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Abstract

This file contains supplementary information for the main text.

1 DEL Details

The evolutionary operators, non-dominated ranking method, and crowding distance
calculation in DEL are described below.

1.1 Evolutionary Operators

To produce new samples of the next generation, latent representations of popula-
tions undergo evolutionary operations in accordance with classical genetic algorithms,
which include individual selection, crossover, and mutation. Individual selection uti-
lizes binary tournament selection to select one individual (parent) from every two
random samples by comparing their partial relation, until the drawn mating pool size
matches the population size M , namely, if z1 ≺n z2 then z1 will be selected as the
parent solution. Selected M parents are then paired up as zp1 and zp2 for crossover
operator to generate children ẑc1 and ẑc2. All experiments use blending linear crossover
(BLX) [1, 2], which formulates

ẑc1 = zp1 + r1(zp2 − zp1), (1)

ẑc2 = zp1 + r2(zp2 − zp1), (2)

where

r1 = −d+ (1 + 2d)α1, (3)

r2 = −d+ (1 + 2d)α2. (4)

The recommended value of d = 0.25 (from [1]) is used in this work and α1, α2 ∼
Uniform(0, 1). Recombinant samples ẑm are carried on to the mutation operations
over a predefined mutation rate pm = 0.01, meaning for every sample, if a random
value l from Uniform(0, 1) is smaller pm, the l-th position of ẑm will be overwritten
by value drawn from standard Gaussian distribution N (0, I) Grantham et al. [3].

1.2 Non-dominated Ranking and Crowding Distance

In preparation for evolutionary operations, DEL analyzes non-dominated rankings
and crowding distances of multi-objective solutions to identify advantageous parent
solutions in selection for generating offspring, as well to produce distinct populations
with competitive and diverse molecules from the molecule pool of previous populations
in the subsequent step.
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In [4], crowding is defined as the density value of individuals around a feasible
solution within Pareto fronts. It may be intuitively seen as a cuboid surrounding an
individual and excluding others. An individual’s crowding distance is calculated by
summing the differences between the values of the sub-objective functions of two indi-
viduals before and after this individual. In general, the crowding distance of individual
zi with K objective is given as:

d(zi) =

K
∑

k=1

fk(zi+1)− fk(zi−1)

fmax
k − fmin

k

(5)

where zi+1 denotes the closest individual above zi and zi−1 is the closest individ-
ual below zi. f

max
k and fmin

k are the the maximum and minimum value of the k-th
objective, respectively.

Non-dominated ranking with k molecular properties and potentially conflicting
objectives is defined in the latent space:

min
z

(f1(z), f2(z), f3(z), ..., fk(z)) (6)

where z represents the feasible solutions. z1 ≺ z2 denotes z1 dominates z2, and sam-
ples from training data or DGMs can be sorted into Pareto fronts F = {F1,F2,F3, ...}.
For instance, the first front F1 dominates F2 but solutions in F1 do not dominate each
other.

Two solutions are compared by combining non-dominated ranking and crowding
distance using partial order ≺n i.e., given two solutions, z1 ≺n z2 holds if z1 ≺ z2,
or z1 do not dominate z2 but d(z1) > d(z2). This procedure is performed to rank the
top M samples for selection with regard to evolutionary operations, or to form the
new population for the next generation [3].

2 Evaluation Metrics

In this work, we used 1-Wasserstein distance and hypervolume to evaluate the
performance of multi-objective solutions.

2.1 1-Wasserstein Distance

In the space R, there are many ways to describe the distance between two probability
distributions q(x) and p(x). One of the more popular ones is Kullback-Leibler (KL)
divergence:

KL(p ‖ q) =

∫

Rn

p(x) log
p(x)

q(x)
dx. (7)

As defined above, KL does not measure the geometric properties of Rn, because
the comparison between q(x) and p(x) is made at the same points. This motivates us
to utilize Wasserstein distance (WD) as a distance metric for a pair of distributions.
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For the probability distributions µ and υ defined on R, the p-th is given as:

Wp(µ, υ) := inf
γ∈Γ(µ,υ)

(

∫

R×R

d(x, y)pdγ(x, y)
)

1

p

, (8)

where Γ(µ, υ) is the collection of joint probability measures γ on R×R with marginal
distributions µ and υ. A measure with marginals µ and υ is also called the coupling
of µ and υ. d can be any distance on R, such as Euclidean distance, l1 distance, etc.
In the case of p = 1 and d(x, y) = |x − y|, the one-dimensional Wasserstein distance
(1-Wasserstein distance) is explicitly formulates as:

W1(µ, υ) =

∫

R

|Fµ(x)− Fυ(x)|dx, (9)

where F is a cumulative distribution function.

2.2 Hypervolume Measure

The condition of algorithm convergence is an extremely critical aspect of multi-
objective evolutionary algorithms. DEL retains the elite solution set of the previous
generation and adds it to the evolutionary process of the new generation. The solution
set of the evolutionary population continues to converge to the real Pareto frontier, and
reaches a satisfactory optimization solution. Usually, when analyzing the performance
of a multi-objective optimization algorithm, we hope that the algorithm can advance
in three aspects. (1) The distance between the real Pareto front surface and the one
obtained by the algorithm should be as small as possible. (2) Although the obtained
individual solution points are only partial solutions, they should be distributed on the
Pareto front as uniformly as possible. And, (3) a sufficient number of solution points
should be able to cover the entire front, that is each region on the front should be rep-
resented by solution points unless this region is missing on the actual optimal Pareto
front.

The hypervolume (HV) index measures the volume of the dimensional region
in the target space bounded by the non-dominated solution set obtained by a
multi-objective optimization algorithm and a pre-specified reference point. The
mathematical representation of the HV calculation is given in Equation (10):

HV = δ(∪
|S|
i=1vi), (10)

where δ represents the Lebesgue measure, which is used to compute volume, |S| repre-
sents the number of non-dominated solutions, and vi represents the hypercube formed
by the reference point and the i-th solution in the solution set. HV is an effective
quantitative scalar metric, which is strictly monotonic in terms of Pareto dominance.
The larger the value of HV, the better the set of solutions covers the objective space
and trade-offs between objectives. Especially, the calculation of the HV index does not
require the ideal Pareto front of the test problem, which greatly facilitates the use of
HV in practical applications.
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3 Protein Targets

• Carbonic anhydrase IX protein (CA9/CAIX) [5]: CA9/CAIX has emerged as a
significant marker of tumor hypoxia, holding potential as a diagnostic biomarker,
prognostic indicator, and therapeutic target for cancer. Solid tumors depend on
blood supply for oxygen and nutrient delivery. As the tumor expands, the blood
vessels struggle to adequately supply these necessities, leading to regional hypoxia.
Over time, this hypoxic environment causes acid accumulation within tumor cells.
To counteract this stress, cancer cells release enzymes that neutralize the acid-
ity, promoting their survival and potential metastasis. CA9, a major neutralizing
enzyme, plays a pivotal role in cancer cell survival, invasion, and metastasis.

• Phospholipid hydroperoxide glutathione peroxidase or glutathione peroxidase 4
(GPX4) [6]: GPX4 is the fourth member of the selenium-containing GPX fam-
ily. Various signaling pathways can induce cell death, with ferroptosis being an
iron-dependent form. Research has shown that directly targeting GPX4 triggers fer-
roptosis in cancer cells, positioning GPX4 inhibitors as potent anticancer agents.
Several GPX4 inhibitors, including RSL3, ML162, DPI compounds, FIN56, and
FINO2, have been identified. However, their clinical applications are limited due to
their suboptimal pharmacokinetic properties.

• Lysophosphatidic acid receptor 1 (LPA1) [7]: LPA1 is a bioactive lipid mediator pri-
marily derived from membrane phospholipids. LPA signaling drives cell migration
and proliferation, cytokine production, thrombosis, fibrosis, angiogenesis and lym-
phangiogenesis. Its signaling pathway is one of the most investigated mechanisms
because over-expression of one or more of the LPA Receptors (LPARs) was found
in several types of cancer, and therefore, the concept to modulate cancer by agoniz-
ing or antagonizing LPARs is naturally generated. In particular, LPAR 1 promotes
the development of intra-tumoral heterogeneity by regulating PI3K/AKT signaling,
and enhances metastasis and tumor motility. Aberrant expressions of LPAR1 were
observed in many cancer cell lines and primary tumors, including ovarian cancer,
breast cancer, liver cancer, gastric cancer, pancreatic cancer, lung cancer, glioblas-
toma (GBM) and osteosarcoma. Despite the apparent relevance of LPA signaling
in cancer initiation, progression, metastasis and development of resistance against
chemo- and radio-induced cancer cell death, no inhibitors targeting LPARs have
progressed to cancer-related clinical trials this far.

4 Related Work

4.1 Deep Learning for Drug Discovery

There are a variety of deep generative models (DGM) for molecular discovery. Precur-
sor DGM methods convert a molecule structure into a string, such as the simplified
molecular-input line-entry system (SMILES) string. Generative autoencoders (e.g.,
variational autoencoder (VAE) [8]) have been used as a character-based language gen-
erative model for SMILES strings in order to enable efficient molecular generation.
CVAE [9] converts a discrete SMILES representation of a molecule to a continuous mul-
tidimensional representation. This allows for the efficient search and optimization of
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compounds in chemical space. SD-VAE (Syntax-directed VAE) [10] proposes stochastic
lazy attributes that integrate the syntactic and semantic checking of SMILES strings
into VAE to constrain the decoder directly. Sattarov et al. [11] introduced the Genera-
tive Topographic Mapping (GTM) to the sequence-to-sequence VAE in order to shape
the latent space around the molecular properties of interest. Other generative mod-
els are used in SMILES-based molecular generation tasks, such as LatentGAN [12],
ORGAN [13] which trained a GAN to generate SMILES strings. Although these meth-
ods are efficient in terms of training and sampling, they generate a large number
of chemically invalid and repetitive molecules. Fragment-based drug design has been
proposed as an alternative approach to the design of novel compounds. As a modifica-
tion of the SMILES fragment-based drug design approach originally presented in [14],
FragVAE [3] utilizes the Breaking of Retro-synthetically Interesting Chemical Sub-
structures algorithm (BRICS) [15] to collect sequences of fragments from molecules.
FragVAE employs a gated recurrent unit (GRU) [16, 17] encoder to map embeddings
into a stochastic latent representation space. A latent vector (either generated by the
encoder or sampled from the prior distribution) is used as the initial hidden state of
a GRU-based autoregressive decoder to calculate the probability of the next possible
fragments. FragVAE is currently integrated within DEL.

Subsequent techniques represented molecule structure as graphs with nodes and
edges corresponding to atoms and bonds. Graph-based methods [18–21] leverage
molecular topology information explicitly in the generator to learn a molecular
structure as a natural two-dimensional or three-dimensional graph. Li et al. [22]
incorporated graph neural network (GNN) into VAE by adding new structures to
account for the sequential composition of molecular graphs. CGVAE (Constrained
Graph VAE) [23] further investigates the VAE architecture with gated graph neural
networks (GGNNs), in which gradient ascent is used to optimize the graph proper-
ties locally. Chen et al. [24] developed a novel deep generative model named Modof
(modifier with one fragment) that predicts a single cleavage site in a molecule and
removes and/or adds fragments at that site to modify molecules. However, solving the
problem of graph isomorphism is computationally expensive and, as a result, graph
reconstruction is extremely ineffective and inaccurate without imposing constraints.
The maneuvering of other generative models in drug design persists such as adversarial
learning based models [25–27] and flow-based models [28–32]. FAME [33] proposes an
innovative generative model specifically for phenotypic drug design that is capable of
learning the conditional distribution Pθ(molecule|phenotype) on gene expression pro-
files derived from molecular graphs. Using an encoder-decoder scheme, it consists of a
conditional graph encoder and a fragment-based decoder which assembles fragments
in an autoregressive manner. Motifs-based models [34, 35] can incorporate domain
knowledge for controlling the size of motif vocabulary. JTVAE [36], a graph-fragment
based approach, decomposes training molecules into a set of molecular substructures
including rings, functional groups, and atoms. In order to optimize molecular prop-
erties, JTVAE was built on top of the junction tree-based encoder-decoder neural
network and refined with graph-to-graph transformation [37, 38] and autoregressive
techniques [39, 40]. In later work, the authors of JTVAE have extended their graph
VAE architecture by introducing larger graph motifs instead of small substructures.
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The method is referred to as the motif-based hierarchical encoder-decoder (HierG2G)
model [34], which allows for more flexible substructure representation and more effi-
cient molecular graph reconstruction. Previous work has integrated JTVAE into the
DEL framework, whereby JTVAE provides a latent representation space for the multi-
objective evolutionary algorithm to explore, while meanwhile elite samples from each
generation of multi-objective evolutionary algorithm continue to learn JTVAE.

Further developments include 3D-graph and geometric deep learning methods to
exploit the geometric properties of molecular structures [41]. Luo et al. [42], Li
et al. [43] generate molecules in 3D space with high probability of the specific pro-
tein binding pocket targets from sampled atoms learned from an order-dependent
distribution. Powers et al. [44] expands molecule fragments with specific physic-
ochemical properties leveraging a 3D atomic point cloud representation and E(3)
equivariant graph neural networks. Most recently, several equivariant diffusion-based
models for molecule generation in 3D have been proposed [45–49]. These variants
can be seen as generative autoencoders, where diffusion processes are employed as
encoders and decoders. Hoogeboom et al. [45] introduces an equivariant diffusion
model (EDM) for molecule generation that employs an equivariant E(3) graph neu-
ral network (EGNN) [50] to train flow-based model and diffusion model, and generate
valid molecules in 3D space. EDM learns to denoise a diffusion process, which has
shown to scale better than previous works during training. Vignac et al. [46] intro-
duced DiGress, a denoising diffusion model for graph generation with categorical node
and edge attributes that operates on a discrete space. Trippe et al. [49] defines a
diffusion model for molecule generation in 3D that adapts E(3)-equivariant graph con-
volutional neural networks for efficient protein design and returning a diverse set of
motif-supporting scaffold. These approaches essentially solve a point cloud generation
task as they learn distributions over the Euclidean space with 3 coordinates per atom.
Xu et al. [51], Jing et al. [52] employ diffusion model for conformation generation (i.e.,
for predicting coordinates from molecular graphs). GeoDiff [51] treats each atom as a
particle and learns to directly reverse the diffusion process (i.e., transforming from a
noise distribution to stable conformations) as a Markov chain (evolving with equiv-
ariant Markov kernels). Jing et al. [52] proposes a torsional diffusion framework for
generating molecular conformers based on a diffusion process that acts only on the
torsion angles and leaves the other degrees of freedom fixed.

Transformers, which replace recurrence with a multi-head self-attention mecha-
nism, are shown to be superior to recurrent neural networks (RNNs) (GRU, LSTM)
in terms of convergence time, featurization on long sequences and complicated prob-
lems [53], and stability of the training process [54]. The long-range syntactical
dependencies learned by attention models have shown to be greatly beneficial for
molecular generative tasks [55]. Grechishnikova [56] used a complete Transformer
architecture to generate lead compounds for specific proteins with only sequence infor-
mation, treating molecular generation as a translation task for protein sequences
and molecular SMILES. A Transformer-encoder-based generative model with transfer
learning and reinforcement learning was developed in [54] for designing new drugs with
desirable activity against the protein target BRAF. This method was comprehensively
compared with a GRU-based generative model and has exhibited improvement in the
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percentage of generating chemically valid molecules, the structural diversity and activ-
ity of the generated molecules, the feasibility of molecular synthesis, the calculation
speed and precision. Shrivastava and Kell [57] established a successful, novel and dis-
entangled latent space by coupling transformers with contrastive learning, which allows
similar molecules to cluster together in an effective and interpretable way. Another
work, ReLSO [58], combines the powerful encoding ability of the transformer with
an autoencoder-type bottleneck that produces information-rich, interpretable and low
dimensional latent representations and jointly generates protein sequences as well as
predict fitness from latent representations. However, since the vanilla transformer does
not have an obvious latent space at the bottleneck such as that produced by a VAE, it
cannot be directly integrated in the DEL framework and therefore, this combination
is one of our future explorations for drug design. There has been recent development
and success with regard to creating well-defined latent encodings in transformers.

4.2 Reinforcement Learning for Drug Discovery

In recent years, deep reinforcement learning (DRL) frameworks have emerged as
effective methods for molecular generation and optimization [59–69]. Some of these
methods are discussed below.

Olivecrona et al. introduced REINVENT [62], a sequence-based model for molec-
ular generation. An RNN is pre-trained on the ChEMBL database to understand
SMILES syntax and the distribution of ChEMBL’s molecular structure. The RNN,
acting as a prior, is then fine-tuned through an RL policy network that makes use
of augmented episodic likelihood, which combines the prior likelihood with the RL
reward function. The task of the RL agent is to generate SMILES strings in a character
by character fashion. As proof of concept, three separate experiments were conducted:
learning to generate molecules (1) without sulphur, (2) similar to any given structure
(Celecoxib), and (3) active against dopamine receptor D2, with success in all three
experiments.

In Objective-Reinforced Generative Adversarial Network for Inverse-design Chem-
istry (ORGANIC), Sanchez-Lengeling and colleagues [65] employed a combination
of Generative Adversarial Network (GAN) and reinforcement learning to generate
molecules in the form of SMILES strings. Given an initial distribution of molecules,
the generator, an RNN that acts as a policy gradient agent, forms SMILES strings
character by character. Generated molecules are of similar structures to molecules in
the original distribution but are inclined towards satisfying properties of interest. The
CNN-based discriminator is tasked with distinguishing between molecules produced
by the generator and those from the original distribution. The generator is updated
through feedback from the discriminator, along with the reward function. This frame-
work successfully developed molecules optimized for target properties such as melting
point, QED and organic photovoltaic material design.

Zhou and coauthors developed Molecule Deep Q-Networks (MolDQN) [69], a drug
design framework that utilizes double deep Q-learning (DDQN) to optimize molecules
represented as SMILES strings. Optimization of molecules is achieved through per-
forming atom additions, bond additions, and bond removals. This framework was
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successful in developing molecules that resemble the initial molecules, while being
optimized in terms of Quantitative Estimate of Druglikeness (QED).

Deep Fragment-based Multi-Parameter Optimization (DeepFMPO), presented
in [67], uses an actor-critic algorithm to optimize molecules in the form of SMILES
strings. After fragmenting an initial set of lead molecules using the fragmentation
method proposed in HierVAE [34], an agent in the form of an RNN is trained to
improve these molecules in terms of LogP, polar surface area, and molecular weight
by replacing their fragments with ones that are of similar molecular structures from
the fragment library. As a result, produced molecules are optimized, while possessing
structural resemblance to the original lead molecules.

Simm et al. [66] proposed a generative DRL framework guided by quantum mechan-
ics to develop valid, diverse and stable molecular structures in Cartesian coordinates.
To generate molecules, the agent uses proximal policy optimization (PPO) to learn
the location of atom additions and what element atoms should be. The utilization
of Cartesian coordinates allows for detailed molecular representations that cannot be
achieved through graph or SMILES-based frameworks.

In RationaleRL [61], the concept of a molecular rationale, a substructure within a
molecule that is expected to be accountable for a specific target property, is employed
to guide the generation of molecules that are diverse, novel and inhibitors against
specified proteins (GSK3β and JNK3). Given a dataset of molecules represented by
graphs, a Monte Carlo tree search is applied to identify single-property rationales.
These rationales are then merged to produce a library of multi-property rationales. A
graph generator, in the form of a VAE, is pre-trained on a large set of real molecules,
with the goal of learning how to form a full molecule from a given sub-graph. The
generator is then fine-tuned using a policy gradient algorithm to generate complete
molecules by sequentially inserting atoms along with their corresponding connect-
ing edges to multi-property rationales. Generated molecules are rewarded based on
whether or not they achieve target properties.

Introduced by Yang and coauthors, Fragment-Based Generative RL with Explo-
rative Experience replay for Drug design using Predictive Error (FREED(PE)) [68]
is a graph-based generative model that deploys soft actor-critic (SAC), a DRL algo-
rithm that emphasizes exploration, while maximizing the expected reward. Following
the preparation of a fragment library using the CReM fragmentation method [70],
this model learns to generate molecules with favourable protein-ligand binding affinity
score (BAS). The agent produces molecules sequentially by selecting the next frag-
ment to attach, the location of the attachment, and the location of the chemical bond
between the attachment and current molecular state.

While DRL methods continue to advance in the field of drug discovery, they fre-
quently encounter limitations such as lengthy training durations, inefficient use of
training data, and significant energy and computational requirements [71, 72]. Con-
tinuous improvements of these methods are warranted to enhance their efficacy and
achieve higher degrees of success.
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5 Extended Experimental Results

5.1 Hyperparameter Settings

During the experiments, we used the same evolutionary learning hyperparameters for
evaluating the DEL framework. However, for FragVAE and JTVAE, we tuned the
hyperparameters differently to optimize their performance.

5.1.1 FragVAE+DEL

Unless otherwise indicated in the main text, the subsequent values of hyperparameters
are utilized in the FragVAE+DEL experimental proceedings.

Hyperparameter setting for FragVAE:

• size of the embedding layer: 128
• mask low-frequency fragments: Yes
• masking frequency: 10
• number of low frequency clusters: 10
• window for word2vec embedding: 3
• number of hidden layers: 2
• dimension of hidden state: 128
• size of the VAE latent space: 64
• batch size for training: 128
• optimizer learning rate: 0.001
• maximum length of the sampled sequence: 10
• shuffle batches: Yes
• dropout for the hidden layers: 0.3
• threshold to clip the gradient norm: 5
• number of layers of the MLP: 2
• dimension of hidden state of MLP: 64
• weight on property regression loss (α): 1
• weight on KL divergence (β): 0.1

Hyperparameter setting for DEL:

• number of evolutionary generations: 20
• population size: 20000
• number of epochs in the initial training of FragVAE: 20
• number of epochs in the subsequent training of FragVAE: 5
• scheduler annealing step size for the initial training of FragVAE: 4
• scheduler annealing rate: 0.8
• learning rate in the initial training: 0.0001
• crossover method: linear
• mutation rate: 0.01
• probability in tournament selection: 0.95
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5.1.2 JTVAE+DEL

Unless otherwise indicated in the main text, the subsequent values of hyperparameters
are utilized in the JTVAE+DEL experimental proceedings.

Hyperparameter Setting for JTVAE:

• size of the embedding layer: 128
• number of hidden layers: 1
• dimension of hidden state: 450
• size of the VAE latent space: 32
• batch size for training: 32
• maximum length of the sampled sequence: 10
• shuffle batches: Yes
• depth of tree message passing network: 20
• depth of graph message passing network: 3
• threshold to clip the gradient norm: 50
• number of layers of the MLP: 2
• dimension of hidden state of MLP: 64
• weight on KL divergence (β): 0.1

Hyperparameter Setting for DEL:

• number of evolutionary generations: 20
• population size: 20000
• number of epochs in the initial training of JTVAE: 20
• number of epochs in the subsequent training of JTVAE: 5
• scheduler annealing step size for the initial training of JTVAE: 4
• scheduler annealing rate: 0.8
• learning rate in the initial training: 0.0001
• crossover method: linear
• mutation rate: 0.01
• probability in tournament selection: 0.95

5.1.3 AAE+DEL

Unless otherwise indicated in the main text, the subsequent values of hyperparameters
are utilized in the AAE+DEL experimental proceedings.

Hyperparameter setting for AAE:

• size of the embedding layer: 32
• number of hidden layers: 2
• dimension of hidden state: 512
• size of the VAE latent space: 128
• discriminator layer sizes: [640, 256]
• property predictor layer sizes: [640, 256]
• discriminator step: 3
• batch size for training: 64
• dropout for the hidden layers: 0.3
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• optimizer learning rate: 0.001

Hyperparameter Setting for DEL:

• number of evolutionary generations: 20
• population size: 20000
• number of epochs in the initial training of AAE: 20
• number of epochs in the subsequent training of AAE: 5
• scheduler annealing step size for the initial training of AAE: 4
• scheduler annealing rate: 0.8
• learning rate in the initial training: 0.0001
• crossover method: linear
• mutation rate: 0.01
• probability in tournament selection: 0.95

5.2 Examples of Top Novel Drugs Binding Protein Targets

In our comprehensive study, we have utilized various computational methods to design
novel compounds, showcasing their docking potential with target proteins.

First of all, we have also included docking visualizations in Fig. 1, 2, and 3,
depicting the highest-ranked molecules generated by all three single-target methods
docked to CA9, GPX4, and LPA1 protein surfaces, respectively. Furthermore, the
binding interactions of FragVAE+DEL and JTVAE+DEL designed molecules with
both CA9 and GPX4 proteins are detailed in Fig. 4 and 5. Fig. 6, 7, and 8 illustrate
molecules designed by AAE+DEL, FragVAE+DEL, and JTVAE+DEL, highlighting
their bifunctional characteristics with effective binding both CA9 and LPA1 proteins.
This is further expanded with Fig. 9, 10, and 11, showcasing molecules with dual
binding capabilities to GPX4 and LPA1 proteins. Interestingly, Fig. 12 and 13 present
examples of high-ranking molecules generated by FragVAE+DEL and JTVAE+DEL,
respectively, each demonstrating docking capabilities to CA9, GPX4, and LPA1 pro-
tein surfaces. These visualizations highlight the molecules’ unique binding interactions
and the versatility and specificity of our computational approaches, demonstrating
their efficacy in generating compounds with diverse binding affinities.

A B C

Fig. 1 Visualization of the highest-ranked novel molecules generated by single-target methods on
{SAS, logP,BCA9} docked to CA9 protein surface. (A) shows the molecule O=C(Cn1nc(-c2ccc3cccc

c3c2)ccc1=O)Nc1nc2ccccc2c(=O)n1-c1ccc2nnnn2c1 from AAE+DEL with the CA9 binding affinity
score of -11.5 (SAS: 2.848, logP: 2.839), (B) shows the molecule CC(N)NC(=O)C(=O)NN=C1C(=O)N(Cc

2cccc3ccccc23)c2ccccc21 from FragVAE+DEL with the CA9 binding affinity score of -9.5 (SAS:
2.915, logP: 1.628), while C shows the molecule Cc1ccc(C2C3=C(Nc4[nH]c(N)nc(=O)c42)c2ccccc2C3

=O)cc1 from JTVAE+DEL with the CA9 binding affinity score of -9.1 (SAS: 2.971, logP: 2.826).
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A B C

Fig. 2 Visualization of the highest-ranked novel molecules generated by single-target methods on
{SAS, logP,BGPX4} docked to CA9 protein surface. (A) shows the molecule O=C(Cc1ccc2c(c1)CCN2
Cc1cccc(C(=O)[O-])c1)NC(=O)CCc1cccc2ccccc12 from AAE+DEL with the GPX4 binding affinity
score of -10.3 (SAS: 2.650, logP: 3.584), (B) shows the molecule Cc1onc(-c2ccccc2)c1C(=O)OCC(=

O)Nc1ccccc1-c1ccccc1 from FragVAE+DEL with the GPX4 binding affinity score of -8.8 (SAS:
1.994, logP: 5.112), while C shows the molecule O=C(c1ccc2[nH]c(=O)c3ccccc3c2c1)N1CCc2ccc([N

+](=O)[O-])cc2C1 from JTVAE+DEL with the GPX4 binding affinity score of -9.1 (SAS: 2.270,
logP: 3.788).

A B C

Fig. 3 Visualization of the highest-ranked novel molecules generated by single-target methods on
{SAS, logP,BLPA1} docked to CA9 protein surface. (A) shows the molecule Cc1ccc(N2C(=O)NC(=O)

C(=CNc3c(C)nn(-c4ccc(C)c(C)c4)c3C)C2=O)cc1C from AAE+DEL with the LPA1 binding affinity
score of -9.8 (SAS: 2.670, logP: 4.302), (B) shows the molecule Cc1noc([N-]S(=O)(=O)c2ccc(NC(=O)

c3ccccc3[N+](=O)[O-])cc2)c1C from FragVAE+DEL with the LPA1 binding affinity score of -9.7
(SAS: 2.950, logP: 3.846), while C shows the molecule O=C(NC1CCN(C(=O)c2ccc3c(c2)C(=O)c2cccc

c2-3)CC1)c1ccccc1 from JTVAE+DEL with the LPA1 binding affinity score of -9.9 (SAS: 2.007,
logP: 3.932).

For a more comprehensive visualization of the generated molecular structures,
Fig. 14 to 34 display a selection of 2D representations of high-quality samples from
from AAE+DEL, FragVAE+DEL, and JTVAE+DEL. These are ranks in accordance
with CA9, GPX4 and LPA1 binding scores. The illustrations prominently display the
top 48 samples, thus elucidating the successful execution of our methodology.
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BA

Fig. 4 Visualization of the highest-ranked novel molecule O=C(OCc1cc(=O)oc2cc(O)c(O)cc12)c1

nn(-c2ccccc2)c(=O)c2ccccc12 from dual-target FragVAE+DEL on {SAS, logP,BCA9,BGPX4}
docked to both CA9 and GPX4 protein surfaces. This molecule has a CA9 binding affinity score of
-9.3 and GPX4 score of -7.9 (SAS: 2.453, logP: 3.260). (A) shows the molecule binding the target
binding site of CA9 protein, while (B) shows the molecule docked to the target site of GPX4.

BA

Fig. 5 Visualization of the highest-ranked molecule Cn1nc(NC(=O)Cc2-cccc3ccccc23)c2c1NC(=O)CC

2c1ccccc1 generated by dual-target JTVAE+DEL on {SAS, logP,BCA9,BGPX4} docked to both
CA9 and GPX4 protein surface. This molecule has a CA9 binding affinity score of -9.6 and GPX4
score of -8.8 (SAS: 2.749, logP: 4.759). (A) shows the molecule binding the target binding site of
CA9 protein, while (B) shows the molecule docked to the target site of GPX4.

BA

Fig. 6 Visualization of acquired highest-ranked molecule O=C(Nn1cnc2ccccc2c1=O)c1ccccc1C(=O)c

1ccc2c(c1)-c1ccccc1C(=O)C2=O (CA9: -10.3, LPA1: -10.8, SAS: 2.519, logP: 4.057) from dual-target
AAE+DEL on {SAS, logP,BCA9,BLPA1} docked to both CA9 and LPA1 protein surfaces. This
molecule possesses bifunctional characteristic, where one end demonstrates affinity towards the CA9
protein, while the another end effectively binds the LPA1 protein. (A) shows the molecule binded
to the target binding site of CA9 protein, while (B) shows the molecule docked to the target site of
LPA1 with different conformation.
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BA

Fig. 7 Visualization of the highest-ranked novel molecule C=C(C)NC(=O)Nc1cccc(-n2nnnc2SCc2cc(

=O)oc3cc(C)c(C)cc23)c1 from dual-target FragVAE+DEL on {SAS, logP,BCA9,BLPA1} docked
to both CA9 and LPA1 protein surfaces. This molecule has a CA9 binding affinity score of -9.1 and
LPA1 score of -10.0 (SAS: 2.744, logP: 4.333). (A) shows the molecule binding the target binding
site of CA9 protein, while (B) shows the molecule docked to the target site of LPA1.

BA

Fig. 8 Visualization of the highest-ranked novel molecule C=C(C)NC(=O)NC(=O)NC1=CC(=NS(=O)(=O)

c2ccc(C)cc2)c2ccccc2C1=O from dual-target JTVAE+DEL on {SAS, logP,BCA9,BLPA1} docked
to both CA9 and LPA1 protein surfaces. This molecule has a CA9 binding affinity score of -8.7 and
LPA1 score of -9.4 (SAS: 2.874, logP: 2.795). (A) shows the molecule binding the target binding site
of CA9 protein, while (B) shows the molecule docked to the target site of LPA1.

BA

Fig. 9 Visualization of acquired highest-ranked molecule Cc1ccc(-n2nnnc2SC(C)C(=O)Nc2ccc3c(

c2)C(=O)c2ccccc2C3=O)cc1 (GPX4: -8.6, LPA1: -9.4, SAS: 2.740, logP: 3.865) from dual-target
AAE+DEL on {SAS, logP,BGPX4,BLPA1} docked to both GPX4 and LPA1 protein surfaces. (A)
shows the molecule binding the target binding site of GPX4 protein, while (B) shows the molecule
docked to the target site of LPA1.
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BA

Fig. 10 Visualization of the highest-ranked novel molecule Cc1ccc(NC(=O)C2(c3ccc4c(c3)OC(F)(F)

O4)CC2)nc1-c1cccc(C(=O)O)c1 from dual-target FragVAE+DEL on {SAS, logP,BGPX4,BLPA1}
docked to both GPX4 and LPA1 protein surfaces. This molecule has a GPX4 binding affinity score
of -8.4 and LPA1 score of -9.4 (SAS: 2.756, logP: 4.747). (A) shows the molecule binding the target
binding site of GPX4 protein, while (B) shows the molecule docked to the target site of LPA1.

BA

Fig. 11 Visualization of the highest-ranked novel molecule Cc1ccc(N2C(=O)c3oc4ccc(F)cc4c(=O)c

3C2c2cccc([N+](=O)[O-])c2)cc1 from dual-target JTVAE+DEL on {SAS, logP,BGPX4,BLPA1}
docked to both GPX4 and LPA1 protein surfaces. This molecule has a GPX4 binding affinity score
of -8.5 and LPA1 score of -9.2 (SAS: 2.787, logP: 4.899). (A) shows the molecule binding the target
binding site of GPX4 protein, while (B) shows the molecule docked to the target site of LPA1.

A B C

Fig. 12 Visualization of the highest-ranked molecule Cc1ccc(NC(=O)C2(c3ccc4c(c3)O

C(F)(F)O4)CC2)nc1-c1cccc(C(=O)O)c1 generated by triple-target FragVAE+DEL on
{SAS, logP,BCA9,BGPX4,BLPA1} docked CA9, GPX4, and LPA1 protein surfaces. This molecule
has CA9 binding affinity score of -8.8, GPX4 score of -8.4 and LPA1 score of -9.4 (SAS: 2.756, logP:
4.747). (A) shows the molecule binding the target binding site of CA9 protein, (B) shows the molecule
docked to the target site of GPX4, while (C) shows the molecule docked to the target site of LPA1.
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A B C

Fig. 13 Visualization of the highest-ranked molecule O=C(NNc1nc(-c2ccccc2)nc2cc

ccc12)c1cccc(S(=O)(=O)NC2CCCCC2)c1 generated by triple-target JTVAE+DEL on
{SAS, logP,BCA9,BGPX4,BLPA1} docked to CA9, GPX4, and LPA1 protein surfaces. This
molecule has CA9 binding affinity score of -9.1, GPX4 score of -8.3 and LPA1 score of -9.4 (SAS:
2.331, logP: 4.665). (A) shows the molecule binding the target binding site of CA9 protein, (B)
shows the molecule docked to the target site of GPX4, while (C) shows the molecule docked to the
target site of LPA1.

Fig. 14 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,CA9} in combination with AAE. Samples are ranked by CA9 binding
scores.
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Fig. 15 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,GPX4} in combination with AAE. Samples are ranked by GPX4 binding
scores.

18



Fig. 16 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,LPA1} in combination with AAE. Samples are ranked by LPA1 binding
scores.
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Fig. 17 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BCA9,BGPX4} in combination with AAE. Samples are ranked by CA9
and GPX4 binding scores respectively, then sorted by the sum of these ranks.
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Fig. 18 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BCA9,BLPA1} in combination with AAE. Samples are ranked by CA9
and LPA1 binding scores respectively, then sorted by the sum of these ranks.
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Fig. 19 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS,BlogP,BGPX4,BLPA1} in combination with AAE. Samples are ranked by
GPX4 and LPA1 binding scores respectively, then sorted by the sum of these ranks.
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Fig. 20 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BCA9,BGPX4,BLPA1} in combination with AAE. Samples are ranked
by CA9, GPX4 and LPA1 binding scores respectively, then sorted by the sum of these ranks.
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Fig. 21 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BCA9} in combination with FragVAE. Samples are ranked by CA9
binding scores.
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Fig. 22 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BGPX4} in combination with FragVAE. Samples are ranked by GPX4
binding scores.
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Fig. 23 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BLPA1} in combination with FragVAE. Samples are ranked by LPA1
binding scores.
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Fig. 24 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BCA9,BGPX4} in combination with FragVAE. Samples are ranked by
CA9 and GPX4 binding scores respectively, then sorted by the sum of these ranks.
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Fig. 25 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BCA9,BLPA1} in combination with FragVAE. Samples are ranked by
CA9 and LPA1 binding scores respectively, then sorted by the sum of these ranks.
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Fig. 26 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BGPX4,BLPA1} in combination with FragVAE. Samples are ranked by
GPX4 and LPA1 binding scores respectively, then sorted by the sum of these ranks.
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Fig. 27 2D graph visualization of top 48 high-quality novel samples in the final population of
DEL with objectives {SAS, logP,BCA9,BGPX4,LPA1} in combination with FragVAE. Samples are
ranked by CA9, GPX4 and LPA1 binding scores respectively, then sorted by the sum of these ranks.
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Fig. 28 2D graph visualization of top 47 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BCA9} in combination with JTVAE. Samples are ranked by CA9 binding
scores.
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Fig. 29 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BGPX4} in combination with JTVAE. Samples are ranked by GPX4
binding scores.
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Fig. 30 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BLPA1} in combination with JTVAE. Samples are ranked by LPA1
binding scores.
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Fig. 31 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BCA9,BGPX4} in combination with JTVAE. Samples are ranked by
CA9 and GPX4 binding scores respectively, then sorted by the sum of these ranks.
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Fig. 32 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BCA9,BLPA1} in combination with JTVAE. Samples are ranked by
CA9 and LPA1 binding scores respectively, then sorted by the sum of these ranks.
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Fig. 33 2D graph visualization of top 48 high-quality novel samples in the final population of DEL
with objectives {SAS, logP,BGPX4,BLPA1} in combination with JTVAE. Samples are ranked by
GPX4 and LPA1 binding scores respectively, then sorted by the sum of these ranks.
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Fig. 34 2D graph visualization of top 48 high-quality novel samples in the final population of
DEL with objectives {SAS, logP,BCA9,BGPX4,BLPA1} in combination with JTVAE. Samples are
ranked by CA9, GPX4 and LPA1 binding scores respectively, then sorted by the sum of these ranks.
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