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Abstract

Structure-based drug design aims to generate molecules that fill the cavity of the protein pocket with a high binding affinity. Many
contemporary studies employ sequential generative models. Their standard training method is to sequentialize molecular graphs into
ordered sequences and then maximize the likelihood of the resulting sequences. However, the exact likelihood is computationally
intractable, which involves a sum over all possible sequential orders. Molecular graphs lack an inherent order and the number of orders
is factorial in the graph size. To avoid the intractable full space of factorially-many orders, existing works pre-define a fixed node
ordering scheme such as depth-first search to sequentialize the 3D molecular graphs. In these cases, the training objectives are loose
lower bounds of the exact likelihoods which are suboptimal for generation. To address the challenges, we propose a unified generative
framework named MolEM to learn the 3D molecular graphs and corresponding sequential orders jointly. We derive a tight lower bound
of the likelihood and maximize it via variational expectation-maximization algorithm, opening a new line of research in learning-
based ordering schemes for 3D molecular graph generation. Besides, we first incorporate the molecular docking method QuickVina 2
to manipulate the binding poses, leading to accurate and flexible ligand conformations. Experimental results demonstrate that MolEM
significantly outperforms baseline models in generating molecules with high binding affinities and realistic structures. Our approach
efficiently approximates the true marginal graph likelihood and identifies reasonable orderings for 3D molecular graphs, aligning well
with relevant chemical priors.

Keywords: structure-based drug design; sequential generative model; molecular graph generation; sequential order; variational

expectation-maximization

Introduction

Generation of protein binding molecules represents the core of
structure-based drug design (SBDD). In general, proteins often act
as targets and regulate important biological functions through
drug-target interactions. Understanding the interactions is the
key to guiding the design of molecules [1-3]. Contemporary deep
generative methods formulate structure-based molecular design
as a conditional graph generation task, which aims to train a
model to generate 3D molecular graphs with high affinity and
specificity conditioned on protein pockets [4-7].

One branch of work uses one-shot generation strategies to
generate graphs, which learn continuous mappings from latent
distributions to predefined output spaces [8-15]. For example,
liGAN [8, 9] utilizes conditional VAEs and GANs to generate 3D
ligands; diffusion-based graph generative models apply Gaus-
sian diffusion in dequantized adjacency matrix space [11-13, 15].
These models suffer limitations such as the inability to generate
graphs with arbitrarily large numbers of nodes, the impracticality
of hundreds or even thousands of forward passes for downstream
applications, and the inevitability of generating molecules with
disconnected parts [14, 16, 17]. Another branch of work involves
sequential generation methods, such as reinforcement-learning

models and autoregressive models, which naturally accommo-
date variable-sized graphs [16, 18, 19]. These methods require
an approach to sequentialize molecular graphs into an ordered
sequence of tokens (i.e. motifs or fragments), and then maximize
the likelihood of the resulting sequences. However, the exact like-
lihood is computationally intractable. The generation sequence of
a 3D graph is arbitrary because it is defined by a non-Euclidean
data structure consisting of nodes and edges without an inherent
order [14, 20-23]. As shown in Fig. 1, different possible orders
can generate the same graph. Computing the likelihood requires
marginalizing out all possible sequential orders. The marginaliza-
tion is intractable in practice due to the number of terms in the
sum, as there are n! sequences leading to a graph with n tokens,
which makes maximum likelihood estimation challenging. To
avoid the intractable full space of factorially many orders, existing
works use a single generative order for a graph [24-29]. They pre-
define a fixed node ordering scheme based on heuristics and
graph traversals without fully justifying their choices empirically
or theoretically. For example, DeepLigBuilder [24] adopts a pol-
icy network combined with Monte Carlo tree search, which is
required to imitate an “expert trajectory” using a canonical rank-
ing algorithm in RDKit and a depth-first-search (DFS); DeepICL
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Figure 1. A 3D molecular graph is defined by a non-Euclidean data structure without an inherent order. The PDB ID of the pocket is THW8. The ligand
has five fragments numbered from SO to S4. 120 sequential orders can generate it, three of which are depicted.

[28] randomly traverses a trajectory of placing atoms of a ligand;
PocketFlow [29] imposes an artificial ordering scheme of graph
traversals such as breadth-first-search (BFS). In these cases, the
training objective is a loose lower bound of the exact likelihood,
which only considers the probability of one sequential order.
The training objective does not correspond to rigorous maximum
likelihood estimation although it is easy to compute. Therefore,
those pre-defined canonical ordering schemes lead to suboptimal
performances.

Additionally, previous models generate ligands with unreal-
istic binding poses and rely on post-fixing [5, 17, 24, 30-32],
suggesting that they do not capture true protein-ligand interac-
tions. Research on binding conformation generation can generally
classified into two streams: generation simultaneously with a
molecular graph (3D ligand generation) and generation for a
given pocket-ligand pair (molecular docking). Prior works of the
first stream usually adopt distance-based initialization, rotation
angle prediction, and rotation matrix to generate conformations
[33, 34]. These methods lose flexibility and accuracy since the
already-generated molecular motifs are anchored. To fix their
generated 3D structures, a notable number of generated ligand
conformations rearrange drastically after redocking [6, 7, 26, 35].
The inaccurate binding conformations inhibit the models from
capturing true interatomic interactions and harm the credibility
of generating molecules directly in 3D space. Another stream of
conformation generation is molecular docking, which is a widely-
used technique in drug design. Given a ligand and a ligand binding
site (called “pocket”), it predicts the binding mode of the protein-
ligand complex [36-38]. Traditional docking programs such as
AutoDock4 [39], AutoDock Vina [40], QuickVina?2 [41], Glide [42],
and GOLD [43] leverage heuristic search algorithms to identify
one or several near-native docking poses [37, 38]. Recently, deep
learning-based docking methods are full of potential [2, 37, 44].
However, they suffer significant limitations [23, 36, 38, 45-48]: (i)
deep learning-based models are good at pocket searching, but
traditional methods are better than them at molecular docking on
given pockets; (ii) the experiments and evaluations are somewhat
questionable, and the models have rarely been tested in prac-
tical application scenarios; (iii) the deep learning-based models

introduce additional dataset bias and some models demonstrate
superior scoring power but they perform poorly in docking power.
Collectively, traditional molecular docking methods remain adept
at predicting accurate binding poses in most scenarios.

To address the challenges, we develop a theoretical framework
to learn 3D molecular graphs and generative orders jointly, sur-
passing the pre-defined canonical ordering schemes. We derive a
tight lower bound of the likelihood and maximize it via variational
expectation-maximization algorithm [49]. In our framework, the
3D molecular graph is generated by a molecule generator trained
under the estimated posterior probability of sequential orders.
The distribution of sequential orders is modeled by an ordering
generator, approximating the true distribution that maximizes the
graph likelihood. Figure 2 illustrates our new framework. Conver-
gence is assured since the algorithm is guaranteed to increase the
likelihood at each iteration. To ensure the generation of depend-
able binding conformations, we first incorporate the molecular
docking approach QuickVina 2 (QVina2) [41] into our framework.
We do not use the Vina score to guide the molecule generation
although it is widely utilized by previous methods [26, 50, 51].
We only make use of the docked binding poses. Experimental
results demonstrate that MolEM efficiently approximates the true
marginal graph likelihood. Our method can find reasonable orders
for 3D molecular graphs, adhering to suitable chemical priors.
The generated molecules show higher binding affinities and con-
tain more realistic structures than the state-of-the-art baseline
methods. This study opens a new line of research in developing
learning-based ordering schemes for 3D molecular graph genera-
tion, contributing to the advancement of this field.

Methods

Preliminary and problem formulation

SBDD aims to generate ligand molecules with high affinity and
selectivity of a given protein pocket. The 3D geometries of the
molecule and pocket can be represented as two sets of atoms
g™l = (@, r™) and PP° = (af7 m,rf ") respectively, where a™
and & are one-hot vectors indicating the atom attributes and
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Figure 2. Overview of MolEM framework. (A) The 3D molecular graphs and generative orders are jointly optimized. The E-step and M-step form a closed
loop. (B) The generation procedure of the molecule generator. (C) The generation scheme of the ordering generator. The fragments highlighted with red

are already predicted.

rrel, 1" € R® denote coordinates. Our objective is to learn a con-
ditional graph generative model p,(G™|PP"), where ¢ represents
the parameters to be learned. The training dataset of observed
protein-ligand complexes is denoted as GP*. A glossary of symbols
is provided in Table S1.

We formulate the conditional graph generation task as a
sequential generative problem, i.e. modeling graphs as sequences,
the tokens of which are molecular fragments. We first define
a mapping fs from graphs to sequences, where for a graph
Gml ~ py (G PP with n tokens under ordering 7, we have

S™ = fs(G™, m) = (GF, ..., GI), 1)

where each element G represents the induced subgraph of gm
from the first i tokens in the ordering n. Conversely, we define
a mapping fg(-) from sequences to graphs as S* determines a
unique graph g™ where f(S7) = g™ Thus, instead of learning
Po (G PPy, whose sample space cannot be easily characterized,
we sample the sequential order = to get the observation of S™ and
learn p4(S™|PP™), which can be modeled autoregressively with the
sequential nature of S™ and be decomposed to Markov chain [52]:

n
ps(STIPP®) = [ [ p(@GTIGT 1, PP @
i=1
Given the above definitions, the joint distribution of a molecular
graph and the generative order can be represented as
Po (gmol, g7 ‘rppvo) =Dy (S” |73pro)]1 [fG (571) — gmol]’ (3)

and we can write p,(G™°|PP™) as the marginalization of the joint
distribution:

p¢(gmol‘73pm) — Zp¢(gmoly g7 |:Ppro). (4)

I

The marginalization is intractable due to the number of terms
in sum, i.e. there are n! possible orderings for n graph tokens.
Consequently, p(G™!|PP°) cannot be easily obtained. Previous
works propose to train under a chosen canonical node ordering
scheme. We remove the requirement of a fixed generative order
by developing a unified generative framework.

The generative framework

We learn the model parameters ¢ by maximizing the log-
likelihood function of the observed molecular graphs conditioned
on protein pockets, i.e. Inpys (G PP). However, directly maxi-
mizing the log-likelihood function is impractical. Therefore, we
instead optimize the evidence lower bound (ELBO) of the log-
likelihood function iteratively.

Theorem 1.1. (ELBO of In p,(G™|PP")). The exact
log-likelihood satisfies the following inequality:

Inpy (G PPO) = By, i gret prro,

[lnp¢(gmol, s W)pm) —1n QQ(ﬂ|ngl, Ppm)]' (5)

where qg(n|gm01, PPy denotes the estimated distribution of
sequential order =, and the equation holds when p, (x |gmel pproy —
Qo (|G™!, PP). The equal condition reveals that the approxi-
mated distribution of the sequential order should be equal to the
true posterior distribution that maximize the graph likelihood.
The proof of this theorem is provided in Appendix A.

Such a lower bound can be optimized by alternating between
an E-step and an M-step [49, 53-56]. We define t as the iteration
step. In the E-step (a.k.a., inference procedure), the goal is to fix
pl, and update the variational distribution q5! to approximate the
true posterior distribution p, by minimizing the KL divergence
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with the following equation:
a0 = KL(q5 (x1G™, PPO) Ipl, (x1G™, PP'0)). )

In the M-step (a.k.a., learning procedure), we fix q, and update pj,
to maximize the lower bound with the latent order determined:

00(@") = Egg (1 gnot porey [IN Pl (G, ST [PPO)]. @)

See Appendix A for the proof. The distribution of gy (|G, PP™) is
parameterized using an ordering generator and the distribution
of ps(GM, S™|PP) is parameterized using a molecule generator.
Next, we detail the two steps respectively.

E-step: inference procedure

In the E-step, we use gq(7|G™, PP’) to approximate the posterior
distribution p¢(n|gm°1,7>w°), where the p, is fixed and the g, is
implemented with an ordering generator.

Consistent with conditional graph generation in Equation (2),
we first formulate the distribution of g, (x|G™, PP’°) in an autore-
gressive manner:

n
o (x|G™, PP = [ | o (jlmi—s, G, PP), ®)

j=1

where each element z; denotes molecular fragments generated
before the j™ step. To model the distribution, we utilize a graph
transformer [57] to learn atom-level representation h;’Z’l) ,residue-

(Tj-1)
r

level representation h,,"’, and molecular fragment embedding

eﬁ,”)’“ for a given protein-ligand complex, capturing the context
information of binding sites. We use a multilayer perceptron MLP,
to fuse the representations and predict the next token:

o (j|mj_1, G, PP) =
©)

softmax(MLPe(hg;’”, hgfl) eff}’l)))A

We present the architecture details of the ordering generator in
Appendix B.

In practice, problems exist in implementing the E-step: sam-
pling from pf, (|G, PP™) is very inefficient and the #5! sampled
from p}, cannot be guaranteed to meet the condition of fg(#:) €
GPL. Therefore, we use a heuristic way when constructing the
training dataset (G™,#1): the distribution of p;(g”"ﬂ, S| Prroy
learned by the molecule generator, is used for scoring, i.e. mea-
suring the probability of orderings in a pre-defined ordering set
7g, according to Equation (3). The orderings with maximum prob-
ability are chosen:

A1 = argmaxpl, (6™, S™[PP), (10)

meng

Then we train 5™ on (G, #51) to minimize the KL divergence

according to Equation (6):

0" =argming gu ooy (g2t 45
! (11)
KL(q5 (1G™, PPO) |ply (r 1G™, PPY),

We let qt! converge under the current molecule generator in each
E-step.

Algorithm Training algorithm of MolEM

Require: Training dataset G and pre-defined ordering n¢g
Ensure: Well trained p, and gy
Lett=0.
Pre-train g4 on (G™, ng) according to Eq. (11).
while not converged do
t=t+1
[ M-step: Learning Procedure
Predict orderings for G with g}, according to Eq. (9).
Consturct the dataset (G, ) with docking.
Train p, on (G™, #}) according to Eq. (12).
[ E-step: Inference Procedure
Score orderings for GP with p, according to Eq. (10).
Construct the dataset (G, #+!) with docking.
Train g5 on (G, #51) according to Eq. (11).
end while

M-step: learning procedure

In the M-step, we maximize the lower bound of the log-likelihood
according to Equation (7), where gy is fixed and p, is implemented
with a molecule generator.

To model the distribution of p,(G™, S*|PP™), we parameterize
p, with a graph transformer, the architecture of which is the same
as the one in E-step. The model generates ligands fragment-by-
fragment. For each molecular fragment, the generation procedure
consists of four major steps, including (i) focal selection, (ii) next
fragment prediction, (iii) fragment attachment prediction, and (iv)
binding pose prediction. More details of the molecule generator
are presented in Appendix B. We sample from g (w|G™, PP") to
obtain the #! to construct the training dataset (G™, 7)) for the
model: given the G, the ordering generator predicts generative
orderings according to Equations (8) and (9). Then we train p}, on
(G™, #}) to maximize the lower bound according to Equation (7):

¢' = argmaxk gro i) »)~gr 25 [IN PG, STIPP)],  (12)
¢

We let p converge under the current ordering generator in each
M-step.

Joint optimization

In our framework, the 3D molecular graphs and generative orders
are jointly optimized to maximize the tight lower bound of the
likelihood. The E-step and M-step form a closed loop. We initially
pre-train the ordering generator on pre-defined orderings n¢ as q;.
Then we alternatively optimize p; and g until convergence. The
training algorithm is summarized in Algorithm 1.

Results

To evaluate the generation performance of MolEM, we use the
CrossDocked dataset [59], which contains 22.5 million protein—
ligand complexes, and follow the same data preparation and data
splitting as [12]. A detailed description of the dataset is provided in
Appendix B. In the end, we have 99940 complexes for training, 100
complexes for validation, and 100 novel complexes as references
for testing. We have built an expanded dataset from CrossDocked
to further evaluate the performance of MolEM, as shown in Table
S2. We compare various baselines: Pocket2Mol [25], DrugGPS [34],
TargetDiff [12], FLAG [58], and PMDM [13]. Pocket2Mol, DrugGPS,
and FLAG adopt an autoregressive strategy. TargetDiff and PMDM
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Table 1. Properties of the test set molecules generated by different methods

Methods Vina score High affinity (1) QED (1) SA (1) LogP Lipinski (1) Diversity (1)
(kcal/mol, |)

Testset —7.027 £2.19 - 0.476 £ 0.20 0.723 £ 0.14 0.042 +2.32 4.090 + 1.25 -

Pocket2Mol —7.288 £ 2.53 0.542 +0.32 0.563 +0.16 0.765 £ 0.13 1.586 +1.82 4.902 £ 0.42 0.688 +£ 0.14
DrugGPS —7.345 £ 2.42 0.620 &+ 0.29 0.592 +£0.21 0.728 £ 0.23 1.134 £2.26 4.923 +£0.11 0.695 + 0.17
TargetDiff —7.839+2.32 0.5814+0.29 0.509 £+ 0.20 0.559 +0.13 1.602 £ 241 4570+ 0.77 0.738 £ 0.15
FLAG —7.247 £2.25 0.580 &+ 0.24 0.495 £ 0.17 0.745 £ 0.16 0.630 + 2.38 4.943 +0.14 0.704 £+ 0.15
PMDM —7.572 £ 2.50 0.628 0.594 + 0.12 0.611+0.16 0.301+1.01 4.975 + 0.16 0.709 £ 0.10
MolEM —-8.297 £ 1.15 0.665 + 0.32 0.525 £+ 0.07 0.607 &+ 0.03 0.349 + 0.34 4.816 + 0.06 0.792 £ 0.10

Arrows 1/] denote that higher/lower values are preferable. Baseline results are taken from their papers [13, 25, 34, 58]. For each metric, we bold the best.

Table 2. Ablation studies for MolEM, including ordering schemes and binding conformations

Ablation Vina score QED (1) SA (1) LogP Lipinski (1)
(kcal/mol, |)
MolEM —-8.297 £ 1.15 0.525 + 0.07 0.605 + 0.05 0.386 & 0.60 4.832+£0.12
Ordering scheme
BFS —7.177 £2.19 0.458 + 0.06 0.580 + 0.04 —0.073 £ 0.60 4.858 +£0.13
DFS —7.484+1.34 0.463 £ 0.06 0.583 + 0.05 0.189 £ 0.70 4.843 £0.15
Random —7.110+ 1.34 0.449 £ 0.05 0.579 £ 0.04 0.085 £+ 0.54 4812 +£0.14
Canonical family —7.102 £ 1.16 0.439 £+ 0.06 0.580 + 0.04 —0.149 £ 0.58 4.835+0.14
Binding conformation
Rotation angle —6.608 + 2.42 0.501+0.21 0.637 +2.26 0.866 + 0.23 4.929 + 0.11
prediction
Crystal poses —7.001 + 1.46 0.480 £ 0.06 0.640 + 0.07 0.745 £+ 0.56 4918 £0.11

We assume the positions directly from the dataset are crystal poses.

are diffusion-based models. The details of hyper-parameters are
presented in Appendix B. At each iteration, we fully train gener-
ators and choose models with the lowest error in the validation
set. MolEM stops the iteration when there is no improvement on
the lower bound of the likelihood within five steps. We pick the
molecule generator from the convergence iteration to generate
molecules.

Evaluation of generated molecules

We adopt widely-used metrics to evaluate the properties of sam-
pled molecules [25]: (i) Vina score estimates the binding affin-
ity between the molecules and the pockets [41]. It is obtained
after a full re-docking process, involving both global and local
optimization in the molecular docking search space; (ii) High
Affinity measures the percentage of pockets that have generated
molecules with higher or equal affinities than the references
in the test set; (iii) QED is the qualitative estimation of drug-
likeness; (iv) Synthesizability (SA) represents the difficulty of
drug synthesis (normalized between 0 and 1 and higher values
indicate easier synthesis); (v) LogP is the octanol-water partition
coefficient and in general LogP values range from -0.4 to 5.6 [60];
(vi) Lipinski calculates how many rules the molecule obeys the
Lipinski's rule of five [61, 62]; (vil) Diversity measures the diversity
of generated molecules for a pocket. It is calculated by averaging
pairwise Tanimoto distances [63, 64]. Additionally, we analyze the
local geometry to demonstrate the geometric and physical validity
of the generated molecules, as shown in Fig. S1 and Tables S3,
S4, S5. Furthermore, we measure the strain energy and steric
clashes of binding conformations to assess the model’s ability to
handle intricate chemical structures and spatial configurations,
as shown in Table S6.

The mean values of the above metrics are shown in Table 1. In
general, our method achieves competitive performance compared
with the baseline methods. The generated molecules from MolEM
show the best binding affinity. According to the Vina score, MolEM
outperforms the baseline methods significantly (-8.297 versus -
7.247 to -7.839). In terms of high-affinity metric, MolEM generates
molecules with higher affinity than reference molecules over 67%
of the protein pocket. The molecules generated by MolEM have
achieved the highest diversity. These results demonstrate that
order matters to obtain the best performance. Table 2 also empir-
ically shows that different generative ordering schemes result in
performance gaps in autoregressive models. Pre-defined orderings
may destroy the underlying structure of the molecule and make
modeling the joint probability much more difficult. Note that
100% of the molecules are valid because accurate conformations
are ensured in each generation step. The metrics MolEM does fall
behind are the drug potentials (QED, SA, Lipinski). We put less
emphasis on them because in SBDD, QED, SA, and Lipinski are
used as rough screening metrics and would be fine as long as
they are in a reasonable range [12, 65]. Notably, MolEM has a bias
toward generating molecules with lower SA scores than baselines.
This is probably because MolEM is trained to generate molecular
graphs in learning-based order rather than the canonical order,
therefore more likely to generate things that are harder to syn-
thesize.

Ablation studies

Ablation studies are designed to further demonstrate the effec-
tiveness of MolEM. We explore the impact of ordering schemes
on 3D molecular graph generation and the influence of confor-
mation poses obtained by different methods. Table 2 shows the
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performances. Existing works pre-define a canonical node order-
ing scheme relying on conventional heuristics or graph traversal
methods. The widely adopted methods are breadth-first traversal,
depth-first traversal, and uniform random ordering. The canoni-
cal family is the mixture of these pre-defined ordering schemes.
As the flexibility of molecular structures largely lies in the degree
of rotatable bonds, previous methods adopt the binding posi-
tion prediction and distance matrix-based algorithm to locate
the ligand [34, 58]. The results in Table 2 demonstrate that the
variational distribution learns reasonable orderings that improve
the generative model’s performance. Other ordering schemes
make modeling the probability suboptimal and may destroy the
underlying structure of the molecular graph. Through step-by-
step manipulations of conformations to ensure accuracy, we alle-
viate the accumulated errors of conformations and generate the
molecules with guidance of protein-ligand interactions as sug-
gested from the docked poses.

Framework analysis

Next, we analyze the convergence of MolEM empirically. The
theoretical analysis is shown in Appendix A. At each iteration,
the molecule generator and the ordering generator are trained
interactively. In Table 3, we demonstrate the performance of the
molecule generator (i.e. Vina score) and the approximated lower
bound of the log-likelihood. Specifically, the approximated ELBO
is computed according to Equation (7). The computing formula is
presented in Appendix A. Intriguingly, the generative performance
and the likelihood achieve their best at the same step (i.e. t = 4*).
The best Vina score indicates that MolEM generates molecular
graphs with reasonable orderings compared with other steps.
Besides, MolEM takes only a few iterations to converge. A detailed
analysis of convergence efficiency is presented in Appendix C. We
summarize the convergence steps and time in Table S8. These
results demonstrate that our framework jointly optimizes the
3D molecular graphs and the latent orders through efficient
step-by-step elaboration, maximizing the tight lower bound of the
likelihood.

Protein-ligand complex

PDB: 5PA0 Canonical order = =(S1, S4, S3, S2, S0)

X

{

M @

Learning-based order

Vina: -7.4
QED: 0.71 SA: 0.88

n=(S3,S1, S0, $4, S2)

Table 3. Analysis of the convergence for the MolEM framework

Vina score Approximated evidence
(kcal/mol, |) lower bound

t=0 —8.144 —-9.35

t=1 —7.848 -9.05

t=2 —7.843 -8.97

t=3 -7.931 —8.94

t=4* —8.297 —8.88

t=5 —8.032 —-8.89

t=6 -8.016 -9.02

t=7 —8.225 -9.00

t=8 —8.16 -9.00

t=9 -8.02 —8.99

A lower Vina score indicates higher binding affinity and a higher likelihood
reveals more true distribution approximated.

Case studies

We test how well our model finds reasonable orders for 3D molec-
ular graphs and generalizes them to unseen protein binding sites.
Besides, we test whether the model generates the molecules with
accurate binding conformations and accounts for protein-ligand
interactions as suggested from the docked poses.

In Fig. 3, we provide an example from the training set for visual-
ization. The learning-based order is generated in the convergence
iteration (i.e. t = 4*) by the molecule generator and the ordering
generator, which reach an agreement. For the first generation step,
the canonical order chooses a carbon-carbon bond, which forms a
huge departure from the true position and impacts the following
generation. The learned-based order selects Benzopyrazine as the
first fragment and occupies a binding site. The choice of the initial
fragment demonstrates that the model incorporates structures of
the protein pocket into the selection of chemical fragments. At
the third generation step, the learning-based order chooses the
carbon-oxygen bond, which extends into the cleft noted by the
red rectangle to make interactions. The cleft is a “cryptic site”

3D molecular graph generation with sequential orders

Figure 3. The comparison of generative orders. The ordering above is a canonical order derived from BFS and the ordering below is generated by MolEM.
The binding site, indicated by a red rectangle, is a “cryptic site” for the generation of canonical order.
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for the generation of canonical order. It identifies unobstructed In Fig. 4, we conduct a case study on the generative orders of

attachment locations that point toward unfilled areas within the similar protein-ligand environments and compare ligand gener-

protein pocket and then extends the ligand effectively. At the ations on the unseen pocket with the baseline model. Compar-

final generation step, the exact location and orientation of the ing the two generation trajectories, we can see that the already

fragments are adjusted to the true binding position. generated fragments are fixed as anchors in DrugGPS, making the
PDB: 5SPAO

\ Reference

Vina: -7.4
QED: 0.71
SA:0.88

I Similarity: 3.07

Wy

PDB: 3B6H

1 v 7

DrugGPS Reference
\

Vina: -6.0 Vina: -5.9

QED: 0.69 QED: 0.50

Figure 4. The case study of the generative orders of similar protein-ligand environments and comparison with the baseline model. (A) The similarity
between the pockets is 3.07, which is the top 0.1%. For pocket 3B6H, we show the reference ligand, the molecule generated by DrugGPS and MolEM,
respectively. (B) The generation procedure of DrugGPS. (C) The generation trajectory of MolEM.
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model suffer from deviation accumulations. The invalid structure
violates biophysical constraints and produces steric clashes with
the protein surface. On the contrary, the conformations generated
by MolEM evolve with the addition of fragments. These fragments
can flexibly fill the interior of the pocket. Besides, our model
recovers the privileged structure patterns, performs comprehen-
sive explorations of protein pockets, and adopts complementarity
to the binding sites. Generative orders with similar protein envi-
ronment information have a clear tendency. Concretely, we com-
pute the Euclidean similarities of pocket representations between
the training set and the test set. We depict the most similar
pocket to the one in Fig. 3. MolEM generates Benzopyrazine at the
first step for PDB 5PAO and Imidazo[1,5-a]quinoxaline at the prior
two steps for PDB 3B6H. The selections demonstrate that gener-
ating crucial substructures preferentially has been learned and
applied to similar pocket environments, aligning with the well-
established chemical prior. In comparison, DrugGPS generates a
carbon-oxygen double bond at the first step and a heterocyclic
ring at the final step, forming an inefficient generation procedure.
Moreover, the protein pocket has a small pit deep inside the
protein pocket, which is far from the center of the whole pocket.
MolEM has successfully grown fragments within the pit in the
first to the sixth step, and the conformations are adjusted to the
pit in the eighth and ninth steps. In contrast, it is a “cryptic site”
for the baseline model and the standard reference. In addition,
MolEM generates protein-interacting fragments at two ends of
the uneven protein pocket, which are Imidazo[1,5-a]quinoxaline
(i.e. the second step) and 1'-Methyl-1,4’-bipiperidine (i.e. the ninth
step). The subpockets have been well occupied, providing good
steric complementarity. Comparatively, the reference ligand and
the molecule generated by DrugGPS are confined to a corner of
the protein pocket.

Additionally, we have provided failure cases of MolEM and
the other baselines in Fig. S2 to analyze the limitations and
advantages of different computational models. Furthermore, we
visualize the generated molecules for a realistic functional protein
target in Fig. S3, demonstrating the power of our model in real-
world application scenarios.

Discussion

Binding pose generation. The current structure-based Al models
are severely hindered by neglecting conformational flexibility
(dynamics and induced fit upon binding) [66]. This work incor-
porates molecular docking to ensure dependable binding confor-
mations and promote favorable protein-ligand interactions. As
shown in Table S7, we perturb the conformations of both the
generated molecules and protein pockets to assess the robustness
and stability of the model. However, it is worth acknowledging the
inherent limitations of docking, i.e. proteins are treated as rigid.
Considering protein flexibility in the model may help improve
the generation performance. In the future, the model may be
complemented with Monte Carlo or molecular dynamics (MD)
simulation. Besides, physics-based methods are computationally
expensive. A detailed analysis of time complexity is presented in
Appendix C. For the training efficiency, we summarize the training
time in Table S9. For the sampling efficiency, we conduct ablation
studies to assess the generation time of each computational
model, as shown in Table S10. Frequent calls to docking or MD are
time-consuming, which reduces the speed of drug design models.
We leave the efficiency improvement to future work.

Evaluation metrics. Evaluating generative models is known
to be challenging. The most commonly used metrics for SBDD

are docking scores. However, the docking score is an imperfect
measure. Molecules with low-ranked scores may also have high
binding affinities. Moreover, the docking score cannot accurately
measure scenarios such as activity cliffs, where ligands with sim-
ilar structures are scored similarly no matter whether the binding
affinities are approximate. More rigorous metrics are needed for
SBDD.

Conclusion

In this study, we propose MolEM, a unified generative framework
for molecular graphs and sequential orders. The molecular dock-
ing approach QVina2 is incorporated to manipulate the molecular
conformations. Results demonstrate that reasonable orders exist
for 3D molecular graphs that are optimal for generation. The
generative model favors certain orders that provide an efficient
approximation of the true marginal graph likelihood and align
with suitable chemical prior knowledge. Significantly, MolEM pio-
neers a novel approach in learning-based ordering schemes for
3D molecular graph generation. We posit that this framework
holds substantial promise in molecule design applications. In
conclusion, our research presents a new direction for the future
design of ligands and opens up fresh challenges in the field.

Key Points

e A novel generative framework that jointly learns the
3D molecular graphs and corresponding sequential
orders was developed, opening a new line of research
in learning-based ordering schemes for 3D molecular
graph generation.

* The molecular docking method was first incorporated
into the generative model, ensuring accurate binding
conformations and promoting favorable protein-ligand
interactions.

e MoIEM efficiently approximates the true marginal graph
likelihood and identifies reasonable orderings for 3D
molecular graphs, aligning well with suitable chemical
prior knowledge.

¢ MolEM outperforms baselines in generating drug candi-
dates with higher binding affinities and more realistic
structures.
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