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Abstract

Molecular design inherently involves the optimization of
multiple conflicting objectives, such as enhancing bio-
activity and ensuring synthesizability. Evaluating these objec-
tives often requires resource-intensive computations or phys-
ical experiments. Current molecular design methodologies
typically approximate the Pareto set using a limited num-
ber of molecules. In this paper, we present an innovative
approach, called Multi-Objective Molecular design through
Learning Latent Pareto Set (MLPS). MLPS initially utilizes
an encoder-decoder model to seamlessly transform the dis-
crete chemical space into a continuous latent space. We then
employ local Bayesian optimization models to efficiently
search for local optimal solutions (i.e., molecules) within pre-
defined trust regions. Using surrogate objective values de-
rived from these local models, we train a global Pareto set
learning model to understand the mapping between direc-
tion vectors (called “preferences”) in the objective space and
the entire Pareto set in the continuous latent space. Both
the global Pareto set learning model and local Bayesian op-
timization models collaborate to discover high-quality so-
lutions and adapt the trust regions dynamically. Our work
is an effective endeavor towards learning the Pareto set for
multi-objective molecular design, providing decision-makers
with the capability to fine-tune their preferences and thor-
oughly explore the Pareto set. Experimental results demon-
strate that MLPS achieves state-of-the-art performance across
various multi-objective scenarios, encompassing diverse ob-
jective types and varying numbers of objectives. The effec-
tiveness of MLPS was further validated through real-world
challenges in discovering antifungal peptides with low toxic-
ity and high activity.

Code —
https://github.com/JiahaoYoung0520/MLPS/source

Extended version — https:
//github.com/JiahaoYoung0520/MLPS/extend-version

Introduction
Molecular design plays a pivotal role in a multitude of ap-
plications, including drug discovery (Meyers, Fabian, and
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Brown 2021), material science (Butler et al. 2018), and cata-
lyst development (Wan, Duan, and Huang 2020). Influenced
by the rapid development of artificial intelligence, machine
learning has shown its powerful ability to assist in efficient
candidate discovery (Chen et al. 2021; Hoffman et al. 2022).
However, in practice, molecules often need to fulfill multiple
property requirements, e.g., drug molecules not only need to
bind efficiently to the target, but also need to have suitable
pharmacokinetic properties and low toxicity. In this context,
multi-objective molecular design is challenging. It aims to
discover the Pareto set of molecules, where improving one
objective inevitably entails compromising others.

Traditional approaches to multi-objective molecular de-
sign often involve simplifying multi-objective problems by
converting them into single-objective ones using specific
weightings (Abels et al. 2019; SV et al. 2022). While ef-
fective to some extent, these methods rely on human experts
for weighting. In general, weighting of multiple objectives
is difficult, and inappropriate weighting leads to inappro-
priate solutions. Other techniques focus on identifying the
Pareto set through a two-stage process: molecule sampling
and non-dominated sorting (Yasonik 2020; Verhellen 2022).
However, this approach can become prohibitively expensive
and time-consuming, especially in cases with multiple ob-
jectives and a large pool of molecules to consider. To im-
prove sampling efficiency in multi-objective molecular de-
sign, Bayesian optimization has emerged as a powerful and
efficient method (Xie et al. 2021; Gao et al. 2022). Neverthe-
less, Bayesian optimization faces limitations when dealing
with high-dimensional spaces and high computational com-
plexity associated with Gaussian process inference. These
challenges make it less suited for complex multi-objective
molecular design tasks.

Conventional multi-objective molecular design ap-
proaches often yield a limited Pareto set (i.e., a small
number of trade-off solutions), which may not align well
with decision-makers preferences. multi-objective molecu-
lar design problems may have a complicated Pareto set with
various trade-offs. Accessing this entire set can provide
significant advantages, enabling decision-makers to select
the most preferred solution and accelerating the molecular
design process. Recent advancements in this field, particu-
larly Pareto set learning methods, aim to approximate the
entire Pareto set using learning models (Lin, Yang, and
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Zhang 2021; Lin et al. 2022). However, most existing meth-
ods focus on low-dimensional Pareto sets, which are not
suitable for addressing the complexity of high-dimensional
and discrete multi-objective molecular design problems.
These limitations underscore the need for a novel approach
that can efficiently handle multi-objective molecular design
scenarios while learning the comprehensive Pareto set.

In this paper, we introduce a groundbreaking approach to
multi-objective molecular design, termed as Multi-Objective
Molecular Design through Latent Pareto Set Learning
(MLPS). MLPS fundamentally transforms the conventional
paradigm by learning the entire Pareto set in a high-
dimensional latent space. The core of MLPS begins with the
utilization of an encoder-decoder model, which effectively
maps the discrete chemical space into a continuous latent
space. This transformation process lays the foundation for
subsequent operations. MLPS partitions the latent space into
multiple trust regions and uses a local Bayesian optimiza-
tion model for efficient sampling within each region. No-
tably, MLPS incorporates a global Pareto set learning model,
which establishes a crucial link between direction vectors
(i.e., preferences) in the objective space and the comprehen-
sive Pareto set in the continuous latent space. It is capable
of aggregating and disseminating valuable information from
each trust region, thereby enhancing both global and local
optimization processes.

MLPS provides a vast array of solutions for decision-
makers to choose from, enabling them to select molecules
that best align with their preferences and specific require-
ments. This is clearly different from existing multi-objective
molecular design methods where only a limited number
of trade-off solutions are obtained. Importantly, this work
marks the pioneering effort in molecular design by directly
learning the entire Pareto set for the complex multi-objective
molecular design problem. Our paper makes several signif-
icant contributions to the field of multi-objective molecular
design.

• We introduce a novel approach that learns a mapping
from a preference to the corresponding Pareto optimal
solution in multi-objective molecular design. It empow-
ers decision-makers to fine-tune their preferences, facil-
itating exploration across the entire Pareto set. This is a
reverse process compared to existing methods and offers
a fresh perspective on solving the problem.

• We develop an efficient information-sharing mechanism
wherein local Bayesian models communicate with each
other through a global neural network. This combination
of local and global optimization enhances the search ca-
pability for the Pareto set, allowing for quicker conver-
gence to better solutions.

• Our approach outperforms existing state-of-the-art meth-
ods across a wide range of multi-objective scenarios and
can be applied to real-world challenging tasks. This in-
cludes scenarios involving diverse types of objectives and
varying numbers of objectives, showcasing its effective-
ness and versatility.

Related Works
Multi-objective Molecular Design. Multi-objective molec-
ular design aims to improve specific molecular sev-
eral properties simultaneously. Recent advances have seen
the emergence of various artificial intelligence-based ap-
proaches.These approaches can be broadly categorized into
three groups: 1) Use Generative Models to sample : This
category includes methods such as variational autoencoders
(Lim et al. 2018; Liu et al. 2018; Jin, Barzilay, and Jaakkola
2018), generative adversarial networks (Guimaraes et al.
2017; Kadurin et al. 2017; Prykhodko et al. 2019), and dif-
fusion models (Ho, Jain, and Abbeel 2020; Xu et al. 2021;
Hoogeboom et al. 2022). They work with continuous latent
representations and require substantial data for training. 2)
Combinatorial Optimization Methods: These methods in-
volve combinatorial search in a discrete chemical space.
They include evolutionary algorithms (Nigam et al. 2020;
Ahn et al. 2020), reinforcement learning (You et al. 2018;
Jin, Barzilay, and Jaakkola 2020a; Fu et al. 2021a), and
Monte Carlo methods (Xie et al. 2021; Fu et al. 2021b;
Sun et al. 2022). 3) Multi-objective Bayesian Optimization:
these approaches often involve learning a latent space from
molecular data using generative models and then search-
ing for molecules with desired properties in the latent space
(Gómez-Bombarelli et al. 2018; Jin, Barzilay, and Jaakkola
2018; Siivola et al. 2021). Existing Multi-objective opti-
mization methods in molecular design often face limita-
tions. Many methods involve transforming a multi-objective
problem into a set of single-objective ones by using scalar-
izing functions, allowing single-objective optimization to
be applied. These transforming may not capture the full
spectrum of solutions (i.e., multi-objective trade-offs). Ad-
ditionally, representing complex chemical spaces in high-
dimensional latent spaces can be challenging, and traditional
multi-objective Bayesian optimization methods have limi-
tations in handling high-dimensional spaces (Frazier 2018).
Our MLPS provides a novel framework to learn the mapping
from preferences to the Pareto set while efficiently navigat-
ing the search in high-dimensional spaces.

Pareto Set Learning. In the field of multi-objective op-
timization, there has been a growing interest in developing
methods that learn to approximate the Pareto set. A preva-
lent trend in multi-objective optimization involves integrat-
ing preference information into neural networks. This ap-
proach has demonstrated success in various domains, in-
cluding multi-task learning (Sener and Koltun 2018; Navon
et al. 2020) and reinforcement learning (Abdolmaleki et al.
2020, 2021). By incorporating preferences, neural networks
can adapt to specific preferences of decision-makers. Some
notable works have aimed to learn and model the entire
Pareto set. P-MOCO (Lin, Yang, and Zhang 2021) intro-
duces an end-to-end reinforcement learning algorithm de-
signed to train models capable of accommodating differ-
ent preferences in multi-objective combinatorial optimiza-
tion problems. In the context of expensive multi-objective
optimization problems, PSL (Lin et al. 2022) has been devel-
oped. However, it is primarily designed for low-dimensional
problems. Moreover, both P-MOCO and PSL rely on a sin-
gle global model, which may not be well-suited for captur-
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ing highly complicated Pareto sets encountered in molecular
design. In contrast, our MLPS takes a hybrid approach that
combines several local models with a global model, which
is specifically designed to address the challenges posed by
complicated high-dimensional Pareto sets in molecular de-
sign.

Method
In our study, we treat the multi-objective molecular design
problem as a multi-objective maximization problem, formu-
lated as follows:

max
x∈χ

F(x) = [f1(x), f2(x), · · · , fM (x)]. (1)

Here, x denotes a solution (i.e., molecule) in the N -
dimensional latent space χ ∈ RN , M represents the number
of objectives, and evaluating these objective functions can be
expensive.

In this section, we first provide an overview of our MLPS
framework. Then, we delve into the specifics of the local
and global models within our MLPS respectively. To pro-
vide readers with a solid foundation in multi-objective op-
timization, Appendix A offers explanations on fundamental
concepts such as Pareto dominance, Pareto set/front, the hy-
pervolume (HV) indicator (fHV ), the hypervolume contri-
bution (fHV C ), and the hypervolume improvement (fHV I ).
For those seeking more in-depth information, Appendix B
supplies additional details about our work.

Framework
The framework of our MLPS is illustrated in Fig 1. MLPS
operates as a guided search model, where guidance and feed-
back from current candidates continuously inform and im-
prove the search strategy in each iteration. This search is
conducted within a continuous latent space established by
a pre-trained encoder-decoder model. Our approach utilizes
a latent space model with a dimensionality of 256, employ-
ing SELFIES as the molecular sequence representation. De-
tails about the molecular representations and the encoder-
decoder model are found in Appendix B.1.

The first step in the search process involves setting the
initial molecular embeddings. MLPS offers two methods
for accomplishing this: 1) One method samples a set of
molecules from a database, and their embeddings are ob-
tained using the encoder. 2) The other method directly sam-
ples initial embeddings from the latent space. In our work,
we employ the Sobol sampler (Renardy et al. 2021), which
enables uniform sampling in the high-dimensional latent
space.

Once the initial molecular embeddings are in place, we
proceed to initialize multiple trust regions within the latent
space. Within each trust region, we build a local surrogate
model. Subsequently, based on these local surrogate models,
we train a global Pareto set learning model, which is imple-
mented as a neural network. The global Pareto set learning
model is designed to establish a mapping between direction
vectors (i.e., preferences) in the objective space and the en-
tire Pareto set across the latent space. To train the global

Algorithm 1: The framework of MLPS

Require: Pre-trained encoder and decoder, initial embed-
dings and their objective vectors {Xinit,Y init}, the
number of trust regions ntr, the minimum edge length
of trust regions Lmin

1: Initialize ntr trust regions T = {T1, T2, · · · , Tntr}with
{Xinit,Y init};

2: Build a local surrogate model in each trust region;
3: while budget not exhausted do
4: Train the global Pareto set learning model hθ based

on the local surrogate models (Alg.2);
5: Generate solutions from random preferences by hθ

to form the global batch Xg (Appendix Alg.2);
6: Sample solutions in T to form the local batch X l

(Appendix Alg.1);
7: X ←Xg ∪X l;
8: Decode X and obtain their true objective vectors Y ;
9: for j = 1, 2, · · · , ntr do

10: Update the edge length of Tj based on {X,Y };
11: if the edge length of Tj is less than Lmin then
12: Reinitialize Tj (Appendix Alg.3);
13: end if
14: Update the center of Tj based on fHV C (Sub-

section Local Models);
15: end for
16: Update the local surrogate model in each trust re-

gion;
17: end while
Ensure: global Pareto set learning model hθ

Pareto set learning model, we randomly sample a set of pref-
erences and utilize it to predict Pareto optimal solutions. The
predicted solutions are then evaluated by the local surro-
gate models within their respective trust regions to generate
loss values. The loss is utilized as the training signal for the
global model, enabling it to improve its mapping accuracy.

After training the global model in the current iteration,
we employ it to generate predicted Pareto optimal solutions
by randomly inputting preferences into the model. Subse-
quently, we select the best global batch of solutions Xg

based on their hypervolume improvement values. Addition-
ally, we sample a set of solutions within the trust regions,
and we select the best local batch of solutions X l according
to their hypervolume improvement values. The details of the
global and local batch selection can be found in Appendix
B.2.

The selected solutions X = Xg ∪X l are then decoded
to obtain their molecular representations. These molecules
are subsequently evaluated for their true objective vectors
Y . The pair {X,Y } is used to update the trust regions, and
the current iteration is over. The next iteration starts with the
updated trust regions, allowing the optimization process to
iteratively improve and refine the Pareto set. This approach
combines both global and local information, leveraging the
strength of each to enhance the efficiency and effectiveness
of the multi-objective molecular design process. We summa-
rize the core components of MLPS in Algorithm 1.
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Figure 1: Illustration of the framework of the proposed MLPS

Local Models

In our MLPS, each trust region is equipped with a local
surrogate model, which makes MLPS different from other
global Bayesian optimization methods. Specifically, each lo-
cal surrogate model is a Gaussian process implemented us-
ing BoTorch (Balandat et al. 2020) and GPyTorch (Gardner
et al. 2018). Our approach focuses on maintaining the ac-
curacy of each local surrogate model within its respective
trust region. Similar to Turbo (Eriksson et al. 2019), a trust
region is a hypercube region defined within the latent space
in this work. There are two key issues for each trust region
in our work: the setting of its center and the reinitialization
strategy, which we discuss below:

Center Setting. In single-objective optimization, existing
approaches often place the center of a trust region at the best
observed point. However, this approach is no longer suitable
for multi-objective optimization since there exists no single
best solution. In MLPS, we select the point with the max-
imum hypervolume contribution as the trust region center.
Given a non-dominated solution set within the current trust
region, we calculate the hypervolume contribution for each
solution and choose the point with the highest hypervolume
contribution to be the center of the trust region, while ex-
cluding points that have already been selected as the cen-
ters of other trust regions. Placing the center of the trust re-
gion at the point with the highest hypervolume contribution
enhances diversity. This is because more crowded solutions
tend to have smaller hypervolume contributions.

Reinitialization Strategy. An unpromising trust region is
penalized by halving the edge length. This reduction in edge
length is not unlimited. If the length of an edge becomes
smaller than a predefined threshold Lmin, the current trust
region is terminated, and a new trust region is generated. For
generating a new trust region, we determine the position of
the new center and build a new local surrogate model. Let

Dp = (Xp,Y p) be the set of previously reinitialized center
points Xp and their corresponding observations Y p. f̂r is
the surrogate model corresponding to the trust region to be
reinitialized Tr. Then, we build a new local surrogate model
to Dp: f̂new ∼ P (f̂r | Dp). Based on f̂new, we identify
the center point xc of the new trust region by maximizing a
scalarizing function specified by a random preference. The
reinitialization strategy is outlined in Appendix Alg.3. This
approach ensures that trust regions can be reinitialized in
promising parts of the overall space.

Global Pareto Set Learning Model
As previously highlighted, the Pareto set of a multi-objective
problem may contain an infinite or large number of solu-
tions, each offering a different trade-off among the objec-
tives. In contrast to traditional multi-objective molecular de-
sign approaches, MLPS employs a global Pareto set learning
model to map a user defined trade-off preference to the cor-
responding Pareto optimal solution. To achieve this, we em-
ploy scalarizing functions to calculate gradients using local
surrogate models, and these gradients are utilized to update
the global Pareto set learning model. The global Pareto set
learning model serves as a bridge connecting different trust
regions. It can generate improved global optimal solutions,
encouraging local search within trust regions to explore and
discover even better solutions. Conversely, The enhanced lo-
cal solutions found in trust regions can provide guidance to
update the global model. This feedback loop ensures that the
global model continuously improves its understanding of the
Pareto set and adapts to changing preferences.

Model Formulation. The function of the global Pareto
set learning model is expressed as follows:

x = hθ(λ). (2)
Here, λ represents any valid preference selected from Λ =
{λ ∈ RM |

∑
λi = 1}, with i = 1, 2, . . . ,M . x is

19009



the corresponding solution to the preference λ in the N -
dimensional latent space. Typically, N is much larger than
M in multi-objective molecular design. hθ denotes a neural
network with parameters θ. We utilize thermometer encod-
ing (Buckman et al. 2018) for preferences and apply a cross-
attention mechanism for different preferences. Specifically,
we divide the preference values [0,1] into 128-dimensional
scales to enhance the model’s sensitivity to minor fluctua-
tions. We apply two layers of cross-attention to balance the
focus on different targets, thereby improving the effective-
ness and diversity of the Pareto set. We introduce residual
connections within the network to ensure that the model
learns these distinctions effectively. These connections help
preserve the original preference information throughout the
transformation process. By combining preference data with
its features, our model can generate corresponding solutions
that are more distinguishable and faithful to the preferences.
To ensure that the model learns these distinctions effectively,
we introduce residual connections within the network. These
connections help preserve the original preference informa-
tion throughout the transformation process. By combining
preference data with its features, our model can generate
corresponding solutions that are more distinguishable and
faithful to the preferences.

Model Training. The training process aims to update the
model’s parameters θ such that the generated solutions align
with the optimal solutions by minimizing the augmented
Tchebycheff scalarization. This can be expressed as:

x∗ = hθ∗(λ) = argmin
x∈χ

gtch aug(x | λ). (3)

The detaild of the augmented Tchebycheff scalarization
gtch aug can be found in Appendix B.3. This function estab-
lishes a connection between a set of preferences Λ = {λ ∈
RM |

∑
λi = 1} and their corresponding solutions within

the Pareto set. It guides the global Pareto set learning model
to generate solutions that are close to the Pareto front.

To find the optimal parameter θ∗, we propose an effi-
cient algorithm. Since the optimal solution of the augmented
Tchebycheff scalarizing function is unknown, we need to
optimize all solutions generated by our model with the corre-
sponding augmented Tchebycheff scalarizing functions for
all valid preferences:

θ∗ = argmin
θ

Eθ∼Λgtch aug(x = hθ(λ) | λ). (4)

Solving Eq. (4) directly is challenging due to the expectation
over an infinite set of preferences. Therefore, we employ a
Monte Carlo sampling and gradient descent approach to it-
eratively update the model with different surrogate models
in different trust regions. The update equation is as follows:

θt+1 = θt − η
K∑

k=1

∇θ ĝtch aug(x = hθ(λk) | λk). (5)

Here, ĝtchaug(·) is the augmented Tchebycheff scalarizing
function with objective vectors predicted by local surrogate
models (Please refer to Eq. (6) in Appendix B.3). To account
for the uncertainty of the surrogate model, we use the lower
confidence bound to obtain the surrogate objective vector:

f̂(x) = µ̂(x)− βσ̂(x), (6)

Algorithm 2: Global Pareto Set Learning Model Training

Require: global Pareto set learning model hθ , the number
of iterations for training the global model Tg , trust re-
gions T = {T1, T2, · · · , Tntr

}, corresponding local sur-
rogate models {f̂1, f̂2, · · · , f̂ntr

}, the number of sam-
pled preference n

1: for tg = 1, 2, · · · , Tg do
2: Randomly sample n preferences {λ1,λ2, . . . ,λn};
3: Use the current model hθ to generate solutions

Xθ = {x | xi = hθ(λi), i = 1, 2, · · · , n};
4: Initialize an empty set loss;
5: for i = 1, 2, · · · , n do
6: Find the closest trust region to xi, denoted as Tj ;
7: Calculate the scalarizing function ĝtch aug(xi)

based on the surrogate model f̂ j (Appendix B.3);
8: Calculate ∇θ ĝtch aug(xi) and add it to the loss

set;
9: end for

10: Update θ with loss;
11: tg = tg + 1;
12: end for
Ensure: updated Pareto set learning model hθ

where µ̂ is the mean value, σ̂ is the variance value, and β is
a parameter that balances the weight between the mean and
variance. In this work, we set β to 0.1.

Algorithm 2 describes the training of the global Pareto set
learning model. This process iteratively updates the global
Pareto set learning model, allowing it to learn the mapping
from preferences to corresponding solutions in the Pareto
set.

Experiments
In our experiments, we aim to explore the effectiveness of
the proposed MLPS in various multi-objective molecular
design scenarios. We divided the experimental setup into
multi-objective molecular design tasks and real-world chal-
lenging tasks.

Multi-Objective Molecular Design Tasks
We consider four objectives related to molecular proper-
ties, following (Jin, Barzilay, and Jaakkola 2020a; Xie et al.
2021; Sun et al. 2022). To comprehensively evaluate the per-
formance of our approach across different types and num-
bers of objectives, we consider several objective combina-
tions within our experiments:

1) QED + SA (non-biological objectives): Drug-likeness
(QED) and synthetic accessibility (SA) assess the drug-
likeness and synthesizability of molecules, predicted us-
ing RDKit. 2) GSK3β + JNK3 (biological objectives): In-
hibition of GSK3β and JNK3 (related to Alzheimer’s) is
predicted using a random forest model. 3) QED + SA +
GSK3β/JNK3: Inhibition of GSK3β or JNK3 with con-
straints on drug-like properties (QED) and synthesizability
(SA). 4) QED + SA + GSK3β + JNK3: Joint inhibition of
GSK3β and JNK3 with constraints on QED and SA.
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Objective QED+SA GSK3β+JNK3 QED+SA+GSK3β QED+SA+JNK3 QED+SA+GSK3β+JNK3
GA+D 0.598 0.350 0.243 0.251 0.137
JT-VAE 0.832 0.460 0.276 0.287 0.254
GCPN 0.850 0.830 0.186 0.191 0.100

RationalRL 0.750 0.762 0.722 0.567 0.539
MARS 0.916 0.898 0.763 0.778 0.679

MolSearch / 0.723 0.183 0.217 0.571
PSL 0.763 0.512 0.481 0.472 0.432

RetMol 0.847 0.910 0.771 0.781 0.701
HN-GFN 0.907 0.798 0.702 0.713 0.578

MLPS 0.922 0.902 0.781 0.788 0.714

Table 1: Comparison of different methods on HV

Baseline. Here is a brief description of each baseline
method: 1) GA+D (Nigam et al. 2020) combines a genetic
algorithm with a generative model. 2) JT-VAE(Jin, Barzi-
lay, and Jaakkola 2018) generates molecules by construct-
ing a tree-structured scaffold over chemical substructures
and then assembling them into complete molecules, lever-
aging variational autoencoders. 3) GCPN (You et al. 2018)
employs reinforcement learning to generate molecules atom
by atom, utilizing a graph neural network as the basis.
4) RationaleRL (Jin, Barzilay, and Jaakkola 2020a) ex-
tends molecule rationales into complete molecules using re-
inforcement learning. 5) MARS (Xie et al. 2021) utilizes
Markov sampling to generate molecules using a combina-
tion of GNNs and molecule fragments. 6) MolSearch (Sun
et al. 2022) employs a Monte Carlo tree search algorithm to
discover molecular design moves and generate molecules. 7)
PSL (Lin et al. 2022) utilizes a neural network to learn the
entire Pareto set for expensive multi-objective optimization.
8) RetMol (Wang et al. 2023) introduces a search-based
framework that guides controlled molecule generation us-
ing a small set of molecules, iteratively refining the process
to meet desired properties. 9) HN-GFN (Zhu et al. 2023)
introduces a conditional variant of GFlowNet that can effi-
ciently sample candidates. Please refer to Appendix C.2 for
more details of these baseline methods.

Evaluation Metrics. We generate 5000 molecules by
each method and use hypervolume (HV) to compare these
methods. HV assesses how well the generated molecules
cover the Pareto front in the objective space. It indicates
how closely the generated molecules approximate the en-
tire Pareto set and provides insights into their distribution in
the objective space across different objectives (see details in
Appendix A). In addition to HV, we consider several tradi-
tional metrics that are commonly used in molecular design,
even though they were not explicitly designed for multi-
objective molecular design: Success Rate, Novelty, Diver-
sity, and Product Metric. (see details in Appendix C.2). We
also evaluate the values of single objective in multi-objective
task setting. Please refer to Appendix C.4 for details.

Benchmark Results
Table 1 presents the average HV values over 10 runs ob-
tained by the compared methods. From the results, we
can observe that: 1) In all five tasks, MLPS consistently
achieves the highest HV scores among the compared meth-
ods. This indicates that MLPS excels in approximating
the entire Pareto set, showcasing its ability to provide

diverse and high-quality solutions across different multi-
objective scenarios. 2) MARS and RationalRL typically se-
cure the second and third places in terms of HV scores.
These methods exhibit strong capabilities in multi-objective
molecular design, but MLPS consistently outperforms them
across different scenarios. 3) Several methods, such as
GA+D, JT-VAE, and GCPN, perform acceptably in the two-
objective scenarios. However, their performance degrades
when faced with problems involving three or four objectives.
4) MolSearch performs relatively better in the four-objective
scenario compared to the three-objective scenarios. This be-
havior might be attributed to the optimization strategy that
MolSearch employs: it starts with a specialized molecule set
tailored for the four-objective scenario. Note that MolSearch
is not applicable to the QED+SA scenario due to its two-
stage nature, where the optimization of biological objectives
is prioritized in the first stage.

Table 2 presents the PM values (SR × Nov × Div) which
can describe the comprehensive quanlity of molecules. From
the results, we can observe the following: 1) MLPS consis-
tently achieves the best performance across all five tasks. 2)
Compared to other methods, such as JT-VAE and GCPN,
MLPS excels in 3-objective and 4-objective tasks, demon-
strating its capability to handle more objectives and more
complex scenarios effectively. The more detailed results are
shown in Appendix C.4.

Comparison with other Pareto set learning methods.
PSL and P-MOCO are two other methods used for learn-
ing the Pareto set. PSL is designed to solve general multi-
objective tasks, but it cannot directly optimize molecular
design. To address this, we have combined our encoder-
decoder architecture with PSL to make it more suitable for
molecular design tasks. Additionally, while P-MOCO takes
graph data as input, our encoder-decoder is based on se-
quence data. For the sake of a fair comparison, we only com-
pare MLPS with PSL. The results, shown in Table 1 and
2 , highlight the following observations: 1) MLPS outper-
forms PSL in both tasks regarding HV. As the number of
objectives increases, the performance gap between MLPS
and PSL widens. As noted in the PSL study, PSL struggles
with high-dimensional tasks, whereas MLPS achieves a bet-
ter molecular Pareto set. 2) In terms of PM, the gap is also
significant. PSL’s inability to enhance PM effectively stems
from its lack of local search capabilities, which makes it dif-
ficult to identify high-quality molecules in complex scenar-
ios. In contrast, MLPS’s global-local structure enables it to
discover molecules with higher PM.
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Objective QED+SA GSK3β+JNK3 QED+SA+GSK3β QED+SA+JNK3 QED+SA+GSK3β+JNK3
GA+D 0.428 0.360 0.610 0.430 0.310
JT-VAE 0.002 0.002 0.063 0.131 0.015
GCPN 0.003 0.002 0.000 0.000 0.000

RationalRL 0.716 0.686 0.270 0.131 0.294
MARS 0.538 0.518 0.680 0.674 0.547

MolSearch / 0.650 0.702 0.651 0.664
PSL 0.002 0.002 0.001 0.000 0.000

RetMol 0.462 0.436 0.521 0.578 0.611
HN-GFN 0.782 0.712 0.702 0.710 0.646

MLPS 0.789 0.734 0.737 0.722 0.669

Table 2: Comparison of different methods on PM

Ablation Study. In the ablation study, we aim to assess
the contributions of the designed global and local models in
MLPS. We compare MLPS with two variants: one that lacks
the global model and another that lacks the local models.
The results are presented in Figure 2, which illustrates the
Hypervolume (HV) values as a function of the number of
solutions that are evaluated by their true objective vectors
during the MLPS learning process for these three methods
in the context of the QED+SA+GSK3β+JNK3 task. MLPS
performs better than MLPS without the global model and
MLPS without the global model.This suggests that lever-
aging multiple local optimizations is more effective than
relying solely on a single global optimization in the high-
dimensional latent space. More details of ablation study are
shown in Appendix C.6.

0 1000 2000 3000 4000 5000
0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7

QED+SA+GSK3β+JNK3

Iteration

Hy
pe

rv
ol

um
e

MLPS

MLPS without local model

MLPS without global model

Figure 2: Performance comparison among MLPS and its
variants on QED+SA+GSK3β+JNK3.

Real-world Challenging Tasks
We use a challenging drug discovery tasks in the real world
to demonstrate the generalization and multi-objective opti-
mization capabilities of MLPS: Antifungal activity + toxic-
ity. Antifungal active peptides with low toxicity, measure the
active score against fungal and non-toxic to normal cells.

Evaluation Metrics. For the antifungal peptide optimiza-
tion task, we chose 5000 antimicrobial peptides as the initial
population to optimize them into antifungal peptides with
low toxicity. The candidates were scored for activity by the
Chemprop model (Jin, Barzilay, and Jaakkola 2020b) and
toxicity by the ToxinPred3.0 model (Rathore et al. 2023).

Case Study Results
Optimizing existing antimicrobial peptides towards im-
proved antifungal activity and reduced toxicity. As a mo-
tivating use case, fungal infections (e.g., Candida infections,
Aspergillus infections, etc.) are a serious threat to human
health globally, especially in immunocompromised patients.
Antifungal peptides (AFPs), a new antifungal agent with
broad-spectrum, high efficiency, and low toxicity, provide a
new option for treating fungal infections. Optimal AFPs de-
sign requires balancing between multiple, tightly interacting
attribute objectives, such as high activity and low toxicity.
We used MLPS to optimize antimicrobial peptides for high
antifungal activity and reduced toxicity to address this chal-
lenge. With 5000 samples for both the original and improved
sequences, it is evident that the optimized candidate has sig-
nificantly increased in activity and significantly decreased in
toxicity (Fig.3). This result demonstrates that our approach
is efficient and able to optimize the desired properties on
real-world challenging tasks as well.
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Figure 3: Comparison of the difference in properties be-
tween the original sequence and the optimized sequence.

Conclusion
This paper proposed an innovative algorithm called MLPS
to address various challenges of multi-objective molecular
design. MLPS leverages a combination of global and lo-
cal optimization models, which empowers decision-makers
to efficiently explore the Pareto Set. Our extensive experi-
ments across diverse multi-objective molecular design and
peptides scenarios have consistently demonstrated the supe-
riority of MLPS. In future studies, we will try to further en-
hance the scalability and efficiency of MLPS to tackle multi-
objective molecular design problems with a higher number
of objectives.
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