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Abstract
Novelty search (NS) refers to a class of exploration algorithms that automatically uncover
diverse system behaviors through simulations or experiments. Uncovering diversity is a
key aspect of engineering design problems with connections to material and drug discov-
ery, neural architecture search, reinforcement learning, and robot navigation. Since the re-
lationship between the inputs and behaviors (outputs) of modern engineering systems not
always available or easily represented in closed analytical form, novelty search must be able
to handle model opacity. For systems whose behaviors are expensive to simulate or evalu-
ate, we propose a sample-efficient NS method inspired by Bayesian optimization principles.
This involves modeling the input-to-behavior mapping with multi-output Gaussian processes
(MOGP) and selecting inputs to evaluate that maximize a novelty metric while balancing
the exploration-exploitation trade-off. By leveraging advances in efficient posterior sampling
and high-dimensional Gaussian process modeling, we discuss how our approach can be made
scalable with respect to both the amount of data and number of inputs. We demonstrate
the potential of our approach on several well-studied benchmark problems and multiple real-
world examples. We show that BEACON comprehensively outperforms existing baselines by
finding substantially larger sets of diverse behaviors under limited sampling budgets.
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Novelty search (NS) refers to a class of exploration algorithms that automatically uncover diverse
system behaviors through simulations or experiments. Uncovering diversity is a key aspect of engi-
neering design problems with connections to material and drug discovery, neural architecture search,
reinforcement learning, and robot navigation. Since the relationship between the inputs and behav-
iors (outputs) of modern engineering systems not always available or easily represented in closed
analytical form, novelty search must be able to handle model opacity. For systems whose behaviors
are expensive to simulate or evaluate, we propose a sample-efficient NS method inspired by Bayesian
optimization principles. This involves modeling the input-to-behavior mapping with multi-output
Gaussian processes (MOGP) and selecting inputs to evaluate that maximize a novelty metric while
balancing the exploration-exploitation trade-off. By leveraging advances in efficient posterior sam-
pling and high-dimensional Gaussian process modeling, we discuss how our approach can be made
scalable with respect to both the amount of data and number of inputs. We demonstrate the poten-
tial of our approach on several well-studied benchmark problems and multiple real-world examples.
We show that BEACON comprehensively outperforms existing baselines by finding substantially larger
sets of diverse behaviors under limited sampling budgets.

1 Introduction
With the increased modeling complexity of modern engineering
systems, it is often easier to represent the system input-output
behavior via black-box functions fff whose arguments are user-
defined system inputs xxx ∈ X that yield outcomes (or behav-
iors) via the map fff : X 7→ O in some outcome space O; we
will define notation more rigorously later. Derivative-free search
methods ranging from simplices (e.g., Nelder-Mead), meta-
heuristic population-based algorithms (e.g. particle swarms), and
surrogate-based optimization (e.g. Bayesian optimization) pro-
vide powerful tools to optimize the quality of the outcomes based
on a pre-defined criteria of optimality; c.f.1–4 of an overview
of these classes of algorithms. If instead of seeking the highest
quality outcomes we are interested in understanding the range of
outcomes that can be rendered possible by the black-box system,
then a different approach is required.

Let us consider the following motivating example. Suppose fff
denotes the solution map of a forced Duffing oscillator and xxx are
the parameters of the oscillator and the external forcing function.
We know that the solutions of the Duffing oscillator are either
chaotic, periodic, quasi-periodic, or asymptotically convergent to
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a fixed point depending on the values of xxx5. If our objective was
to numerically discover the range of behaviors of fff with no prior
knowledge of the fact that these behaviors are possible, we would
struggle to put it into an optimization framework. First, because
there is no clear objective function that will induce all of these be-
haviors simultaneously, e.g. minimizing or maximizing Lyapunov
exponents will only yield convergence to a fixed point or chaotic
oscillations, but not the intermediate periodic behaviors. Second,
such an objective landscape would be fraught with local optima,
and extremely hard to navigate without exorbitant function eval-
uations. A more natural solution to uncovering diverse behaviors
is possible by novelty search, wherein the focus is shifted to pure
exploration.

Instead of optimizing a pre-defined objective, novelty search
aims to discover a new behavior of f given all past observed
behaviors by modifying x and defining (actually, optimizing) a
‘novelty metric’6,7. This is especially useful for automated sci-
entific discovery such as for learning new protocell behaviors8,
novel material design9, and scenario generation to inform policy
search in reinforcement learning10. The NS perspective has also
been found to be very useful in so-called “deceptive problems”
wherein the optimization path taken towards a specific objective
can often get stuck in suboptimal solutions. Since the mapping
between inputs and system outcomes is generally unknown, es-
tablished NS methods rely on meta-heuristics, such as evolution-
ary algorithms, to select new evaluation points. Genetic Algo-
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rithms (GAs) have frequently been employed in this context. For
instance, the authors of11 proposed diversity-promoting mecha-
nisms to address deceptive optimization landscapes. Similarly,
swarm intelligence techniques such as Particle Swarm Optimiza-
tion (PSO) have been adapted for novelty search, as demon-
strated by12, who explored behavioral diversity for robotics appli-
cations. Furthermore, the MAP-Elites algorithm introduced by13

integrates population-based exploration to balance diversity and
performance metrics. However, these methods are known to be
sample-inefficient, requiring a very large number of evaluations,
which limits their use on expensive-to-evaluate systems.

We take inspiration from the fundamental principles of
Bayesian optimization (BO) to propose a Bayesian novelty search
algorithm that exhibits high sample-efficiency. To this end,we
construct Gaussian process (GP) surrogate models14 to learn the
unknown system’s input-output mapping. Unlike BO, our surro-
gate models do not approximate optimization objectives but in-
stead represent outcomes that a user wishes to explore. The out-
come space can be freely defined by the user, meaning it can be
a multi-element vector encompassing all the user’s desired fea-
tures of exploration. For example, in drug discovery, this vector
could comprise the efficacy, size, synthesizability, and stability of
a candidate drug compound.

Our main contributions are summarized as follows: (i) We in-
troduce a new NS algorithm, referred to as BEACON (Bayesian
Exploration Algorithm for outCOme Novelty), for noisy, expen-
sive black-box systems that is designed to discover unseen behav-
iors of the system using a minimal number of evaluations; (ii) we
propose a novel Thompson sampling-based acquisition function
for NS applications that, to our knowledge, is the first to address
the exploration-exploitation trade-off, handle stochastic observa-
tions noise, and is suitable for gradient-based acquisition function
optimization; (iii) we improve the scalability of the core BEACON
algorithm to high-dimensional problems including a general ap-
proach that uses fully Bayesian sparsity-inducing function priors
and a specialized approach for computational chemistry appli-
cations; and (iv) we conduct extensive experiments on several
synthetic and real-world problems that demonstrate the substan-
tial benefits BEACON can achieve in terms of identified behaviors
over relevant existing NS works. These include a first-time appli-
cation of NS to discovery of metal organic frameworks that are
useful materials in clean energy applications, and a challenging
molecular discovery benchmark problems with 2133 input dimen-
sions.

The rest of the paper is organized as follows. In Section 2,
we define the black-box NS problem considered in this work.
In Section 3, we present some necessary background, introduc-
ing BO terminology and multi-output GP regression. Notation is
also fixed in this section. In Section 4, we present the proposed
BEACON algorithm, along with pseudocode. We also provide
additional customization for high-dimensional problems, and for
problems where domain-relevant behavior constraints exist. Our
validation of BEACON and baseline comparisons on benchmark
problems is presented in Section 5, along with multiple real-world
applications that reflect the potential of the base BEACON algo-
rithm.

2 Problem Description
We consider a vector-valued black-box function f : X → O with
f = ( f (1), . . . , f (n)) that maps an input space X ⊂ Rd to a multi-
dimensional outcome space O ⊂ Rn. Although O is continuous,
we assume nearby outcomes correspond to similar system behav-
iors. We discretize this space using an ε-covering B ⊂ Rn, such
that for every y ∈ O, there exists y′ ∈B with ∥y−y′∥ ≤ ε.

The goal is to discover inputs whose outcomes cover as many
distinct behaviors in B as possible. Since f is expensive to eval-
uate, we operate under a finite query budget T , evaluating f se-
quentially over t = 1, . . . ,T . Each query point xt ∈ X yields a
noisy observation yt = f(xt)+ηηη t , where ηηη t ∼N (0,σ2In) denotes
independent Gaussian noise. Let ϕϕϕ : O→B denote the projection
from the continuous outcome to its discrete behavior. We define
the behavior gap at iteration t as

BGt = 1−
(∣∣{ϕϕϕ

(
f(x1)

)
, · · · ,ϕϕϕ

(
f(xt)

)}∣∣/|B|) ,
which quantifies the fraction of behaviors not yet observed. The
objective is to minimize the cumulative behavior gap ∑

T
t=1 BGt , or

equivalently, to maximize behavioral diversity across evaluations.
We model f using a multi-output Gaussian process (MOGP)

prior15, assuming it lies in a smooth function class such as a Re-
producing Kernel Hilbert Space (RKHS)16. The MOGP yields a
posterior distribution P(f | Dt) over the function f given observa-
tions Dt = {(xi,yi)}ti=1, with closed-form expressions for the pos-
terior mean and covariance, as detailed in the next section.

3 Background
In this section, we provide background on multi-output Gaussian
processes and Bayesian optimization, which form the core tech-
niques underlying our proposed BEACON algorithm.

3.1 Multi-Output Gaussian Process Surrogate

Gaussian processes (GPs) offer a flexible, non-parametric way to
model black-box functions14. A GP prior is fully specified by a
prior mean function µ and covariance (or kernel) function κ. To
(potentially) capture correlations among the n outputs of f, we
adopt the latent-input construction: define h(x, j) = f ( j)(x) for
j ∈J ={1, . . . ,n} and place a scalar GP prior h∼ G P(µ,κ) over
the extended space X ×J , following, e.g.,17. Because obser-
vation noise is assumed i.i.d. Gaussian, the posterior after N ob-
servations A = {(xi, ji,yi)}N

i=1, denoted by h|A ∼ G P(µA ,κA ),
remains a GP with analytically tractable mean µA and covariance
κA functions. These closed-form expressions are shown in below.

µA (x, j) (1a)

= µ(x, j)+κκκ
⊤
A (x, j)

(
KKKA +σ

2IN

)−1
(y−µµµA ) ,

κA ((x, j),(x′, j′)) (1b)

= κ((x, j),(x′, j′))−κκκ
⊤
A (x, j)

(
KKKA +σ

2I
)−1

κκκA (x′, j′),

where y = [y1, . . . ,yN ]
⊤, µµµA = [µ(x1), . . . ,µ(xN)]

⊤, κκκA (x, j) ∈ RN

is the vector of covariance values between the test input (x, j)
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and the observed inputs in A , and KKKA ∈ RN×N is the covariance
matrix between all observed inputs in A .

This construction has two advantages: (i) information shared
across outputs improves sample efficiency and (ii) any scalable
single-output GP approximation (e.g., inducing points or stochas-
tic variational inference) can be easily applied without modifica-
tion.

3.2 Bayesian Optimization

BO is a sequential decision-making strategy to efficiently find a
global optimum x∗ = argminx∈X f (x) for an expensive-to-evaluate
black-box function f , where X represents the admissible search
space. Classical BO performs the following two steps ad infini-
tum, or until a predefined sampling budget is exhausted: (1)
Constructing uncertainty-aware (probabilistic) surrogate models
based on previously sampled data pairs {(x,y)} where y is a pos-
sibly noisy observation of f (x) and (2) Optimizing an acquisition
function (AF) that provides some measure of how valuable a fu-
ture point is to sample by balancing the exploration-exploitation
trade-off during the BO search process. Common acquisition
functions include upper confidence bound (UCB)18, expected im-
provement (EI)19, and Thompson sampling (TS)20. TS is a ran-
domized approach for sequential decision making under uncer-
tainty and has been shown to provide strong empirical perfor-
mance in BO21. TS works by selecting argminx∈X g(x) as the next
sample location where g is a posterior realization of the proba-
bilistic surrogate model.

4 Proposed BEACON Method
In this section, we introduce the proposed BEACON algorithm.
We begin by presenting the newly proposed NS acquisition func-
tion. We then provide an overview and pseudocode for the BEA-
CON algorithm, followed by details of the optimization procedure
for the proposed acquisition function. Finally, we extend BEA-
CON to high-dimensional settings and problems with behavior
constraints.

4.1 Thompson Sampling-Based Acquisition for Novelty
Search

Our goal is to discover novel system behaviors by exploring un-
observed regions of the outcome space O. A common strategy in
the NS literature is to evaluate how far a predicted outcome f(x)
lies from previously observed outcomes. One such novelty met-
ric is the average distance to the k nearest neighbors among past
evaluations:

ρ(x|D) =
1
k

k

∑
i=1

dist(f(x),y⋆i ), (2)

where {y⋆1, . . . ,y⋆k} ⊂ {y1, . . . ,yN} are the k nearest outcomes to
f(x) in the dataset D = {(xi,yi)}N

i=1, and dist(·) is a user-defined
distance metric over O.

Although intuitive, this metric (and other related metrics that
are accumulation operators over a finite set of points) poses two
challenges in our setting. First, f is a black-box function, so
ρ(x|D) is not available until after an expensive query. Second,

Algorithm 1 BEACON

1: Input: Outcome function f, domain X , initial dataset D0,
total budget T , MOGP prior MOG P(µ,κ), neighbor count
k, and outcome distance metric dist(·)

2: for t = 1 to T do
3: Fit MOGP posterior: MOG Pt−1← f |Dt−1
4: Sample ggg∼MOG Pt−1
5: xt ← argmaxx∈X αNS(x|ggg,Dt−1)
6: Observe outcome yt = f(xt)+ηηη t
7: Update Dt ←Dt−1∪{(xt ,yt)}
8: end for
9: Return: Final dataset DT

observational noise can degrade NS performance by misclassify-
ing behaviors – for example, due to a realization of ηηη , it may hold
that ϕϕϕ(f(x)+ηηη) ̸= ϕϕϕ(f(x)).

To address these issues, we replace the true f with a MOGP
posterior surrogate f|D ∼MOG P(µµµD ,κκκD ). The MOGP serves
two key purposes: (i) it enables us to filter observation noise by
replacing measured data with a surrogate prediction and (ii) it
provides a way for us to fantasize future outcome realizations
while accounting for uncertainty. The latter step is accomplished
through Thompson Sampling (TS), which is a classical strategy
for decision-making under uncertainty20. Our acquisition func-
tion can thus be expressed as follows:

αNS(x|ggg,D) =
1
k

k

∑
i=1

dist(ggg(x),µµµD (x⋆i )), (3)

where ggg(x)∼ f|D is a posterior function sample and {x⋆1, . . . ,x⋆k} ⊂
{x1, . . . ,xN} are the set of k closest outcomes to ggg(x) in terms of
distance to the posterior mean predictions {µµµD (x1), . . . ,µµµD (xN)}.
This acquisition function promotes exploration of unvisited out-
come regions in the presence of model uncertainty. To generate
ggg efficiently, we employ the decoupled sampling strategy of22,
which combines weight- and function-space views to produce
high-accuracy differentiable posterior samples. We describe how
to efficiently and differentiably compute the k-nearest neighbors
needed for this acquisition in Section 4.3.

4.2 Overview of the BEACON algorithm

We now summarize the pseudocode for BEACON in Algorithm
1, which combines MOGP surrogate modeling with a TS-based
acquisition function to promote exploration of novel behaviors.
At each iteration, BEACON fits a MOGP model to all available
data, draws a posterior sample, and selects a new query point
that maximizes predicted novelty in the outcome space. This pro-
cess is then repeated until the maximum number of iterations
has been reached (or some other simple stopping crteria is em-
ployed). A visual illustration of this process is shown in Figure 1.
The pseudocode presents BEACON in a standard sequential set-
ting for clarity. However, it can be readily extended to parallel or
asynchronous evaluation using posterior sampling strategies from
prior work on parallel BO21.
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Fig. 1 Visual illustration of BEACON applied to a 1D test problem.
Top: the true function (black), GP posterior mean (blue dashed), and
a TS (green dashed) at iterations 1, 5, and 9. Shaded regions show
posterior uncertainty, and the red star marks the selected query point.
Bottom: behavioral bins defined over the outcome space. Blue bands
denote previously observed outcomes; the red band shows the predicted
outcome bin of the next query. As BEACON progresses, it efficiently
reduces the behavior gap BGt by identifying unexplored regions.

4.3 Gradient-Based Acquisition Function Optimization

Efficiently maximizing the BEACON acquisition function αNS is
essential to practical performance (Line 5 of Algorithm 1). To en-
able scalable search over x, we leverage gradient-based optimiz-
ers such as L-BFGS-B23 with multiple random restarts. Although
nearest-neighbor novelty metrics are inherently discrete, we can
reformulate αNS in a way that enables differentiation:

αNS(x|ggg,D) =
1
k

e⊤k sort({dist(ggg(x),µµµD (x))}x∈D ) , (4)

where ek is a vector whose first k entries are equal to 1 and the
remaining entries are equal to 0 and sort(·) denotes the descend-
ing sort operator. As discussed in24, the standard sort operator is
continuous and almost everywhere differentiable (with non-zero
gradients), allowing us to apply gradient-based optimization ef-
fectively.

The computational cost of this formulation scales with N, which
can be large in practice. To mitigate this, we exploit a key prop-
erty of BEACON: only distinct behavioral outcomes matter. In-
stead of computing distances to all outcomes in D , we restrict to
a deduplicated subset with unique behavior bins. This reduces the
complexity of (4) from O(N) to O(|B|), which is constant across
iterations. In Appendix F, we show how combining this idea with
sparse GP approximations enables BEACON to easily scale to eval-
uation budgets in the tens of thousands.

4.4 Scaling BEACON to High-Dimensional Problems

One of the advantages of BEACON’s design is its compatibility
with modern BO advances, particularly for high-dimensional in-

put spaces. When the input dimension d ≫ 10, surrogate mod-
els typically require structural priors to generalize well. In this
section, we describe two complementary strategies that enable
BEACON to operate effectively in such settings. Additional ex-
tensions, such as accounting for uncertainty in the hyperparame-
ters25 or black-box output constraints26, can also be incorporated
with minor changes.

4.4.1 SAAS Priors.

The sparse axis-aligned subspace (SAAS) prior27 is a fully
Bayesian approach that introduces adaptive sparsity into GP mod-
els. SAAS places a hierarchical prior over the lengthscales of each
input dimension, favoring explanations that involve a small num-
ber of relevant inputs. This formulation naturally supports in-
put relevance discovery, which is especially important when only
a few dimensions influence the outcome behavior. Due to its
generality and compatibility with automatic relevance determi-
nation, SAAS is well suited as a default surrogate prior in high-
dimensional BO. We use SAAS to scale BEACON on a challeng-
ing molecular discovery task with 125 input dimensions in Sec-
tion 5.3.

4.4.2 GAUCHE for Discrete Molecular Inputs.

While SAAS is effective when input relevance is sparse and in-
dependent, it may underperform in domains where inputs ex-
hibit strong correlations (e.g., spatially structured data) or belong
to non-Euclidean spaces. In these cases, domain-specific surro-
gate models are more appropriate. The GAUCHE framework28

offers a principled GP modeling interface for structured chemi-
cal/biological inputs, including SMILES strings, proteins, and re-
action graphs. Since GAUCHE is directly built on top of standard
GP principles, BEACON can directly use GAUCHE models as drop-
in surrogates. We demonstrate this extension in our solubility
case study (Section 5.3).

4.5 Incorporating user information in BEACON

In many practical settings, users bring domain knowledge or pref-
erences about the behaviors they seek to discover. For example, a
scientist may wish to focus exploration on materials with specific
target properties or avoid re-evaluating regions that have already
yielded satisfactory solutions. To accommodate such guidance,
we introduce “UG-BEACON”, which is a user-guided extension of
BEACON that incorporates behavior-level constraints to focus ex-
ploration. UG-BEACON modifies the acquisition strategy to avoid
selecting candidates whose predicted outcomes fall within behav-
ior regions already explored – this can be straightforwardly ac-
complished by enforcing a constraint on the prediction during the
acquisition optimization.

UG-BEACON builds directly on the BEACON algorithm with
a simple but effective modification to incorporate user-defined
behavior-level constraints. Specifically, recall that BEACON se-
lects the next evaluation point by maximizing the novelty-based
acquisition function:

x∗ = argmax
x∈X

αNS(x|ggg,D),
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where αNS(x|ggg,D) denotes the novelty score computed using a
posterior sample ggg of the outcome function and currently avail-
able data D .

UG-BEACON introduces a filtering step to exclude candidates
whose predicted outcomes fall within previously explored or user-
restricted regions of the behavior space. Let G = {G1, . . . ,GM}
denote a user-defined partition of the outcome space into M non-
overlapping regions. This partition can reflect application-specific
preferences (e.g., fine-grained in important regions or coarse in
irrelevant ones). Let Gvisited⊆G denote the set of regions contain-
ing outcomes previously observed during the search (identified by
the user). The feasible set of candidates is then given by:

Xfeas =

x ∈X

∣∣∣∣∣∣ ggg(x) /∈
⋃

G∈Gvisited

G

 ,

and the next evaluation point is chosen as:

x∗ = argmax
x

αNS(x|ggg,D) subject to x ∈Xfeas.

This mechanism enables UG-BEACON to avoid redundant sam-
pling and to steer exploration toward novel or user-relevant be-
havior regions. All other components of the BEACON algorithm,
including posterior sampling, surrogate modeling, and acquisi-
tion computation, remain unchanged.

5 Numerical Experiments

In this section, we compare BEACON against established NS al-
gorithms and their variants including the standard evolutionary-
based method (NS-EA)7, a distance-enhanced evolutionary
method (NS-DEA)29, and a feature space-based method (NS-FS).
We also compare with the performance of three other algorithms:
one that chooses points uniformly at random over X (RS); one
that chooses points using low-discrepancy quasi-random Sobol
samples over X (Sobol); and a maximum variance active learn-
ing strategy (MaxVar). Full implementation details for BEACON
and the benchmark algorithms are provided in Section 1 of the
supplementary information (SI).

We evaluate performance on 10 synthetic and 8 real-world
problems, which are described below or in the Appendices. In
all problems, we generate an initial set of 10 points uniformly at
random over X as a first stage to seed the algorithms. Then,
we use the algorithms to select an additional 80 to 300 points
for evaluation, which is depicted in the figures below. All experi-
ments are replicated 20 times. We use reachability as our perfor-
mance metric, which is defined as Reacht = 1−BGt (the fraction
of total behaviors observed). In all figures, we report the mean
of Reacht plus and minus one standard deviation computed over
the independent replicates.

Lastly, to demonstrate UG-BEACON’s flexibility to handle user-
defined preferences, we also present case studies on a MNIST
digit discovery problem and an oil sorbent material discovery
problem.

5.1 Synthetic Functions

We create three synthetic test functions from popular global
optimization benchmarks – Ackley, Rosenbrock, and
Styblinski-Tang – by adapting them to the NS problem set-
ting. We treat the output of these functions as our outcomes and
partition the range of outcomes into 25 equally-spaced intervals
to define the behaviors. Further details are provided in Section 2
of the SI. The reachability performance of all algorithms across 9
problems (3 synthetic functions, each with 3 input dimensions
d ∈ {4,8,12}) is shown in Figure 3. BEACON consistently out-
performs the other algorithms in all cases, achieving near perfect
reachability values of 1 in several cases. We further see that the
performance gap increases as problem dimension increases.

To test BEACON in the multi-output setting, we also created
a challenging Multi-Output Plus function with a long-tail joint
distribution. The function has 6 inputs and 2 outputs (full de-
scription given in Section 2 of the SI). The distribution of out-
comes for 10,000 inputs drawn uniformly at random from the
space X = [−5,5]D is shown in Figure 2 (top). Reachability is
computed with respect to intervals defined on a 10×10 grid over
the two outcomes. NS algorithms find such jointly long-tail distri-
butions challenging, as they tend to overexplore the high density
center zone and ignore the tails. This is evident in the reachabil-
ity results in Figure 2 (bottom). We see BEACON consistently has
larger reachability than the other algorithms, uncovering nearly
80% while others only find 40% or less.

Fig. 2 Results for multi-output cross plus function. (Top) Scatter plot
of outcomes for 10,000 random input values. (Bottom) Reachability
performance for all algorithms.

5.2 Material Discovery Applications

Metal-organic frameworks (MOFs) are a highly diverse class of
porous crystalline materials constructed from metal ions and or-
ganic linkers. Due to the vast design space, which spans linkers,
metal centers, topologies, and defects, there is currently no com-
prehensive theoretical framework to assess the full chemical or
property diversity that MOFs can exhibit30. Recent studies have
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Fig. 3 Results on synthetic test problems for Ackley (Left column), Rosenbrock (Middle column), and Styblinski-Tang (Right column) with 4 (Top
row), 8 (Middle row), and 12 (Bottom row) dimensions. BEACON provides substantially better outcome reachability over the benchmark methods,
with larger improvements for higher-dimensional problems.

shown that existing MOF libraries are often biased, which can
distort conclusions drawn from machine learning screening stud-
ies31. These challenges make novelty-driven search especially
appealing. However, because MOF property evaluations are of-
ten costly (experimentally or computationally), sample-efficient
approaches like BEACON are well-suited for the task.

In our setting, each candidate MOF is represented by a fixed-
dimensional vector of molecular descriptors x ∈ X ⊂ Rd . The
associated properties of interest form the outcome y = f(x) ∈O ⊂
Rn, where f is modeled as a black-box function. The choice of de-
scriptors is adapted from domain-specific prior work (see section
2.2 in SI for details). We consider three MOF discovery tasks that
reflect different search complexities and outcome dimensionali-
ties.

5.2.1 Hydrogen uptake capacity.

Hydrogen storage is central to many clean energy technologies.
We use a dataset from32 with 98,000 unique MOFs. Each MOF
is encoded using 7 real-valued features, yielding X ⊂ R7 and
O ⊂ R1.

5.2.2 Nitrogen uptake capacity.

Efficient nitrogen removal is important for natural gas purifica-
tion. We use a dataset from33 consisting of 5,224 MOFs, each
described by 20 features, i.e., X ⊂ R20 and O ⊂ R1.

5.2.3 Joint CO2 and CH4 uptake.

We aim to discover MOFs with diverse combinations of carbon
dioxide (y1) and methane (y2) uptake capacities. The dataset
from31 includes 7,000 MOFs, represented by 25 features. Thus,
X ⊂ R25 and O ⊂ R2. The joint outcome distribution is highly
skewed and visualized in section 2.2.3 in the SI.

Figure 4 compares the reachability performance of BEACON
and competing methods on these tasks. As the MOF design prob-
lems involve discrete input sets, standard evolutionary NS meth-
ods (NS-EA, NS-DEA, NS-FS) are not applicable. Across all three
tasks, BEACON consistently achieves full reachability, indicating
its ability to uncover maximal property diversity under limited
evaluations.
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Fig. 4 Performance of BEACON and baseline methods on MOF discovery
problems. Shown are results for hydrogen uptake (left), nitrogen uptake
(middle), and joint CO2/CH4 uptake (right).

5.3 Drug Discovery Applications
Exploring the chemical space to identify small molecules with
diverse properties is a foundational task in pharmaceutical re-
search. BEACON provides a sample-efficient strategy to pro-
mote novelty across molecular properties while accommodating
the unique modeling challenges of chemical data. For all tasks,
the input space X ⊂ Rd encodes molecular structure using ei-
ther descriptor-based or high-dimensional representations, while
the outcome space O ⊂ R corresponds to molecular properties of
interest. We consider three benchmark datasets with varying di-
mensionality and modeling complexity.

5.3.1 Water solubility.

We use the dataset from34 containing 900 small organic
molecules. Each molecule is encoded using a 14-dimensional
molecular descriptor vector.

5.3.2 ESOL.

We use the dataset from35 containing 1,128 molecules with
experimentally measured aqueous solubility. Instead of low-
dimensional descriptors, we adopt a 2,133-dimensional binary
fragprint representation, which captures detailed structural infor-
mation. BEACON is paired with the Tanimoto-fragprint kernel28.

5.3.3 LogD.

The octanol-water distribution coefficient (LogD) is a key prop-
erty in drug discovery. We use a dataset of 2,070 molecules
from36, each encoded with 125 features. To address the high
dimensionality, we incorporate the sparse axis-aligned subspace
(SAAS) prior27, which promotes automatic feature selection
within BEACON.

Figure 5 shows that BEACON consistently outperforms other
methods in all tasks. Notably, in high-dimensional settings (ESOL
and LogD), the use of chemically informed priors/kernels signif-
icantly improves performance. Additional experiment details are
provided in section 2.3 in the supplementary information (SI).

5.4 Exploring Deceptive Landscapes in Reinforcement
Learning

We evaluate BEACON on a challenging reinforcement learning
(RL) task involving navigation through a large maze. The ob-

Fig. 5 Performance of BEACON and baseline methods on drug discovery
problems. Shown are results for water solubility (left), ESOL (middle),
and LogD (right). BEACON achieves superior reachability across all
cases, particularly in high-dimensional settings.

jective is to control a ball from a start to a goal position within
300 steps using a linear policy defined by 8 tunable parameters.
Instead of optimizing final distance alone, we use a normalized
reward that measures relative improvement toward the target.
See 2.4 in the supplementary information (SI) for a figure of the
maze and additional details on the problem setup.

This setting is highly deceptive: reward-based acquisition can
mislead search toward local optima. Figure 6 shows that BEA-
CON consistently outperforms both standard NS variants and
reward-driven approaches, including classical expected improve-
ment (EI) acquisiton in BO. The top panel shows the average best
observed reward across 20 replicates, where BEACON outper-
forms all other methods, including the objective-focused EI ap-
proach, which ranks as the second-worst performing algorithm.
The bottom panel presents a violin plot of the reward distribu-
tion at the final iteration for all algorithms. BEACON is the only
method that consistently achieves successful escapes the maze,
with all 20 replicates yielding a final reward of 1. These results
clearly demonstrate the benefit of sample-efficient novelty-driven
search in complex RL domains.

5.5 Incorporating User Information
We evaluate UG-BEACON on two problems with behavior con-
straints. The first case study uses the well-known MNIST
dataset37. The task is to discover as many distinct handwrit-
ten digits (0 through 9) as possible by sampling from the latent
space of a trained variational autoencoder (VAE). UG-BEACON
uses a convolutional neural network (CNN) classifier to identify
whether a newly generated digit matches a previously observed
class and prioritizes exploration of novel digit types. As shown in
Figure 7, UG-BEACON achieves faster discovery of all digit classes
compared to BEACON and baseline methods.

As a second demonstration of UG-BEACON, we consider the
discovery of materials for oil adsorption applications. To reflect
realistic application preferences, we define a non-uniform parti-
tion of the 2D outcome space based on target utility. As shown in
Figure 8 (left), outcome regions with high strength and adsorp-
tion capacity are assigned finer grid resolution to encourage cov-

Journal Name, [year], [vol.],1–9 | 7



Fig. 6 Results for RL-based maze navigation case study. (Top) Average
best observed reward for all algorithms across 20 replicates. (Bottom)
Violin plot showing the distribution of best reward values at the final
iteration for all algorithms.

erage in practically useful zones. In contrast, low-performance re-
gions are coarsely partitioned, reducing sampling pressure in less
relevant areas. UG-BEACON uses this user-defined grid to guide
novelty evaluation and prevent redundant sampling by avoiding
outcome cells already explored. Figure 8 (right) reports reacha-
bility performance across algorithms. UG-BEACON rapidly attains
full (100%) coverage of the preferred outcome space within just
50 iterations, outperforming BEACON and other state-of-the-art
novelty and reward-driven baselines. These results demonstrate
the value of incorporating user behavior preferences into the NS
process to accelerate discovery in practical material design tasks.

6 Conclusions
We presented BEACON, a sample-efficient algorithm for novelty
search (NS) in settings where outcomes are defined by expen-
sive, noisy black-box functions. BEACON integrates ideas from
Bayesian optimization to guide exploration toward novel behav-
iors while accounting for uncertainty, enabling strong perfor-
mance even in low-data regimes. Our experiments across a wide
variety of synthetic, scientific, and reinforcement learning tasks
demonstrate that BEACON consistently outperforms existing NS
methods, particularly in high-dimensional or deceptive environ-
ments.

While BEACON offers substantial gains in sample efficiency, it
does incur higher computational cost than simpler alternatives,
which may limit its usefulness in low-cost evaluation settings.
Theoretical convergence guarantees also remain an open ques-
tion. Nonetheless, BEACON opens new opportunities for NS in
real-world domains, and future work may extend its scope to even
broader decision-making and design problems.
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