dn)(x) = αp(fn|Dn)(x)πn(x)
β

Ln , (6)

where β is a hyperparameter set by the user, reflecting their confidence in πn(x), and Ln is the
number of labeled data so far. This reflects the intuition that, as the optimization progresses, we
should increasingly trust the surrogate model over the prior, as BO will likely have enough data to
reach the optimum confidently. This also comes with theoretical properties discussed in the next
section.

In this work, we propose to augment the acquisition function with the prioritization results from
enrichment analysis within the πBO framework. At each iteration n, we rank labeled genes according
to their labels (i.e., change of phenotype under the gene knockout). We consider the top-k (e.g.,
top-10%) genes as the genes of interest, i.e., Sn, and use enrichment analysis [24] to find top enriched
pathways, ranked by the combined score defined in Eq.5. If one unlabeled gene is within the top
pathway, we increase the probability of selecting the gene in the acquisition function. Specifically,
we define the probability of selecting an unlabeled gene x as follows:

sn(x) = logit(
1

Un
) +

1

t
agg{Pi|x∈Pi,pn(Pi)<0.05}[cn(Pi)], πn(x) =

esn(x)∑
x esn(x)

, (7)

where Un is the number of unlabeled genes at iteration n and agg[·] is a set aggregation operation
that summarizes the combined score cn(·) at iteration n across all significant pathways (with p-value
pn(Pi) < 0.05) that contains the unlabeled gene x and we use mean operation in practice. The
hyperparameter temperature t controls the level of information that we keep from the enrichment
analysis. When t = ∞, π(x) reduces to a uniform distribution.

3.2.1 Theoretical properties

BioBO comes with the same no-harm guarantee as the original πBO [11], because of the decaying
effect of the prior in Eq.6. When paired with the EI acquisition function, we can prove that the loss,
Ln(BioEIn), to the optimum at iteration n of the BioEI strategy, i.e., using the EI AF in Eq.6, can
be bounded by the loss of the corresponding EI strategy, Ln(EIn), using the Theorem 1 of [11] as
following:

Ln(BioEIn) ≤ Cπ,nLn(EIn), Cπ,n =

(
maxx πn(x)

minx πn(x)

) β
Ln

. (8)

Therefore, we have the no-harm guarantee that the loss of the BioEI strategy is asymptotically equal
to the loss of the EI strategy:

Ln(BioEIn) ∼ Ln(EIn), (9)

which indicates that BioEI is robust against errors and biases from the enrichment analysis.

4 Experiments

4.1 GeneDisco Datasets

Datasets We use two large-scale genome-wide CRISPR assays, the log fold change of Interferon-γ
(IFN-γ) and Interleukin-2 (IL-2) production in primary human T cells [34], from the GeneDisco
dataset [8]. We also use the Achilles (dependency score of genetic intervention across cancer cell
lines) [35] gene descriptor, i.e., gene embeddings X , from GeneDisco. GeneDisco also includes two
other different descriptors of genes, CCLE (quantitative proteomics information from cancer cell
lines) [36] and STRING (protein-protein interactions) [37]. However, only Achilles is informative to
predict the cell phenotypes, as shown in [8, 9]; therefore, we focus on the Achilles gene embedding
from GeneDisco. We included another two embeddings: Gene2vec and GenePT, introduced in
Section 3.1.
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Figure 2: Performance across single modalities (Achilles, Gene2Vec, GenePT) and their Fusion on
IFN-γ (top) and IL-2 (bottom). Columns: Achilles, Gene2Vec, GenePT, Fusion. Curves show UCB,
EI, TS, DiscoBAX, and Random; Row-wise dashed lines indicate the Fusion value at the final cycle
(20) for UCB/EI/TS/DiscoBAX to aid comparison.

Metrics for BO We use cumulative top-k recall to measure the ability of a method to identify the top
interventions as those in the top percentile of the experimentally measured phenotypes following [9].

Metrics for surrogate model We measure the performance of the surrogate model on a separate
test set using RMSE (Root Mean Squared Error) and ECE (Expected Calibration Error). Moreover,
we calculate decile RMSE and decile ECE, i.e., RMSE and ECE on datapoints with top 10% highest
phenotype value, to evaluate the performance of the surrogate model near the optimum.

Baselines In terms of surrogate modeling, we use the BNN defined in [9], using Achilles, Gene2Vec,
GenePT, and the fusion of these three modalities. We use UCB, EI, TS, DiscoBAX as acquisition
functions, as well as augmented acquisition functions, BioUCB, BioEI, and BioTS, with enrichment
analysis using Gene Ontology (GO) [33] and Hallmark (HM) [21] pathways.

4.2 Exploring the effects of multi-modal gene features

Here, we study the effects of fusing multi-modal gene information in the surrogate model. Figure 2
shows the cumulative top-k recall of different acquisition functions at each cycle of the experimental
design. We observe that all BO acquisition functions are better than random, especially the UCB
acquisition function, and BO saves the labeling efforts 25%-75% compared with random, which
indicates the benefits of BO in experimental design. Moreover, we observe that using surrogate
models with multiple modalities is always better than using single-modal surrogate models, with
labeling effort saving ranging from 4% to 40%. The best-performing model is using the fusion of three
modalities with UCB. We also observe that DiscoBAX [9] is worse than existing standard acquisition
functions most of the case. Therefore, we remove DiscoBAX in the following experiments.

In Table 1, we answer the question of why using fused gene representation in the surrogate model
can improve BO. Intuitively, using a more expressive gene embedding can improve the prediction
accuracy of the surrogate model as well as the uncertainty quantification, which will lead to better
Bayesian optimization. We find that fusion does not decrease model RMSE and ECE. In fact, models
with different features have similar RMSE, and the model with Gene2Vec achieves the lowest ECE;
Therefore, a lower RMSE or ECE does not always lead to a better BO, which is consistent to the
conclusions in [38]. Moreover, we observe that fusion improves the model accuracy and uncertainty
quantification near optimum as shown by the decile RMSE and decile ECE when using almost all
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Table 1: Performance metrics with standard error of each acquisition function and each feature
setup with the IL-2 phenotype. We observe that although fusion does not improve the model
prediction and uncertainty quantification globally (i.e., RMSE, ECE), it improves on data points that
are close to the optimum (Decile RMSE and Decile ECE), which leads to better Bayesian optimization
results (top-k recall). The best performance (with the smallest standard error) of each AF is bold.

AF Feature Top-k recall Decile RMSE RMSE Decile ECE ECE
EI Fusion 0.149 (0.002) 0.420 (0.008) 0.233 (0.002) 0.320 (0.005) 0.098 (0.002)
EI Achilles 0.128 (0.003) 0.424 (0.010) 0.233 (0.002) 0.325 (0.003) 0.101 (0.003)
EI Gene2Vec 0.115 (0.002) 0.471 (0.006) 0.232 (0.001) 0.337 (0.001) 0.091 (0.001)
EI GenePT 0.107 (0.005) 0.451 (0.008) 0.229 (0.001) 0.333 (0.002) 0.093 (0.002)
TS Fusion 0.142 (0.001) 0.425 (0.011) 0.234 (0.002) 0.315 (0.007) 0.097 (0.003)
TS Achilles 0.117 (0.001) 0.435 (0.009) 0.233 (0.002) 0.327 (0.004) 0.096 (0.002)
TS Gene2Vec 0.119 (0.002) 0.469 (0.006) 0.233 (0.002) 0.336 (0.001) 0.091 (0.001)
TS GenePT 0.133 (0.001) 0.458 (0.009) 0.233 (0.003) 0.328 (0.003) 0.095 (0.002)

UCB Fusion 0.174 (0.001) 0.420 (0.008) 0.233 (0.002) 0.323 (0.004) 0.098 (0.002)
UCB Achilles 0.142 (0.003) 0.418 ( 0.010) 0.236 (0.002) 0.325 (0.004) 0.105 (0.004)
UCB Gene2Vec 0.126 (0.000) 0.471 (0.007) 0.233 (0.002) 0.337 (0.001) 0.092 (0.001)
UCB GenePT 0.118 (0.011) 0.463 (0.009) 0.233 (0.002) 0.328 (0.004) 0.095 (0.002)
AVG Fusion 0.155 (0.001) 0.421 (0.009) 0.233 (0.002) 0.319 (0.005) 0.098 (0.003)
AVG Achilles 0.129 (0.001) 0.426 (0.010) 0.234 (0.002) 0.326 (0.004) 0.101 (0.003)
AVG Gene2Vec 0.120 (0.002) 0.470 (0.006) 0.233 (0.001) 0.336 (0.001) 0.091 (0.001)
AVG GenePT 0.120 (0.006) 0.457 (0.009) 0.232 (0.002) 0.330 (0.003) 0.094 (0.002)
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Figure 3: Pure EA vs. BioUCB on Achilles. Figure (A) (dashed): Pure EA on IFN-γ and IL-2
(Random, EA-GO Greedy, EA-HM Greedy). Figure (B) (solid): BioUCB on Achilles for IFN-γ and
IL-2 (UCB, BioUCB-GO, BioUCB-HM, Random).

acquisition functions and also on average (AVG). The Spearman correlation of Top-k recall is -0.676
(p-value: 0.004) with decile RMSE and -0.765 (p-value: 0.0005) with decile ECE. Therefore, the
improvement over local (decile) RMSE and ECE close to optimum explains the improvements BO
achieves with modality fusion.

4.3 Exploring the effects of enrichment analysis

Here we study the benefits of combining enrichment analysis with Bayesian optimization using
the proposed BioBO framework in design experiments. First, we analyze if the prior distribution,
Eq.7, constructed from results of enrichment analysis is beneficial in experimental design, i.e., using
a model-free approach. We select genes with the highest prior probabilities in Eq.7. Figure 3 (a)
shows that using both gene ontology and hallmark as the pathway database can improve the design,
compared with random.

Next, we combine the enrichment analysis prior with the acquisition function in BO, i.e., the
model-based BioBO approach. We observe that adding the enrichment analysis prior can improve the
labeling efficiency over BO with the corresponding acquisition function without the prior. Specifically,
the enrichment analysis prior improves the labeling efficiency of UCB by 25% with Achillie gene
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Table 2: Cumulative top-k recall with standard error of each acquisition function on different
datasets. We observe that BioBO achieves the best performance on 19/24 different settings, and
BioUCB-HM with surrogate function using fused features achieves the best performance for both
IFN-γ and IL-2. The best performance (with the smallest standard error) is bold.

Phenotype: IFN-γ Fusion Achilles GenePT Gene2Vec
EI 0.095 (0.001) 0.072 (0.001) 0.084 (0.004) 0.079 (0.006)

BioEI-GO (ours) 0.095 (0.000) 0.072 (0.000) 0.082 (0.005) 0.075 (0.004)
BioEI-HM (ours) 0.096 (0.001) 0.076 (0.001) 0.062 (0.007) 0.084 (0.002)

TS 0.090 (0.001) 0.071 (0.001) 0.093 (0.002) 0.078 (0.002)
BioTS-GO (ours) 0.095 (0.001) 0.095 (0.000) 0.092 (0.004) 0.083 (0.005)
BioTS-HM (ours) 0.088 (0.001) 0.068 (0.005) 0.093 (0.005) 0.074 (0.004)

UCB 0.102 (0.001) 0.077 (0.001) 0.078 (0.004) 0.096 (0.005)
BioUCB-GO (ours) 0.102 (0.001) 0.100 (0.002) 0.084 (0.005) 0.098 (0.002)
BioUCB-HM (ours) 0.110 (0.001) 0.079 (0.003) 0.102 (0.001) 0.103 (0.004)

Random 0.050 (0.001) 0.050 (0.001) 0.050 (0.001) 0.050 (0.001)

Phenotype: IL-2 Fusion Achilles GenePT Gene2Vec
EI 0.148 (0.002) 0.128 (0.003) 0.107 (0.005) 0.115 (0.002)

BioEI-GO (ours) 0.147 (0.003) 0.128 (0.003) 0.107 (0.005) 0.115 (0.002)
BioEI-HM (ours) 0.149 (0.002) 0.128 (0.003) 0.107 (0.005) 0.115 (0.002)

TS 0.142 (0.001) 0.117 (0.001) 0.133 (0.014) 0.119 (0.002)
BioTS-GO (ours) 0.147 (0.003) 0.124 (0.002) 0.098 (0.011) 0.119 (0.001)
BioTS-HM (ours) 0.148 (0.002) 0.123 (0.004) 0.106 (0.013) 0.119 (0.002)

UCB 0.174 (0.001) 0.143 (0.003) 0.118 (0.011) 0.125 (0.000)
BioUCB-GO (ours) 0.169 (0.001) 0.148 (0.001) 0.098 (0.008) 0.128 (0.002)
BioUCB-HM (ours) 0.178 (0.001) 0.151 (0.001) 0.122 (0.012) 0.125 (0.000)

Random 0.049 (0.001) 0.048 (0.001) 0.049 (0.001) 0.046 (0.002)

embedding on optimizing IFN-γ. We show the cumulative top-k recall of all experiments in Table
2, where we observe that the prior from enrichment analysis can improve the original acquisition
function most of the time (19/24 cases), with the best performance achieved by BioUCB using
hallmark with fused gene embeddings in both IFN-γ and IL-2.

4.4 Computational efficiency of BioBO

The runtime per iteration of BioBO is comparable to existing BO methods. We report detailed
runtimes in Appendix D. The choice of 20 acquisition cycles (selecting 400 genes with 20 genes per
cycle) follows exactly the experimental protocol established in [8, 9], ensuring comparability. The
total of 400 perturbations selected by 20 iterations corresponds to less than 5% of the typical gene
pool, aligning with realistic experimental budgets in high-throughput CRISPR screens [8, 9]. Thus,
BioBO is fast from a practical standpoint and identifies high-value perturbations more efficiently
compared to baseline methods.

5 Conclusion

We introduce BioBO, a biology-informed BO framework for perturbation design, combining standard
BO with multimodal gene representations and enrichment analysis to guide experimental prioriti-
zation. Our theoretical analysis establishes a no-harm guarantee when integrating biological priors
from enrichment analysis, ensuring robustness to noisy or biased pathway information. Empirical
results on the GeneDisco datasets demonstrate substantial gains in sample efficiency, with BioBO
outperforming traditional BO methods and enrichment-only strategies. By fusing principled optimiza-
tion with domain-specific biological insights, BioBO enables more efficient discovery of high-value
perturbations, reducing experimental costs. Looking forward, this approach provides a foundation for
integrating broader biological knowledge sources—such as single-cell profiles and literature-derived
embeddings—into experimental design frameworks, paving the way for faster and more targeted
advances in genomics and therapeutic discovery.
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A Related Work

Experimental design in drug discovery Many drug discovery and design applications have been
using experimental design to speed up the process. Active learning, a framework that finds the most
informative unlabeled datapoints to label for improving the model, has been applied to molecular
property prediction [39, 40], Perturb-seq [41, 42], and genomics CRISPR assays [8]. Active learning
uses the information gain of the probabilistic surrogate model to guide the selection, such as BALD
[43] and EPIG [44]; therefore, it is an exploration-only process. On the other hand, Bayesian
optimization trades off between exploration and exploitation to query the most informative unlabeled
datapoints to the optimum. BO has been applied to bio-sequence optimization by combining with
deep generative models, including small-molecular and protein sequences [45, 46, 47, 48], as well
as on genomics CRISPR assays [49, 9]. Recently, large language model (LLM) based agents have
shown great potential in experimental design by leveraging the rich background knowledge and
reasoning capabilities [50, 51], and enrichment analysis has been shown to be an important tool in
the multi-agent system [52].

Exploiting external knowledge in BO Incorporating external knowledge in BO has recently been
studied extensively. External knowledge can be elicited from the feedback of human experts through
preference learning and used in BO [53, 54] when the explicit knowledge is challenging to obtain.
However, when the external knowledge on the input space over the potential candidates is ready, it
can be either treated as a constraint [55, 56] or a prior belief [57, 58, 11], and our BioBO fits within
this framework.

B Data description

GeneDisco contains three different embeddings: Achilles, String, and CCLE, which are available for
17,655, 17,972, and 11,943 genes. We also consider two gene embeddings: Gene2Vec and GenePT,
which are available for 23,940 and 61,287 genes. In order to remove the effect of the different
missingness level of each gene embedding, we use the 10,556 genes that have all five embeddings.
We consider two phenotypes in GeneDisco, IFN-γ and IL-2, which are available for 18,416 genes.
Therefore, we consider an intersection of genes with all modalities and two phenotypes, which
contains 10,467 genes.

C Experimental details

Device details. All experiments were run on Debian GNU/Linux 10 (buster) with Python 3.10.16,
PyTorch 2.6.0, and CUDA 12.8. Training and inference used two NVIDIA L4 GPUs (each with
24 GB VRAM). The host machine had an AMD EPYC 7R13 processor with 192 hardware threads
and 80 GB of system memory. Computations used 64-bit floating-point precision where required by
the Bayesian layers.

Hyperparameters. Unless noted, the BNN surrogate used a 2-layer MLP with hidden width 64
and ReLU activations, Bayesian weights with Gaussian priors (mean 0, std. 1), and observation
noise std. 0.5. We optimized with Adam (learning rate η = 0.001, weight decay λ = 0.0001)
for up to 200 epochs with early stopping (patience 30) on a 10% validation split; batch size was
256. Monte Carlo inference used 100 stochastic forward passes per acquisition. For modality
fusion we concatenated L2-normalized embeddings (Achilles, Gene2Vec, GenePT; and where used,
CCLE/STRING). Acquisition functions followed standard definitions for UCB (trade-off κ= 1), EI
(ξ = 0), and TS; biology-informed variants added enrichment weights from GO or Hallmark with
temperature coefficient α = 0.1 and β = 1 (IFN-γ), α = 0.01 and β = 0.1 (IL-2). Hyperparameters
were selected on the validation split and kept fixed across cycles.

Reproducibility and error bars. For every dataset–modality–acquisition setting we ran three
independent random seeds (1,1000,2000). Plotted curves report the mean across seeds; shaded
bands show ± s.e.m. (standard error of the mean). Final-cycle bar plots likewise report mean ± s.e.m.

13



D Runtime Comparison

We report average runtime per iteration (evaluating 20 genes per cycle) for BioBO and baseline
BO methods over all datasets. All experiments were run on a standard GPU (NVIDIA A10). The
table includes variants with and without multimodal fusion and enrichment analysis (EA) to show
the computational overhead introduced by these components. While multimodal fusion and EA
slightly increase runtime compared to single-modality models, the additional cost remains modest
and practical for typical high-throughput CRISPR experiments.

Method Avg Runtime per BO Cycle (s)

UCB (Achilles) 8.55
UCB (Fusion) 10.50
BioUCB-HM (Fusion) 12.45
EI (Achilles) 7.64
EI (Fusion) 12.57
BioEI-HM (Fusion) 13.05
TS (Achilles) 6.95
TS (Fusion) 12.18
BioTS-HM (Fusion) 12.87

Table 3: Runtime per iteration for BioBO and baseline BO methods, averaged over datasets. Variants
with multimodal fusion and/or enrichment analysis (EA) are included to show the overhead of these
components.

E Sensitivity to the top-k% Threshold in Enrichment Analysis

We evaluate the effect of different top-k% thresholds used for enrichment analysis, varying k from
5% to 50% on the IFN-γ dataset (Achilles features). As shown in Table 4, BioBO remains robust for
k between 5–20%, exhibiting only minor performance variation. Larger thresholds (30–50%) dilute
the enrichment signal by including a broader, noisier set of genes, leading to slightly reduced BO
performance. We use k = 10% as a practical default.

Top-k% 5% 10% 15% 20% 30% 50%

BioEI-GO 0.090 ± 0.001 0.085 ± 0.006 0.084 ± 0.009 0.085 ± 0.010 0.074 ± 0.002 0.071 ± 0.001

Table 4: Sensitivity of BioBO to top-k% used for enrichment analysis. Performance shown as
cumulative top-k recall.

F Supplementary Experimental Results

Across both datasets and all four representations (Achilles, Gene2Vec, GenePT, Fusion), biology-
informed variants (BioUCB/BioEI/BioTS) generally match or exceed their base counterparts
(UCB/EI/TS), with the most consistent gains on Fusion. Improvements are most evident in early–mid
cycles (better sample efficiency) and narrow later as methods converge. UCB remains a strong
base policy; GO and Hallmark offer broadly comparable lifts. The Random baseline is consistently
inferior.

CCLE and STRING yield substantially lower absolute recall and a reduced dynamic range versus the
main representations, indicating these are comparatively poor features; this is why they are excluded
from the main paper and reported here for completeness. Even so, biology-informed variants provide
modest, consistent gains over their bases—particularly at smaller budgets.
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Figure 4: Base vs. BioBO across modalities and datasets. Rows: IFN-γ (top), IL-2 (bottom).
Columns: Achilles, Gene2Vec, GenePT, Fusion. Solid lines show base acquisitions UCB/EI/TS;
dotted lines show GO-informed variants (BioUCB-GO/BioEI-GO/BioTS-GO); dash–dot lines show
Hallmark-informed variants (BioUCB-HM/BioEI-HM/BioTS-HM). Shaded ribbons denote mean
± s.e.m. over replicates.
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Figure 5: CCLE and STRING modalities across datasets. Panels (left→right): IFN-γ—CCLE,
IFN-γ—STRING, IL-2—CCLE, IL-2—STRING. Curves show base acquisitions UCB/EI/TS (solid),
biology-informed variants BioUCB/BioEI/BioTS with GO (dotted) and HM (dash–dot) in the same
family color, plus Random (gray). Shaded ribbons denote mean ± s.e.m.
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