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A B S T R A C T

The discovery of drugs to selectively remove disease-related cells is challenging in computer-aided drug design.
Many studies have proposed multi-objective molecular generation methods and demonstrated their superiority
using the public benchmark dataset for kinase inhibitor generation tasks. However, the dataset does not contain
many molecules that violate Lipinski’s rule of five. Thus, it remains unclear whether existing methods are
effective in generating molecules violating the rule, such as navitoclax. To address this, we analysed the
limitations of existing methods and propose a multi-objective molecular generation method with a novel
parsing algorithm for molecular string representation and a modified reinforcement learning method for the
efficient training of multi-objective molecular optimisation. The proposed model had success rates of 84% in
GSK3b+JNK3 inhibitor generation and 99% in Bcl-2 family inhibitor generation tasks.
1. Introduction

The discovery of drug candidates that can selectively remove
disease-related cells is crucial in computer-aided drug design research.
There are 1030 to 1060 known drug-like compounds [1]. However,
the number of drugs that are clinically available for complex diseases,
such as rare cancers and age-related diseases, is limited [2,3]. These
complex diseases are generally associated with more than one protein.
Thus, drug candidates should be able to interact with multiple proteins
related to diseases of interest, and researchers have been studying
methods to design molecules with multiple objectives.

Many studies have proposed machine learning-based approaches
with various molecular representation methods to overcome the diffi-
culty of multi-objective drug design (Fig. 1) [4–12]. Generative ten-
sorial reinforcement learning (GENTRL) is the most representative
model for drug discovery; in one study, the used GENTRL to identify
potential discoidin domain receptor 1 (DDR1) kinase inhibitors for
the treatment of renal fibrosis [5]. GENTRL exploited molecular data
formatted in the simplified molecular-input line-entry system (SMILES)
and variational autoencoder (VAE) to efficiently identify many drug-
like compounds and used reinforcement learning (RL) to find optimal
molecular structures that can potently inhibit DDR1 kinase. Reinforce-
ment Learning for Structural Evolution (ReLeaSE) also exploits SMILES
and RL techniques, and it has demonstrated the effectiveness of the
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SMILES and RL combination by identifying desired compounds with
maximal, minimal, or specific ranges of physical properties, such as
melting point or hydrophobicity (logP) [4]. The molecular swarm opti-
miser (MSO) model was designed to identify candidates for epidermal
growth factor receptor (EGFR) and beta-secretase 1 (BACE1) inhibitors
using evolutionary optimisation techniques on SMILES [6]. MSO ex-
ploits VAE to generate a chemical latent space and applies a particle
swarm optimisation algorithm to explore optimal points where VAE
produces molecules with the desired binding affinity values against
EGFR and BACE1 proteins.

The SMILES-based approach exhibited good performance in multi-
objective optimisation. However, the sophisticated modification of
molecular structures, such as molecular scaffold permutations, and
providing explicit structural information to generative models are
difficult [13]. To address this weakness of SMILES-based approaches,
RationaleRL was proposed by combining RL and molecular graph repre-
sentations, instead of SMILES [8]. To accomplish multi-objective molec-
ular optimisation, for each objective property, RationaleRL first extracts
property-related substructures from numerous molecular graphs and
then generates molecules with the desired properties by reassembling
optimal pieces among the extracted substructures. RationaleRL has
demonstrated its superiority in a task where the goal was to design a
molecule with improved inhibitory activities against glycogen synthase
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Fig. 1. Molecular representations widely used in drug design.

kinase 3 beta (GSK3b) and c-Jun N-terminal kinase 3 (JNK3) proteins,
while retaining high levels of synthetic accessibility (SA) and quantita-
tive estimate of drug-likeness (QED). Other studies, such as Markov
molecular sampling (MARS) and MolSearch, utilised Markov chain
Monte Carlo sampling and Monte Carlo tree search methods instead of
RL in multi-objective drug discovery tasks [9,12]. An optimal molecular
structure was discovered by iteratively editing a seed molecule. These
search-based models exhibited better performance than RationaleRL on
the benchmark dataset for GSK3b, JNK3, QED, and SA optimisations.

Existing SMILES and graph-based models are superior in GSK3b
and JNK3 dual inhibitor generation tasks. However, whether they are
also suitable for generating more complicated drug candidates than
GSK3b and JNK3 inhibitors is unclear. Many drugs, including GSK3b
and JNK3 inhibitors, satisfy Lipinski’s rule of five (Ro5), in which an
orally active drug should pass at least three filters with the following
criteria: a molecular weight (MWT) < 500 Da, no more than five
hydrogen bond donors, no more than 10 hydrogen bond acceptors,
and a calculated octanol-water partition coefficient (logP) < 5 [14]. In
practice, however, a number of drugs lie outside the ranges specified in
Ro5 [15] (Fig. A.1a). For example, navitoclax (also termed ABT-263)
has a MWT of 975 Da and 14 hydrogen bond acceptors. Navitoclax
is a potent Bcl-2 family protein inhibitor that can be used to activate
intrinsic apoptosis of senescent and cancer cells [16–18]. However,
because of side effects that include thrombocytopenia, its dose and
efficacy are limited [16]. There is another Bcl-2 family inhibitor similar
to navitoclax, named ABT-737, which is also an Ro5 outlier (MWT
= 813 and logP > 7). ABT-737 has received attention as a potent
senolytic drug because it significantly reduces the viability of DNA-
damage-induced, oncogene-induced, or perforin-knockout senescence
than that of non-senescent cells by inhibiting three Bcl-2 family proteins
(Bcl-2, Bcl-xl, and Bcl-w) [17,19]. However, because ABT-737 is not
orally bioavailable, discovery of new Bcl-2 family inhibitors that can
simultaneously inhibit Bcl-2, Bcl-xl, and Bcl-w is both important and
challenging.

Existing multi-objective molecular optimisation models can be ex-
ploited to generate Ro5 outlier molecules, such as navitoclax and
ABT-737. However, SMILES-based generative models struggle against
the complex grammar of SMILES owing to the difficulty in producing
chemically valid molecular structures. Graph-based generative models
have difficulty in learning large and heavy molecules because of the
high computational and space costs caused by data preprocessing parts,
such as graph decomposition algorithms [20]. Thus, developing a novel
molecular generative model is necessary to efficiently generate Ro5
outlier molecules.
2

Self-referencing embedded strings (SELFIES) can be an alternative
molecular representation method for generating molecules violating
Ro5. SELFIES is an advanced molecular string representation because
it always guarantees that every combination of SELFIES symbols cor-
responds to a chemically valid molecule [21], which is a considerable
advantage compared to SMILES. Furthermore, SELFIES is a string-based
method, and so does not require as much cost as molecular graphs.
A SELFIES-based molecular generative model, named GA+D, report-
edly exhibited better performance than graph-based models in various
benchmark tests, including single- and multi-objective optimisations for
QED and penalised logP [22]. SELFIES has the potential to become a
good solution for Ro5 outlier molecule generation. An existing weak-
ness is the SELFIES collapse problem, in which different SELFIES strings
are mapped to a single SMILES decoded from truncated SELFIES strings
(Fig. A.1b). This collapse problem occurs because the SELFIES decoding
algorithm ignores grammatically invalid symbols [23].

The SELFIES collapse problem can be a serious obstacle in molecular
generation model training. Many goal-directed molecular generative
models use single or multiple property scores, such as QED and logP.
These property scoring functions generally require a SMILES string as
an input [24]. Although a generative model produces SELFIES strings
with a collapse problem, the generative model can receive positive
feedback if the SMILES string corresponding to the generated SELFIES
has good properties, resulting in unstable and unexpected training.
Thus, to prevent this phenomenon in the molecular generative model
design, the development of methods for alleviating the SELFIES collapse
problem should be considered.

RL can be an effective tool in optimising molecular structures
formatted as SELFIES because many string-based generative models,
such as GENTRL [5] and ReLeaSE [4], achieved successful molecular
optimisation using RL. Monte-Carlo policy gradient algorithm [25] is
a RL method commonly used in molecular optimisation. In the algo-
rithm, states and actions represent molecular structures and atom/bond
modifying operations, respectively, and a reward is defined based on
target property scores, such as logP and QED. Monte-Carlo policy
gradient algorithm was widely used, but it suffers from the high vari-
ance problem of gradient, which can lead to unstable training and
difficulty in finding optimal policy. To address this high variance prob-
lem, several extensions of Monte-Carlo policy gradient algorithm were
developed, such as actor–critic [26] and self-critical sequence training
(SCST) algorithm [27]. SCST is an extension specialised to effectively
reduce variance in string-based RL tasks. It utilises the output of its
greedy-based inference algorithm to normalise rewards for training,
which alleviates the high variance problem and accelerates the model
training.

In this study, we propose a SELFIES-based de novo drug design
framework called ReBADD-SE to efficiently produce Ro5-complying
drugs, but also molecules violating Ro5. Our methodological con-
tributions include the novel SELFIES parsing algorithm for learning
complicated SELFIES strings and the modified SCST algorithm for
chemical sequence training. ReBADD-SE exploits a stack-augmented
gated recurrent unit (stackGRU) network [28] with the proposed algo-
rithms to generate SELFIES strings optimised with multiple objectives.
Two benchmark datasets were used to evaluate ReBADD-SE. The first
dataset contained GSK3b and JNK3 inhibitor data. The predictive mod-
els provided in [8] was used to evaluate the inhibitory activity of
generated molecules to GSK3b and JNK3. The second dataset con-
tained Bcl-2 family inhibitor data, including navitoclax and ABT-737
(Appendix B). To evaluate generated molecules, we obtained binding
affinity experimental data from public databases [29–31] and exploited
them to build a predictive model that can calculate the values of
dissociation constant (pKd). Our results demonstrate that ReBADD-
SE outperforms existing multi-objective molecular generation models
in both benchmark tests. Furthermore, the SELFIES fragment parsing

algorithm significantly mitigates the SELFIES collapse problem.
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Fig. 2. Overview of ReBADD-SE. (a) SELFIES fragment parsing based on SELFIES grammar rules. (b) Fragment-based SELFIES generation using stack-augmented GRU. (c) Off-policy
self-critical sequence training for molecular optimisation.
2. Methods

The three main components of ReBADD-SE are (1) the SELFIES
fragment parsing algorithm, (2) fragment-based SELFIES generator, and
(3) molecular optimisation via the off-policy SCST algorithm (Fig. 2).

2.1. SELFIES fragment parsing

A SELFIES string consists of atom symbols (e.g. [C], [O], and [=C])
and structure symbols (e.g. [Ring1] and [Branch1]). While only one
symbol is required to represent an atom in SELFIES, at least two
symbols are required to represent the branch and ring structures. The
first symbol in the sequence for structure representation determines
3

whether the ring or branch and the next symbols are used to calculate
the size of the structure, which is a crucial factor in the SELFIES
collapse. More specifically, for a given SELFIES string 𝑥 = 𝑥1𝑥2 ⋯ 𝑥𝑇 , if
𝑥𝑡 is a structure symbol with 𝑁 (e.g. [Branch𝑁]), then the size of the
structure beginning with 𝑥𝑡 is computed by:

𝑆(𝑥𝑡) = 1 +
𝑁
∑

𝑖=1
h(𝑥𝑡+𝑖) ⋅ |h|

𝑁−𝑖 (1)

where h is the hash function mapping the SELFIES symbols to the
corresponding integer values and |h| is the domain cardinality of the
hash function. The mapping table for h can be found in the official
SELFIES GitHub [21]. Using Eq. (1), we spliced a SELFIES string and
parsed SELFIES fragments that were either complete branches or stem
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Fig. 3. Example of SELFIES fragment parsing algorithm.

tructures (Fig. 3 and Algorithm 1). A new SELFIES string can be easily
enerated by reassembling parsed fragments. As each fragment has
omplete information about the branch structures, this fragment-level
pproach guarantees grammatical validity during SELFIES generation.

Algorithm 1 SELFIES fragment parsing
Require: A SELFIES string (𝑐1, 𝑐2,⋯ , 𝑐𝑇 )
Ensure: A sequence of SELFIES fragments 𝑥
𝑥 ← [] ⊳ Set an empty list
𝑠 ← 𝜀 ⊳ Set an empty string
𝑡 ← 1
while 𝑡 < 𝑇 + 1 do

if 𝑐𝑡 is not a branch symbol then
𝑠← concatenate(𝑠, 𝑐𝑡) ⊳ Extend a string 𝑠

else
𝑥← concatenate(𝑥, [𝑠]) ⊳ Append 𝑠 to 𝑥
𝑠 ← 𝜀
𝜁 ← calculateBranchSize(𝑐𝑡) ⊳ Eq. (1)
for 𝑗 = 1,⋯ , 𝜁 do

𝑠 ← concatenate(𝑠, 𝑐𝑡)
𝑡 ← 𝑡 + 1

end for
𝑥← concatenate(𝑥, [𝑠])
𝑠 ← 𝜖

end if
𝑡← 𝑡 + 1

end while

2.2. Fragment-based SELFIES generator

ReBADD-SE exploits a beta-variational autoencoder (𝛽-VAE) ar-
hitecture [32] where the encoder and decoder are a bidirectional
RU [33] and unidirectional stackGRU [28], respectively. A stackGRU
as a memory layer that can store and provide relationship information
etween SELFIES fragments using push-and-pop operations [28]. For a
4

m

SELFIES string 𝑥 = 𝑥1𝑥2 ⋯ 𝑥𝑇 , the encoder calculates the corresponding
latent vector using the following equation:

ℎ𝑡 = GRU(𝑥𝑡, ℎ𝑡−1) ∀𝑡 = 1,… , 𝑇 , (2)

where ℎ𝑡 is the 𝑡th hidden layer of GRU, and:

𝑧(𝑥) = 𝜇(ℎ𝑇 ) + 𝜖 ⋅ 𝜎(ℎ𝑇 ), (3)

here 𝜇 and 𝜎 are affine transformations used to calculate the mean
nd standard deviation vectors, and 𝜖 is random noise sampled from
he standard Gaussian distribution. The decoder generates a SELFIES
tring from latent vector 𝑧 by sequentially predicting the next tokens.
q. (4) describes how to calculate the initial hidden layer of the decoder
̂ 0 from 𝑧:

̂ 0 = Tanh(Affine(𝑧)), (4)

here Tanh(⋅) is a hyperbolic tangent activation function and Affine(⋅)
s an affine transformation with trainable parameters. Next, for each
= 1,… , 𝑇 − 1, the memory layer 𝑠𝑡 is computed using Eqs. (5)–(8):

𝑡 = Tanh(Affine(𝑥𝑡)), (5)

𝑤𝑝𝑢𝑠ℎ𝑡 , 𝑤𝑛𝑜𝑜𝑝𝑡 , 𝑤𝑝𝑜𝑝𝑡 ) = Softmax(Affine(ℎ̂𝑡−1)), (6)

here Softmax(⋅) is a softmax function and 𝑤𝑝𝑢𝑠ℎ𝑡 + 𝑤𝑛𝑜𝑜𝑝𝑡 + 𝑤𝑝𝑜𝑝𝑡 = 1.
n Eq. (5), 𝑢𝑡 is a new information vector, and in Eq. (6), three weights
𝑝𝑢𝑠ℎ
𝑡 , 𝑤𝑛𝑜𝑜𝑝𝑡 , and 𝑤𝑝𝑜𝑝𝑡 play roles in storing new information, retraining
xisting information, and removing old information, respectively, and:

𝑡[𝑘] = (𝑤𝑝𝑢𝑠ℎ𝑡 , 𝑤𝑛𝑜𝑜𝑝𝑡 , 𝑤𝑝𝑜𝑝𝑡 ) ⋅ 𝑞𝑡[𝑘], (7)

𝑡[𝑘] =

⎧

⎪

⎨

⎪

⎩

(𝑢𝑡, 𝑠𝑡−1[𝑘], 𝑠𝑡−1[𝑘 + 1]) if 𝑘 is top,
(𝑠𝑡−1[𝑘 − 1], 𝑠𝑡−1[𝑘], 𝟎) if 𝑘 is bottom,
(𝑠𝑡−1[𝑘 − 1], 𝑠𝑡−1[𝑘], 𝑠𝑡−1[𝑘 + 1]) otherwise,

(8)

here 𝑞𝑡[𝑘] is the 𝑘th element of vector 𝑞𝑡, ⋅ is the inner product
perator, and 𝟎 is a zero vector. After computing 𝑠𝑡, the hidden layer
̂ 𝑡 and the probability vector 𝑦𝑡+1 are calculated as follows:

̂ 𝑡 = GRU([𝑥𝑡, 𝑠𝑡];ℎ𝑡−1), (9)

𝑡+1 = Softmax(Affine(ℎ̂𝑡)). (10)

Both the encoder and decoder were pretrained with the evidence
ower bound (ELBO) loss [34] to learn how to generate SELFIES strings.
fter pretraining, the decoder is fine-tuned via an off-policy SCST al-
orithm to produce SELFIES strings with desired molecular properties.

.3. Training algorithm

The ReBADD-SE generator has two training phases: the pretraining
hase to learn SELFIES grammars and the fine-tuning phase to achieve
ulti-objective molecular optimisation.

.3.1. Pretraining phase
In the pretraining phase, the ELBO loss [34], RMSProp optimiser

35], and 𝛽 scheduler [32] are used. The pretraining loss function is
efined as follows:

(𝑥) =
𝑇−1
∑

𝑡=1
NLL(𝑦𝑡+1, 𝑥𝑡+1) + 𝛽KL(𝑧(𝑥)), (11)

here NLL is the negative log-likelihood loss, KL is the Kullback–Leibler
ivergence loss, and 𝑧(𝑥) is the latent vector of 𝑥. In this study, 𝛽 which
ontrols the convergence speed of KL loss to mitigate KL vanishing [36],

onotonically increases from 0 to 1 over iterations.
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2.3.2. Fine-tuning phase
We designed a new off-policy SCST algorithm by applying an off-

policy scheme to the SCST algorithm [27] to efficiently explore a
large chemical space and improve the model performance, such as
the diversity of generated optimal molecules. The SCST algorithm
is a reward normalisation method that reduces the variance of the
gradients computed by the Monte-Carlo policy gradient algorithm [25].
An original SCST uses an on-policy scheme and normalises the reward
values for stochastically generated strings by subtracting a bias value,
which is the reward of strings deterministically generated by the greedy
algorithm. In our off-policy SCST algorithm, the reward generated by
the behaviour policy network was normalised by subtracting the reward
generated by the target policy network. More specifically, we first
define mathematical terminology. 𝐺(𝑧) and 𝐺̃(𝑧) are the probability
distributions of SELFIES strings given a latent vector 𝑧, which are
computed by the target and behaviour policy networks, respectively.
A behaviour network is periodically updated during the model training
by cloning 𝐺. In RL, a SELFIES string is an episode, and the probability
distributions are policies. 𝜙 is an oracle for calculating the rewards
of SELFIES. Designing 𝜙 appropriate for a specific task is essential to
chieve successful reinforcement learning [37]. We designed reward
unctions for benchmark tasks heuristically, and the information of
eward functions was provided in Appendix C. The normalised reward
(𝑚; 𝑧) of a SELFIES string 𝑚 generated from 𝑧 is defined as:

𝑅(𝑥; 𝑧) = 𝜙(𝑚) − 𝜆(𝑧), (12)

here 𝜆(𝑧) = E𝑦∼𝐺(𝑧)[𝜙(𝑦)]. The bias value 𝜆(𝑧) in Eq. (12) was
omputed using only the target network. The objective function for
ine-tuning is defined as:

(𝑧) = E𝑚∼𝐺(𝑧)[𝑅(𝑚; 𝑧)]. (13)

sing importance sampling with the behaviour 𝐺̃ and the gradient
stimation formula, the gradient of Eq. (13) can be written as:

∇𝐿(𝑧) = 1
2
E𝑚∼𝐺(𝑧)

[

∇log𝑝𝐺(𝑚; 𝑧)𝑅(𝑚; 𝑧)
]

+1
2
E𝑚̃∼𝐺̃(𝑧)

[

∇log𝑝𝐺(𝑚̃; 𝑧)
𝑝𝐺(𝑚̃; 𝑧)
𝑝𝐺̃(𝑚̃; 𝑧)

𝑅(𝑚̃; 𝑧)
]

.
(14)

Our off-policy SCST uses episodes generated by both target and
behaviour networks because the target network that is promptly up-
dated during training can present more limited optimal episodes, which
improves exploitation, whereas the behaviour network that is inter-
mittently updated can provide diverse non-optimal episodes, which
improves exploration. The pseudocode for ReBADD-SE training is de-
scribed in Algorithm 2. We also exploited the entropy regularisation
term in the target network training to improve its exploration by
facilitating diverse episode generation of the target network [38].

2.4. Inference algorithm

ReBADD-SE generates an optimal molecular structure with desired
properties by sampling latent vectors 𝑧 from the standard Gaussian dis-
tribution. Specifically, ReBADD-SE randomly samples 𝐾 latent vectors,
generates a SELFIES string for each latent vector, evaluates them using
a reward function, and selects the best one with the highest reward
score. Algorithm 3 shows the optimised SELFIES generation process in
the ReBADD-SE.

3. Results and discussion

3.1. Implementation details

ReBADD-SE was implemented using Python 3.8, and several open-
source tools, including PyTorch 1.12.1 and RDKit 2021.03.4. RDKit,
5

an open-source tool for cheminformatics, was used to evaluate QED
Algorithm 2 Training algorithm of ReBADD-SE
Require: Initial trainable weights of generator 𝛩, reward oracle 𝜙,

SELFIES training dataset 𝐷, learning rate 𝜂, scheduler 𝛽, number of
iterations 𝑁 , batch size 𝐾, period of behaviour update 𝑁̃

Ensure: Trained weights 𝛩
for 𝑛 = 1,⋯ , 𝑁 do ⊳ Start of pretraining phase

𝐿 ← 0
for 𝑘 = 1,⋯ , 𝐾 do

𝑥← Sampling(𝐷)
𝑧← Encoder(𝑥,𝛩) ⊳ Reparameterization trick
𝑦← Decoder(𝑧, 𝛩)
𝐿← 𝐿 + NLL(𝑦, 𝑥) + 𝛽(𝑛)KL(𝑧) ⊳ ELBO loss

end for
𝛥𝛩 ← RMSProp(𝐿,𝛩)
𝛩 ← 𝛩 − 𝜂𝛥𝛩

end for ⊳ End of pretraining phase
for 𝑛 = 1,⋯ , 𝑁 do ⊳ Start of fine-tuning phase

𝛥𝛩 ← 0
if 𝑛 ≡ 1 (mod 𝑁̃) then

𝛩̃ ← 𝛩 ⊳ Behaviour policy update
end if
for 𝑘 = 1,⋯ , 𝐾 do

𝑧← SamplingGaussianDistribution()
𝑚̃← Decoder(𝑧, 𝛩̃)
𝑚← Decoder(𝑧, 𝛩)
𝑅̃← 𝜙(𝑚̃) − 𝜆(𝑧) ⊳ Eq. (12)
𝑅← 𝜙(𝑚) − 𝜆(𝑧) ⊳ Eq. (12)
𝛥𝛩 ← 𝛥𝛩 + ∇log𝑝𝛩(𝑚)𝑅 ⊳ Eq. (14)
𝛥𝛩 ← 𝛥𝛩 + ∇log𝑝𝛩(𝑚̃)

𝑝𝛩(𝑚̃)
𝑝𝛩̃(𝑚̃)

𝑅̃
end for
𝛩 ← 𝛩 − 𝜂𝛥𝛩

end for

and SA scores and to draw molecular structures. PyTorch, an open-
source deep learning framework, was used to construct and train the
neural networks of ReBADD-SE. All experiments were conducted on
Ubuntu 18.04.6 LTS with 64 GB of memory and a GeForce RTX 3090.
On this computational environment, the model training times including
pretraining and fine-tuning phases took about 17 h.

Algorithm 3 Inference algorithm of ReBADD-SE
Require: Trained weights of generator 𝛩, reward oracle 𝜙, repetition

time 𝐾
Ensure: A generated molecule 𝑥𝑏𝑒𝑠𝑡
𝑥𝑏𝑒𝑠𝑡 ← 𝜀 ⊳ 𝜀 is an empty string
𝑟𝑏𝑒𝑠𝑡 ← 0
for 𝑘 = 1,⋯ , 𝐾 do

𝑧← SamplingGaussianDistribution()
𝑥 ← Decoder(𝑧, 𝛩)
𝑟 ← 𝜙(𝑥)
if 𝑟 > 𝑟𝑏𝑒𝑠𝑡 then

𝑥𝑏𝑒𝑠𝑡 ← 𝑥
𝑟𝑏𝑒𝑠𝑡 ← 𝑟

end if
end for

3.2. Datasets

To evaluate the generative performances of ReBADD-SE, we used
two benchmark datasets for the multi-objective molecular optimisation
tasks.
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3.2.1. GSK3b, JNK3, QED, SA
The first benchmark dataset was a public dataset presented by [8].

The goal of the dataset was to identify GSK3b and JNK3 dual inhibitor
candidates with high QED and low SA scores. Each tuple of the dataset
contained a SMILES string and two inhibitory activity scores for GSK3b
and JNK3. Inhibitory activity scores were evaluated using the random
forest model provided in [8,39]. The SA score is evaluated using the
estimator provided in [40]. The scores for GSK3b and JNK3 ranged
from 0 to 1, and the positive threshold was 0.5. The QED and SA
values lie in a half-open interval [0, 1) and closed interval [1, 10],
respectively. A molecule with high QED value is considered a good
drug-like molecule. A high SA score indicates that the synthesis of a
molecule is difficult. In a benchmark test, the successful generation
of desired molecules was determined by the criteria of GSK3b≥ 0.5,
JNK3≥ 0.5, QED≥ 0.6, and SA≤ 4.0.

3.2.2. Bcl-2, Bcl-xl, Bcl-w
The second benchmark dataset was designed in this study by cu-

rating molecule data from the ZINC15 database [41]. The goal was to
identify drug candidates with strong binding affinity for Bcl-2 family
proteins. Each tuple in this dataset contained a SMILES string and three
binding affinity scores for Bcl-2, Bcl-xl, and Bcl-w. Binding affinity
scores were evaluated using a deep neural network model trained
on public datasets curated from the BindingDB [29], Davis [30], and
GLASS [31] databases. The model, named ReBADD-DTA, predicts pKd
values lying on R where a high pKd score represents a strong binding
affinity to a target protein. Detailed information regarding the binding
affinity prediction model is provided in Appendix D. The criteria for
the benchmark test were defined as Bcl-2≥9.069, Bcl-xl≥8.283, and
Bcl-w≥6.999, which are the average affinity values of known Bcl-2
family inhibitors. The targeted Bcl-2 family proteins and the referenced
inhibitors are described in Appendix B.

3.3. Evaluation metrics

We used three evaluation metrics proposed in [8]: the success rate
(SR), novelty (Nov), and diversity (Div).

1. SR: proportion of molecules passing the given criteria of the
given benchmark test among the generated molecules. A better
model for multi-objective molecular optimisation should have
a higher SR. More specifically, for a given set of generated
molecules  and criteria 𝜓 , SR is calculated as follows:

𝑆𝑅 =
|𝜓 |
||

, (15)

where 𝜓 ⊆  is a set of molecules that pass the criteria 𝜓 .
2. Nov: proportion of novel molecular structures among the passed

molecules. A generative model with a high novelty score is
expected to produce structurally different molecules from the ex-
isting compounds. More specifically, for a given set of reference
molecules , Nov is defined as:

𝑁𝑜𝑣 = 1
|𝜓 |

∑

𝑥∈𝜓

I

[

max
𝑦∈

sim(𝑥, 𝑦) < 0.4
]

(16)

where sim(𝑥, 𝑦) is the Tanimoto coefficient over the Morgan
fingerprints of the two molecules, 𝑥 and 𝑦.

3. Div: average pairwise diversity scores for passed molecules. A
high Div score indicates that the generative model can produce
diverse molecules. Div is calculated as follows:

𝐷𝑖𝑣 = 1 − 1
(

|𝜓 |
2

)

∑

𝑥∈𝜓

∑

𝑦∈𝜓 ∖{𝑥}
sim(𝑥, 𝑦) (17)

We used the geometric mean (HMean) of SR, Nov, and Div to
evaluate the overall performance of each model. All metrics were
calculated using 5000 molecules sampled from each model.
6

Fig. 4. Performance comparison over the number of objectives.

3.4. Model setup

Trainable parameters of ReBADD-SE were trained using Algorithm
2. Meta-parameters, such as the number of iterations, batch size, and
learning rate, were heuristically determined (Appendix E). In the fine-
tuning phase, we applied a linearly monotone increasing scheduler to
the entropy regularisation terms to balance exploitation and explo-
ration. We used a small step size for the behaviour policy update to
guarantee that the target and behaviour policy distributions were not
significantly different. Because the target and behaviour distributions
become equal when the training loss converges, we simply imple-
ment Algorithm 2 by approximating 𝑝𝛩(𝑚̃)

𝑝𝛩̃(𝑚̃)
with 1, which increases the

computational efficiency.

3.5. GSK3b, JNK3, QED, SA

We first evaluated ReBADD-SE using the public benchmark dataset
for GSK3b and JNK3 dual inhibitor generation.

3.5.1. Experiment setup
We accessed the four metrics (SR, Nov, Div, and HMean) using two

single-objective molecular optimisation tests and one multi-objective
optimisation test. For each test, we trained ReBADD-SE, generated 5000
molecules 10 times, and compared the results to six baseline models,
including GA+D [22], JTVAE [42], MolSearch [12], RationaleRL [8],
MARS [9], and REINVENT [43].

3.5.2. Performance comparison
The results of GSK3b+JNK3+QED+SA tasks are presented in Ta-

ble 1. The results of MolSearch and MARS were obtained by running
their open-source codes, whereas the other baseline model results were
obtained from published papers [8,9].

In single-objective optimisation tests, ReBADD-SE exhibited a nearly
perfect SR of 95%–97% and demonstrated the best HMean scores of
0.89 ± 0.00 and 0.87 ± 0.00 for GSK3b and JNK3 inhibitor gener-
ation tasks, respectively. The scores of ReBADD-SE outperformed the
HMean scores of baseline models with p-value < 0.01 evaluated by
a one-sample t-test, excepting of the case of MARS in JNK3 single
optimisation.

In the multi-objective optimisation task, ReBADD-SE still demon-
strated the best HMean score of 0.73 ± 0.01, with a high SR of 84%. We
confirmed that there were statistically significant differences between
the HMean scores of ReBADD-SE and baselines with a p-value < 0.01,
using a one-sample t-test. As shown in Fig. 4, the summary of the
HMean results showed that even though the number of objectives
was increasing, ReBADD-SE would be better than the baselines in
multi-objective molecular optimisation.
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Table 1
Performance comparison in GSK3b and JNK3 dual inhibitor generation. Results of MolSearch and MARS were obtained by running their
open-source codes. Results of other baselines were taken from [9] and [8].
Model Objectives GSK3b JNK3 GSK3b+JNK3+QED+SA

SR Nov Div HMean SR Nov Div HMean SR Nov Div HMean

SELFIES ReBADD-SE 0.97 1.00 0.71 0.89 0.95 0.91 0.76 0.87 0.84 0.69 0.67 0.73
GA+D 0.85 1.00 0.71 0.85 0.53 0.98 0.73 0.72 0.86 1.00 0.36 0.68

Graph JTVAE 0.32 0.12 0.90 0.33 0.24 0.03 0.88 0.18 0.05 1.00 0.28 0.25
RationaleRL 1.00 0.53 0.89 0.78 1.00 0.46 0.86 0.74 0.75 0.57 0.70 0.67
MARS 1.00 0.84 0.72 0.85 0.99 0.89 0.75 0.87 0.40 0.76 0.74 0.60

SMILES REINVENT 0.99 0.61 0.73 0.76 0.99 0.32 0.73 0.61 0.48 0.56 0.62 0.55
MolSearch 0.87 0.77 0.80 0.81 0.29 0.51 0.79 0.49 0.23 0.53 0.77 0.46
Table 2
Performance comparison in Bcl-2 family inhibitor generation.
Model Objectives Bcl-2+Bcl-xl+Bcl-w Two sample

SR Nov Div HMean t-test (𝑝-value)

SELFIES ReBADD-SE 0.9863 ± 0.0012 1.000 ± 0.000 0.515 ± 0.008 0.798 ± 0.004 –

Graph MARS 0.1212 ± 0.0033 1.000 ± 0.000 0.908 ± 0.000 0.480 ± 0.004 177.8 (0.00)
RationaleRL 0.3426 ± 0.0052 1.000 ± 0.000 0.831 ± 0.001 0.658 ± 0.003 88.5 (0.00)

SMILES ReLeaSE 0.0002 ± 0.0002 0.700 ± 0.483 0.144 ± 0.244 0.018 ± 0.030 81.5 (0.00)
MolGPT 0.0005 ± 0.0002 1.000 ± 0.000 0.608 ± 0.423 0.058 ± 0.041 56.8 (0.00)
Table 3
Ro5 violation analysis.
Model MWT LogP Donor Acceptor Ro5-free score (↑) t-test (𝑝-value)

ReBADD-SE 941.16 ± 17.93 9.54 ± 0.23 2.84 ± 0.07 10.41 ± 0.21 0.997 ± 0.003 –

MARS 549.18 ± 0.16 4.60 ± 0.01 3.04 ± 0.01 8.61 ± 0.01 0.734 ± 0.002 230.7 (0.00)
RationaleRL 978.98 ± 1.21 10.95 ± 0.03 2.58 ± 0.02 9.77 ± 0.02 0.997 ± 0.001 0.0 (1.00)

ReLeaSE 527.04 ± 1.50 4.47 ± 0.02 1.16 ± 0.01 4.09 ± 0.02 0.292 ± 0.008 260.9 (0.00)
MolGPT 576.45 ± 1.09 5.33 ± 0.02 1.26 ± 0.02 6.38 ± 0.03 0.641 ± 0.008 131.8 (0.00)
Table 4
Binding affinity distribution analysis.

Bcl-2 Bcl-xl Bcl-w

Model Binding affinity t-test (𝑝-value) Binding affinity t-test (𝑝-value) Binding affinity t-test (𝑝-value)

ReBADD-SE 9.41 ± 0.49 - 9.02 ± 0.33 - 8.23 ± 0.30 –

MARS 8.27 ± 0.81 85.2 (0.00) 8.00 ± 0.73 90.0 (0.00) 7.31 ± 0.56 102.4 (0.00)
RationaleRL 8.77 ± 0.86 45.7 (0.00) 8.39 ± 0.73 55.6 (0.00) 7.23 ± 0.53 116.1 (0.00)

ReLeaSE 6.53 ± 0.84 209.4 (0.00) 6.58 ± 1.03 159.5 (0.00) 6.48 ± 0.76 151.4 (0.00)
MolGPT 6.56 ± 0.79 216.8 (0.00) 6.34 ± 0.86 205.7 (0.00) 6.03 ± 0.63 222.9 (0.00)
3

a
f

3.6. Bcl-2, Bcl-xl, Bcl-w

3.6.1. Experiment setup
Next, we evaluated the performance of ReBADD-SE in Bcl-2, Bcl-

xl, and Bcl-w multi-target inhibitor generation tasks, which were more
challenging than GSK3b and JNK3 dual inhibitor generation. In this
study, we conducted a multi-objective molecular optimisation task be-
cause the candidates of Bcl-2 family inhibitors for senotherapy should
be able to inhibit Bcl-2, Bcl-xl, and Bcl-w simultaneously [16–18].

3.6.2. Performance comparison
We selected MARS [9], RationaleRL [8], ReLeaSE [4], and Mol-

GPT [44] as baselines and compared them with ReBADD-SE by gen-
erating 5000 molecules 10 times for each model. Table 2 presents
the results. ReBADD-SE demonstrated the best performance, with an
HMean of 0.80, while maintaining a SR of 99% and novelty of 100%,
whereas all baselines had a SR < 50% and HMeans < 0.30. The gaps
etween ReBADD-SE and baselines were statistically significant with
-value < 0.01, which were evaluated by two-sample t-test. We found
he reason why baselines had poor scores through two post-analysis
xperiments: Ro5 violation analysis (Table 3) and binding affinity
7

istribution analysis (Table 4 and Appendix F).
.6.3. Ro5 violation analysis
Based on the observation that many molecules with strong binding

ffinity against Bcl-2 family proteins violated more than one Lipinski’s
ilter (Fig. A.1a), we defined a score called Ro5-free score that measures

the proportion of molecules violating at least two Lipinski’s filters
among the generated molecules and evaluates the scores of ReBADD-
SE and baselines. Since we obtained 10 sets of 5000 molecules for each
model in the previous experiment, we reported the mean and standard
deviation values in Table 3. ReBADD-SE and RationaleRL exhibited
the highest Ro5-free scores of 0.997 ± 0.003 and 0.997 ± 0.001,
respectively. ReLeaSE and MolGPT, which are SMILES-based generative
models, showed the worst scores of 0.292 ± 0.008 and 0.641 ± 0.008,
respectively. Excepting of RationaleRL, ReBADD-SE showed better Ro5-
free scores than MARS, ReLeaSE, and MolGPT, with the significance of
p-value < 0.01.

For a deeper analysis, we investigated the statistics of MWT, logP,
number of hydrogen bond donors, and number of hydrogen bond
acceptors over the generated molecules. ReBADD-SE and RationaleRL
had extremely large values of MWT, LogP, and acceptors, which means
the two models were able to produce Ro5-violating molecules easily.
MARS tended to generate molecules violating the constraints on MWT
and number of hydrogen acceptors, resulting in moderate Ro5-free

score of 0.734 ± 0.002. ReLeaSE generated relatively heavy molecules
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with MWT > 500, but those generated molecules seemed to comply
the other Lipinski’s filters, resulting in a low SR of 0.02% (Table 2). As
ReLeaSE was a SMILES-based recurrent neural networks, it might have
difficulty in generating complicated molecular structures and thus had
the worst Ro5-free score of 0.292 ± 0.008. MolGPT was also a SMILES-
ased generative model, but it exploited transformer networks and thus
as able to produce molecules violating constraints on MWT, logP, or
umber of acceptors more effectively than ReLeaSE.

.6.4. Binding affinity distribution analysis
Even though MARS, RationaleRL, and MolGPT had high Ro5-free

cores (Table 3), they failed to achieve high SRs because they did
ot improve the objective properties sufficiently. For each model,
e sampled 5000 molecules and computed the mean and standard
eviation of their binding affinity values against Bcl-2, Bcl-xl, and
cl-w (Table 4). ReBADD-SE outperformed all baselines by exhibiting
.41 ± 0.49, 9.02 ± 0.33, and 8.23 ± 0.30 for Bcl-2, Bcl-xl, and Bcl-w,

respectively. We used a two-sample t-test to evaluate the significance
of gaps between ReBADD-SE and baselines and confirmed the p-value

0.01 in all pairwise comparisons. Compared to the ZINC15 training
ata of 5.99 ± 0.67, 5.88 ± 0.79, and 5.70 ± 0.62 (Appendix F),
olGPT showed very small improvements of 6.56 ± 0.79, 6.34 ± 0.86,

and 60.3 ± 0.63 for Bcl-2, Bcl-xl, and Bcl-w, respectively, resulting in
a low SR of 0.05%. The two graph-based models, MARS and Ratio-
naleRL, demonstrated much better improvements in binding affinities
than the SMILES-based baselines ReLeaSE and MolGPT, but MARS and
RationaleRL had lower Bcl-2 scores of 8.27 and 8.77, respectively, than
the threshold of 9.069 in the success criteria. As shown in Fig. F.1, we
confirmed that many molecules generated by ReBADD-SE had stronger
affinity scores than the existing Bcl-2 family inhibitors navitoclax and
ABT-737.

3.6.5. Best candidates of Bcl-2 family of inhibitors
In drug discovery, it is important that the generated molecules have

mproved properties and synthetic feasibility. To evaluate the feasibility
f ReBADD-SE molecules, we calculated the SA [40] and retrosyn-
hetic accessibility (RA) scores [45] of each generated molecule; for
ach model, we selected the three best molecules with the highest
otal property (TP) scores (Table 5). The TP score was defined as
he product of SA, RA, and the three binding affinity scores for Bcl-

family proteins. Based on this definition, a molecule with strong
inding affinity and good synthetic feasibility would have a high TP
core. The top three molecules of ReBADD-SE had TP scores of 0.471,
.447, and 0.441, respectively. The best score was significantly higher
han all baseline outputs. The best molecules found by RationaleRL
xhibited the strongest binding affinity values for Bcl-2. However, they
ad complicated molecular structures, resulting in poor SA (>0.4) and
A (<0.95) scores. Fig. 5 shows the top three molecules identified by
eBADD-SE with their TP scores.

.7. SELFIES collapse analysis

ReBADD-SE mitigated the SELFIES collapse problem using SELF-
ES fragment parsing and fragment-level generation. To evaluate the
egree of SELFIES collapse, we used Levenshtein distance to measure
he difference between the two sequences (Fig. 6a). Specifically, the
evenshtein distance between two SELFIES strings is the minimum
umber of SELFIES character edits (insertions, deletions, and substi-
utions) required to change one string into another. The normalised
evenshtein distance is a distance value rescaled from 0 to 1. A severe
ollapse of a SELFIES string has a high normalised Levenshtein distance
ecause many SELFIES characters are deleted when the SELFIES string
s reconstructed from the corresponding SMILES string.

We sampled 5000 molecules for each model of the two SELFIES-
ased generative models ReBADD-SE and GA+D and compared their
istributions of normalised Levenshtein distance values (Fig. 6b). The
8

Table 5
Best property scores of feasible molecules generated by each model.

Bcl-2 Bcl-xl Bcl-w TP
Model SA RA – Score†

ReBADD-SE 1st 9.17 9.12 8.44 0.471
3.06 0.96 –

2nd 9.02 8.76 8.31 0.447
3.06 0.98 –

3rd 9.18 8.81 8.28 0.441
3.31 0.99 –

RationaleRL 1st 10.17 9.65 7.96 0.450
3.97 0.95 –

2nd 10.27 9.90 8.83 0.439
4.43 0.88 –

3rd 10.12 9.44 7.68 0.401
4.19 0.94 –

MARS 1st 9.31 8.96 8.19 0.450
3.12 0.96 –

2nd 8.94 9.08 8.34 0.415
3.66 0.97 –

3rd 9.04 8.90 7.86 0.409
3.35 0.97 –

ReLeaSE 1st 9.52 8.62 7.91 0.431
3.24 0.98 –

2nd 9.28 8.24 8.22 0.414
3.20 0.97 –

3rd 8.35 8.27 7.68 0.399
2.46 1.00 –

MolGPT 1st 8.61 8.73 8.02 0.451
2.44 0.99 –

2nd 9.25 9.12 7.67 0.449
2.65 0.94 –

3rd 8.97 8.58 7.93 0.440
2.77 1.00 –

†TP = Bcl-2 * Bcl-xl * Bcl-w * (1 - 0.1 * SA) * RA

degree of collapse was defined as the mean of the normalised Leven-
shtein distance distribution. The degree of collapse for ReBADD-SE was
5%, which was significantly less than 88% for GA+D. Because the
SELFIES fragments that ReBADD-SE used were grammatically parsed
vocabularies from complete SELFIES strings, the strings produced by
reassembling those fragments rarely violated SELFIES grammar. In
contrast, GA+D produces SELFIES strings at the character-level without
learning grammar, resulting in an extremely high collapse degree.

Those character-level generation cannot consider syntactic valida-
tion of SELFIES, such as branch representation, resulting in severe
collapse problem (Fig. 6b). Whereas SELFIES generation with fragments
parsed by our proposed algorithm lighten the burden of syntactic
validation because our parsing algorithm presents only fragments com-
plying the SELFEIS syntax, resulting in highly reduced collapse rate
(Fig. 6b).

3.8. Ablation study

3.8.1. Char-level vs frag-level
The fragment-level SELFIES generation enabled faster training

speeds compared to that of character-level generation. We trained two
ReBADD-SE models on the Bcl-2 family dataset with and without the
SELFIES fragment and evaluated their SR scores per checkpoint by
sampling 1000 molecules from each checkpoint (Fig. 7). Both models
achieved 95% SRs, but the fragment-level model converged more
quickly. The fragment-level model demonstrated 97.3% SR at the 350-
iteration checkpoint, whereas the character-level model showed 97.3%
SR at the last 500-iteration checkpoint. The reason why character-
level model training was slower was based on the differences in the
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Fig. 5. Best three molecules generated by ReBADD-SE with good synthetic feasibility
and strong binding affinity against Bcl-2 family proteins.

Fig. 6. SELFIES collapse analysis. (a) Description of normalised Levenshtein distance.
(b) Histogram plots of normalised Levenshtein distance and degree of collapse.

information to learn. A character-level generation model should first
explore valid molecular pieces, which can take a long time in the
case of complicated and feasible structures such as Ro5 outliers. After
exploring the valid pieces, the model resembled them to generate
optimal molecular structures. In contrast, the fragment-level generative
model could skip the exploring stage because those feasible pieces had
already been parsed, and thus the model can focus on the generation
stage, resulting in a fast training convergence speed.

3.8.2. On-policy vs off-policy
The original SCST algorithm may malfunction in molecular optimi-

sation tasks owing to the large size of the chemical space. The original
9

Fig. 7. Training convergence speed regarding of SELFIES tokenization.

SCST algorithm was designed with an on-policy scheme, which means
that a single policy network plays a dual role in episode generation
and policy gradient-based training. Because of the double role, if the
model finds some desired episodes, it is apt to produce only the found
episodes or similar ones, resulting in a limited SR and low diversity.
In contrast, the off-policy SCST algorithm in ReBADD-SE utilises two
policy networks. One is a behaviour policy that plays a role in episode
generation. The other is a target policy that learns the episodes gen-
erated by the behaviour policy. Owing to the division of roles, even
though the behaviour policy network finds the desired episodes, it still
endeavours to find old and new optimal episodes without diversity
degeneration because the behaviour policy does not promptly receive
any feedback about the episodes.

To evaluate the two versions of ReBADD-SE trained by the orig-
inal SCST and off-policy SCST algorithms, we used the Bcl-2 fam-
ily dataset, sampled 1000 molecules per checkpoint, calculated their
HMean scores, and visualised them (Fig. 8). In the visualisation, we
used the extended connectivity fingerprints of diameter 6 (ECFP6), as
suggested in a previous study [39] and embedded the fingerprints into
two-dimensional space using a uniform manifold approximation and
projection (UMAP) algorithm [46].

In original SCST, as the policy network immediately reflects the
received feedback in episode generation, it is possible to quickly find
episodes with improved rewards, but it is also fast to forget the found
episodes due to the exploration on the immense chemical space, result-
ing in low generative performance (Fig. 8). In addition, as there are
small number of molecules complying multiple property constraints,
poor exploration performance due to the immediate feedback makes
finding desirable episodes difficult. In contrast, ReBADD-SE with off-
policy SCST showed slow improvement in the HMean score, but as
the behaviour policy network remind the found desirable episodes
and allow a target policy network to constantly learn the episodes,
ReBADD-SE achieved a high HMean score of 0.804 and produced
diverse molecular structures (Fig. 8).

4. Conclusion

This paper proposes a novel multi-objective molecular optimisation
model, ReBADD-SE, to effectively produce Ro5-complying and Ro5-
violating molecules. We exploited SELFIES representations to address
complicated molecular structures and developed a fragment parsing
algorithm to overcome the SELFIES collapse problem. Furthermore, we
designed an off-policy SCST algorithm utilising a behaviour policy, ver-
ified its stable training performance, and demonstrated the superiority
of ReBADD-SE via two benchmark tasks, GSK3b+JNK3+QED+SA and
Bcl-2+Bcl-xl+Bcl-w.

Our significant methodological contributions include the novel
SELFIES parsing algorithm and the improved SCST algorithm. We pro-
posed those novel algorithms to address the SELFIES collapse problem
and the limitation of original SCST. Both should be addressed to achieve
effective multi-objective molecular optimisation. The combination of
the proposed algorithms could resolve both problems simultaneously
and exhibited its superiority in multi-objective molecular optimisation
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Fig. 8. Comparison between original SCST and off-policy SCST algorithms.
compared to the baseline methods (Tables 1–4). We expected that the
proposed methods would present novel methodological ideas to peer
researchers.

In this study, we showed that ReBADD-SE was effective to explore
new hit molecules that can affect to multiple Bcl-2 family proteins.
We considered only three binding affinity scores to find hit molecules,
but more pharmacological properties, such as absorption, distribution,
metabolism, excretion, and toxicity (ADME/T), should be considered
together in order to discover drug-like molecules [47]. However, in-
creasing the number of objectives makes molecular optimisation diffi-
cult because more sophisticated molecular generation techniques would
be required and the number of available molecules satisfying all prop-
erty constraints is small. Therefore, in the future work, we will make
efforts to develop an improve multi-objective molecular optimisation
method that can deal with large number of objectives simultaneously
and find a method to train a generative model on a small size of dataset
efficiently.
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