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Abstract

Deep generative models have achieved tremen-
dous success in designing novel drug molecules in
recent years. A new thread of works have shown
the great potential in advancing the specificity and
success rate of in silico drug design by consider-
ing the structure of protein pockets. This setting
posts fundamental computational challenges in
sampling new chemical compounds that could
satisfy multiple geometrical constraints imposed
by pockets. Previous sampling algorithms either
sample in the graph space or only consider the
3D coordinates of atoms while ignoring other de-
tailed chemical structures such as bond types and
functional groups. To address the challenge, we
develop Pocket2Mol, an E(3)-equivariant genera-
tive network composed of two modules: 1) a new
graph neural network capturing both spatial and
bonding relationships between atoms of the bind-
ing pockets and 2) a new efficient algorithm which
samples new drug candidates conditioned on the
pocket representations from a tractable distribu-
tion without relying on MCMC. Experimental
results demonstrate that molecules sampled from
Pocket2Mol achieve significantly better binding
affinity and other drug properties such as drug-
likeness and synthetic accessibility.

1. Introduction
Deep learning has achieved great success in drug design
(Polykovskiy et al., 2020). One of the representative works
is that two out of six compounds designed by Insilico
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Medicine have been found to be active in cellular assays
against kinase DDR1 (Zhavoronkov et al., 2019). The main
intuition of these generative models is to efficiently rep-
resent all the collected chemical structures in a compact
low dimensional space and sample new drug candidates by
perturbing the hidden values. The outputs of these models
vary from 1D chemical descriptors (e.g. SMILES strings
(Gómez-Bombarelli et al., 2018)), 2D graphs (e.g. trees
(Jin et al., 2018; De Cao & Kipf, 2018) and hyper-graphs
(Kajino, 2019)) to 3D structures (Gebauer et al., 2018; 2019;
Simm et al., 2020).

However, at the molecular level, a small molecule inhibits or
activates particular biological functions only by binding to a
specific protein pocket. It can be expected that drug design
ignoring the target protein pockets could significantly re-
duce the success rate of downstream cell experiments. Only
recently, an increasing amounts of works start to study the
pocket-based drug design. To be more specific, given the
3D binding pocket of the target protein, these models are
aware of the geometric information of the 3D pocket and
generate molecules to bind to the pockets accordingly. Early
approaches modify the pocket-free models by integrating
evaluation functions like docking scores between sampled
molecules and pockets to guide the candidate searching
(Li et al., 2021). Another types of models transform the
3D pocket structures to molecular SMILES strings or 2D
molecular graph (Skalic et al., 2019; Xu et al., 2021) with-
out modeling the interactions between the small molecular
structures and 3D pockets explicitly. Conditional generative
models are developed to model the 3D atomic density distri-
butions within the 3D pocket structures (Masuda et al., 2020;
Luo et al., 2021). The challenging point of this problem
then moves to the efficiency of the structural sampling algo-
rithm from the learned distributions. In addition, previous
models over-emphasize the importance of the 3D locations
of atoms while ignoring the generation of chemical bonds,
which results in unrealistic atomic connections in practice.

In this work, we improve the pocket-based drug design from
the following directions: 1) developing a new deep geomet-
ric neural network to accurately model the 3D structures
of pockets; 2) designing a new sampling strategy to enable
more efficient conditional 3D coordinates sampling; 3) as-
signing the ability of sampling chemical bonds between
a pair of atoms to our model. In particular, we develop
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an E(3)-equivariant generative model, named Pocket2Mol,
leveraging both vector-based neurons and geometric vec-
tor perceptrons (Deng et al., 2021; Jing et al., 2021) as
basic building blocks for learning the chemical and geo-
metric constraints imposed by protein pockets. Our model
jointly predicts frontier atoms, atomic positions, atom types
and chemical bonds with shared atom-level embedding and
samples molecules in an auto-regressive way. Thanks to
the vector-based neurons, the model can directly generate
tractable distributions of the relative atomic coordinates rel-
ative to the focal atoms to avoid using the conventional
MCMC algorithms (Luo et al., 2021). Experiment results
demonstrate that drug candidates sampled by Pocket2Mol
not only show higher binding affinities and drug-likeness
but also contain more realistic sub-structures than the state-
of-the-art models. In addition, Pocket2Mol is much faster
than previous auto-regressive sampling algorithms based on
MCMC.

To summarize, our key contributions include:
• We construct a new E(3)-equivariant neural network

to capture the chemical and geometric constraints im-
posed by the 3D pockets.

• We propose an efficient conditional molecular sam-
pling algorithm , characterizing a novel position gener-
ation strategy and accurate prediction of element types
and chemical bonds.

• Drug-likeness is not enough to quantify whether a drug
candidate is realistic in biology. We propose a new way
to measure whether a unique sub-structure is learned
from data or caused by algorithmic bias.

• Our method could sample drug candidates with much
better properties than those of the state-of-the-art meth-
ods.

2. Related Work
Molecular Generation based on 3D Protein Pockets
Here we only review the molecular generation approaches
involving protein pockets. Skalic et al. (2019) employed
a modified GAN model, named BicycleGAN (Zhu et al.,
2017), to represent molecules in the hidden space from
protein pockets and decode the representations to SMILES
strings using a captioning network. Another representative
work by Xu et al. (2021) designed two structure descriptors
to encode the pocket and generated SMILES using condi-
tional RNN. However, these methods merely generate 1D
SMILES strings or 2D molecular graphs. Although they con-
sidered the 3D structures of pockets, it is not clear whether
the generated compounds based on the form of SMILES
strings or graphs could actually fit the geometric landscape
of pockets ignoring the 3D structures of compounds.

Another thread of works starts to consider the 3D molecular
structures of both pockets and small molecules. Li et al.

(2021) proposed a ligand neural network to generate 3D
molecular structures and leverage Monte Carlo Tree Search
to optimize candidate molecules binding to a specific pocket.
Instead of involving 3D pockets in the training process, the
function of 3D pockets is to evaluate the quality of drug
candidates and guide the generation process.

Recently, multiple end-to-end learning models are proposed
to directly translate 3D pockets to 3D molecular structures
with high specificity. Masuda et al. (2020) proposed a con-
ditional variational autoencoder to encode the 3D pockets
and generate the voxelized atomic densities for sampling the
drug candidates. The model was constructed based on the
3D CNN model which is not equivariant to rotation and hard
to scale to large protein pockets. Luo et al. (2021) designed
another generative model to estimate the probability density
of atom types. The major improvement of this model over
previous methods is to choose graph neural networks (GNN)
as the backbone and introduce the mask-fill schema in the
training process, which enhances the ability to estimate the
rough landscape of the conditional probability. However,
the model also has its own limitations: 1) it models the
atomic densities while ignoring the chemical bonds, which
often leads to unrealistic molecular structures; 2) the sam-
pling algorithm relies on MCMC to explore the 3D space,
which is sub-optimal and inefficient.

Vector Feature-based Equivariant Networks Another
important technique related to our work is the equivari-
ant neural network (Cohen & Welling, 2016; Schütt et al.,
2017a; Weiler et al., 2018; Thomas et al., 2018; Anderson
et al., 2019; Fuchs et al., 2020). It is common to adopt GNN-
based architectures to achieve the global rotation equivari-
ance for 3D objects (Klicpera et al., 2020; Satorras et al.,
2021). However, they require the input and hidden fea-
tures for each layer to be equivariant, which does not fit
the vector features such as side-chain angles of each amino
acid. To address this problem, Deng et al. (2021) proposes
vector neurons which extends 1D scalar neurons to 3D vec-
tors and also defines a set of equivariant operations in the
vector space. Later, Jing et al. (2021) develops the geomet-
ric vector perceptrons to efficiently propagate information
between scalar features and vector features. Schütt et al.
(2021) introduces equivariant message passing for vector
representations using equivariant features. However, they
can only linearly combine 3D vectors to satisfy the rotation
equivariance, in essence, limiting the model’s geometric
expressiveness.

Generation of Atom Positions The prediction of the atom
positions is the key issue in the auto-regressive 3D molecular
generation. A common strategy is to predict the distributions
of distances between the new atoms and all previous atoms
(Gebauer et al., 2018; 2019) and sample from the joint



Pocket2Mol: Ef�cient Molecular Sampling Based on 3D Protein Pockets

distributions. However, the long range distances are hard
to predict, which introduces additional errors in the atom
generation. Another strategy is to build a local spherical
coordinate systems and predict the positions in the local
space (Simm et al., 2020), but the transformation between
Euclidean space and spherical space is inef�cient and not
straightforward.

3. Method

The central idea of Pocket2Mol is to learn a probability
distribution of atom or bond type for each location inside the
pocket based on the atoms that already exist. To learn this
context-speci�c distribution, we adopt the auto-regression
strategy to predict the randomly masked part of the training
drug from the rest of it.

In this section, we �rst introduce the designed generation
procedure in Sec. 3.1 to elicit the modules our model will
include. In Sec. 3.2, we will describe our graph neural
network architecture in details. Speci�cally, we will show
how our model achieve E(3)-equivariance leveraging recent
advances and how the encoder module and predictor mod-
ules are designed. Finally, in Sec. 3.3, we will present the
training objectives, by which the model learns which atoms
are frontiers, where the new atom should be placed and
which element type and bond types should be assigned.

3.1. Generation Procedure

Formally, the protein pocket is represented as a set of atoms
with coordinatesP (pro) = f (a(pro)

i ; r (pro)
i )gN

i =1 , wherea(pro)
i

andr (pro)
i are thei th heavy atom identity and its coordi-

nate respectively, andN is the number of atoms of the
protein pocket. The molecules are sampled in a contin-
uous way. The already generated molecular fragments
with n atoms are denoted as a graph with coordinates
G(mol )

n = f (a(mol)
i ; r (mol)

i ; b (mol)
i )gn

i =1 wherea(mol)
i , r (mol)

i

andb (mol)
i represent thei th heavy atom, its coordinate and

its valence bonds with other atoms, respectively. The model
is denoted as� and the generation process is de�ned as
follows:

G(mol)
n = � (G(mol)

n � 1 ; P (pro) ); n > 1

G(mol)
1 = � (P (pro) );

(1)

For each atom, the generation procedure consists of four
major steps (Fig. 1). First, the model's frontier predictor
f fro will predict the frontier atoms of the current molecular
fragments. The frontiers are de�ned as molecular atoms
that can covalently connect to new atoms. If all atoms are
not frontiers, it indicates the current molecule is complete
and the generation process terminates. Second, the model
samples an atom from the frontier set as the focal atom.

Figure 1.The Generation Procedure of Pocket2Mol. For each
panel, the left part is protein and the right part is the sampled
molecular fragment.

Third, based on the focal atom, the model's position predic-
tor f pos predicts the relative position of the new atom. In
the end, the model's atom element predictorf ele and bond
type predictorf bond will predict the probabilities of the el-
ement types and the bond types with existing atoms and
then sample an element type and valence bonds for the new
atom. In this way, the new atom is successfully added into
the current molecular fragments and the generation process
continues until no frontier atom could be found. Note that
this generation process is different for the �rst atom since
there is no molecular atom to be chosen as the frontier yet.
For the �rst atom, all atoms of the protein pocket are used
to predict the frontiers and here the frontiers are de�ned as
atoms that the new atoms can be generated within 4	A.

3.2. Model Architecture

Based on the generation procedure mentioned above, the
model needs to be composed of four modules: an encoder,
a frontier predictor, a position predictor and an element-
and-bond predictor. Before we illustrate how each compo-
nent is designed separately, we will �rst introduce the E(3)-
Equivariant Neural Network (Sec. 3.2.1), which we applied
as the main architecture to better capture the 3D geometric
attributes of pockets and molecular fragments. Following
the introduced equivariant network, we will present how the
encoder module (Sec. 3.2.2) and predictor modules (Sec.
3.2.3) are constructed.

3.2.1. E(3)-EQUIVARIANT NEURAL NETWORK

It has been shown that representing the vertices and edges
in a 3D graph with both scalar and vector features (Satorras
et al., 2021; Scḧutt et al., 2021) can help boost the expressive
power of the neural network. In our network, all vertices
and edges in protein pocketsP (pro) and molecular fragments
G(mol )

n are associated with both scalar and vector features
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to better capture the 3D geometric information. In the rest
of texts, we use symbols “�” and “! ” overhead to explicitly
denote scalar features and vector features (e.g._x and~x).

We adopt the geometric vector perceptrons (Jing et al., 2021)
and the vector-based neural network (Deng et al., 2021) to
achieve E(3)-equivariance. The geometric vector percep-
trons (GVP) extend standard dense layers and can propa-
gate information between scalar features and vector features
(Jing et al., 2021). We brie�y formulize the original GVP in
the Appendix A for readers who are not familiar with it. The
vector neuron networks expand a set of vanilla neural oper-
ations (e.g. linear layer, activation functions) to the vector
feature space (Deng et al., 2021). In particular, we modify
the original GVP by adding a vector nonlinear activation to
the output vector of the GVP, which is denoted asGper:

( _x0; ~x0) = GVP( _x; ~x)

~x0  VectorNonLinear(~x0)
(2)

where( _x; ~x) could be any pair of scalar-vector features. In
our model, we choose the LeakyReLU nonlinear functions
for both scalar and vector outputs of GVP. In addition, we
de�ne a geometric vector linear (GVL) block denoted as
Glin by dropping the nonlinear activations of both scalar
and vector outputs of GVP. The modi�ed GVP blocksGper

and the GVL blocksGlin are the primary building blocks of
our model, which enables the model to be E(3)-equivariant.
Besides, including vector features is crucial for our model to
directly and accurately predict the atom positions based on
the geometric environments provided by the protein pockets
(details will be described in Sec. 3.2.3).

3.2.2. ENCODER

We represent the protein pockets and molecular fragments
as ak-nearest neighbor (KNN) graph in which vertices are
atoms and each atom is connected to itsk-nearest neighbors.
The input scalar features of protein atoms include the ele-
ment types, the amino acids they belong to and whether they
are backbone or side-chain atoms. The input scalar features
of molecular atoms include the element types, the valence
and the numbers of different chemical bonds. In addition, all
atoms have one more scalar feature indicating whether they
belong to the protein or the molecular fragment. The scalar
edge features include the distances encoded with Gaussian
RBF kernels (Scḧutt et al., 2017b), the bond types and a
boolean variable indicating whether there is a valence on
the edge. The input vector vertex features include the coor-
dinates of atoms, while the vector edge features are the unit
directional vector of the edge in the 3D space.

First, multiple embedding layers are applied to embed
these features as( _v (0)

i ; ~v (0)
i ) for vertices and( _e(0)

ij ;~e(0)
ij ) for

edges. ThenL message passing modulesM l (l = 1 ; : : : ; L )
and update modulesUl (l = 1 ; : : : ; L ) are concatenated

interleavedly to learn the local structure representations:

( _m ( l )
i ; ~m ( l )

i ) =
X

j 2 KNN( i )

M l ( _v ( l � 1)
j ; ~v ( l � 1)

j ; _e( l � 1)
ij ;~e( l � 1)

ij )

( _v ( l )
i ; ~v ( l )

i ) = Ul ( _v ( l � 1)
i ; ~v ( l � 1)

i ; _m ( l )
i ; ~m ( l )

i )

(3)

The message passing module is formulated as:

( _v 0
j ; ~v 0

j ) = Glin( _v ( l � 1)
j ; ~v ( l � 1)

j )

( _e0
ij ;~e0

ij ) = Gper( _e( l � 1)
ij ;~e( l � 1)

ij )

_m 0
j = _v 0

j � _Flin( _e0
ij )

~m 0
j = _F 0

lin( _e0
ij ) � ~v 0

j + _F 00
lin( _v 0

j ) � ~Flin(~e0
ij )

( _m ( l )
j ; ~m ( l )

j ) = G0
per( _m 0

j ; ~m 0
j )

(4)

where� stands for Hadamard product,_Flin and ~Flin denote
the scalar linear layer and the vector neuron linear layer re-
spectively. The GVL blockGlin and GVP blockGper work
like conventional linear layers and perceptrons to transform
both scalar and vector features. The scalar parts of the mes-
sages_m 0

j are the product of scalar features of both vertices
and edges. However, the vector messages~m 0

j cannot be
the product of vector features of vertices and edges because
this violates the equivariant constraints. Instead, the vector
messages are calculated as the summation of vector features
of vertices and edges after the multiplication with scalar
features, which allows the information interaction between
vertices and edges as well as between scalar and vector
features. The update module is formulated as:

( _v ( l � 1)0
i ; ~v ( l � 1)0

i ) = G0
lin( _v ( l � 1)

i ; ~v ( l � 1)
i )

_v ( l )
i = _v ( l � 1)0

i + _m ( l )
i

~v ( l )
i = ~v ( l � 1)0

i + ~m ( l )
i

(5)

which is a simple addition operation to the messages after
going through the GVL block.

3.2.3. PREDICTORS

The encoder functions extract hidden representations
( _v (L )

i ; ~v (L )
i ) capturing the chemical and geometric attributes

of the protein pockets and molecule fragments. These repre-
sentations are used for frontier predictor, position predictor
and element-and-bond predictor (we omit superscriptL in
the following for simplicity).

Frontier Predictor We de�ne a geometric vector MLP
(GV-MLP) as a GVP block followed by a GVL block, de-
noted asGmlp. The frontier predictor takes the features of
atomi as input and utilizes one GV-MLP layer to predict
the probability of being a frontierpfro as follows,

( _p0
fro; ~p0

fro) = G( fro)
mlp ( _v i ; ~v i )

pfro = � ( _p0
fro)

(6)
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where� is the sigmoid activation function.

Position Predictor The position predictor takes as in-
put the features of focal atomi and predict the relative
position of the new atom. Since the vector features are
equivariant in our model, they can be directly used to gen-
erate the relative coordinates� r i towards the focal atom
coordinater i . We build the output of position predictor
as a Gaussian Mixture Model with diagonal covariance
p(� r i ) =

P K
k=1 � (k )

i N (� (k )
i ; � (k )

i ) in which parameters
are predicted by multiple neural networks as follows:

( _v (pos)
i ; ~v (pos)

i ) = G(pos)
mlp ( _v i ; ~v i )

( _� 0
i ; ~� 0

i ) = G( � )
lin ( _v (pos)

i ; ~v (pos)
i )

( _�
0
i ; ~�

0
i ) = G(�)

lin ( _v (pos)
i ; ~v (pos)

i )

( _� 0
i ; ~� 0

i ) = G( � )
lin ( _v (pos)

i ; ~v (pos)
i )

(� i ; � i ; � i ) =
�
~� 0

i ; exp(~�
0
i ); � (sf) ( _� 0

i )
�

(7)

where� (sf) is the softmax function. After processed by GV-
MLP, the mean, covariance and prior probability of Gaussian
components are predicted by three separate GVL blocks.
Since the vector features are equivariant, the vector outputs
of GVL block can directly represent the mean vectors and
covariance vectors.

Element-and-Bond Predictor After predicting the posi-
tion of the new atomi , the element-and-bond predictor will
predict the element type of the new atomi and the valence
bonds between atomi and all the atomsq (8q 2 V (mol ) )
in the existing molecular fragment. Fig. 2 demonstrates
the architecture of the predictor neural network. First, we
collect k-nearest neighbor atomsj 2 KNN(i ) among all
atoms. Then a message passing module (Eq. 4) is utilized
to integrate the local information from neighbor atoms into
the new atomi position as its representation( _v i ; ~v i ), from
which the element type of atomi is predicted.

In a parallel pathway, the representation of edge between
atomi andq, denoted as( _ziq ;~ziq ), is the concatenation
of the features of atomi , the features of atomq and the
processed features of the edgeeiq , followed by a GV-MLP
block, i.e.

_z(0)
iq = [ _v i ; _vq; _e0

iq ]

~z(0)
iq = [ ~v i ; ~vq;~e0

iq ]

( _ziq ;~ziq ) = G(bon)
mlp ( _z(0)

iq ;~z(0)
iq )

(8)

where( _e0
iq ;~e0

iq ) are the input edge features processed by the
edge embedding and one GV-MLP block.

The edge representations are fed into an attention modules
to predict the bond types (we regardno bondas a special

Figure 2.The element-and-bond predictor of the model and the
detailed attention module for bond predictions. The symbolk
stands for concatenation and the symbol� stands for the inner
product operation. The symbolk � k2 represents the norm of
vectors.

bond type). As shown in Fig. 2, the attention module of
Pocket2Mol differs from the conventional attention mod-
ule in two main aspects: First, scalar and vector features
processed by GVL blocks pass through two separate atten-
tion pathways. We choose the canonical attention (Vaswani
et al., 2017) for scalar features. For the vector features, we
propose a new type of attention module de�ned as follows:

aqk = h~z(att)
iq ;~z(att)

ik i F = tr
�
~z(att)

iq � ~z(att)>
ik

�

a0
qk = � (sf) (aqv )

~z0
iq =

X

v2V ( mol)

a0
qv~z

(att)
iv

(9)

where~z(att)
iq ;~z(att)

ik and~z(att)
iv are the queries, keys and values

of vector features, respectively.h; i F is the Frobenius inner
product. The basic rationale of vector-attention module
is to generalize the dot product between queries and keys
to Frobenius inner product. We prove this operation still
keeps the equivariant property in Appendix C. Second, we
add an attention bias to the product of queries and keys,
which is inspired by the triangular self-attention module of
AlphaFold (Jumper et al., 2021), where the attention bias is
designed to capture the geometric constraints. The intuition
here is shown in the right bottom of Fig. 2: the attention
score of the edgeeiq to the edgeeik is also related to the
edgeeqk . For example, if there is a double bond between
atomq andk, it is nearly impossible that atomi can form
valence bond with atomq andk simultaneously.
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3.3. Training

In the training stage, we randomly mask atoms of molecules
and train the model to recover the masked atoms. Speci�-
cally, for each pocket-ligand pair, we sample a mask ratio
from the uniform distributionU[0; 1] and mask correspond-
ing number of molecular atoms. The remaining molecular
atoms that have valence bonds to the masked atoms are
de�ned as frontiers. Then the position predictor and the
element-and-bond predictor try to recover the masked atoms
that have valence bonds to the frontiers by predicting their
positions towards corresponding frontiers, the element types
and the bonds with remaining molecular atoms. If all molec-
ular atoms are masked, the frontiers are de�ned as protein
atoms that have masked atoms within4 	A and the masked
atoms around the frontiers are to be recovered. For the ele-
ment type prediction, similar with (Luo et al., 2021), we add
one more element type representingNothingat the query po-
sition. During the training process, we sample not only the
positions of masked atoms for element type predictions but
also negative positions from the ambient space and assign
their labels asNothing.

The loss of the frontier prediction,L fro, is the binary cross
entropy loss of predicted frontiers. The loss of the position
predictor,L pos, is the negative log likelihood of the masked
atom positions. For the element type and bond type pre-
diction, we used cross entropy losses for the classi�cation,
denoted asL ele andL bond respectively. The overall loss
function is the summation of the above four loss functions:

L = L fro + L pos+ L ele + L bond (10)

We adopt Adam (Kingma & Ba, 2014) optimizer to optimize
the encoder and all three predictors simultaneously.

4. Results

To evaluate the generation performance of Pocket2Mol,
we use the CrossDocked dataset (Francoeur et al., 2020)
which contains 22.5 million protein-molecule structures
and follow the same data preparation and data splitting as
(Luo et al., 2021) and (Masuda et al., 2020). In the test
stage, we randomly sample 100 molecules for each pro-
tein pocket in the test set. We compare Pocket2Mol with
two baseline methods: a CVAE-based model (CVAE) (Ma-
suda et al., 2020) and another auto-regressive generative
model (AR) (Luo et al., 2021).The hyper-parameters
of model architectures and training settings could be
found in Appendix B. The codes are available athttps:
//github.com/pengxingang/Pocket2Mol .

Table 1.The comparison of general properties of the molecules in
the test set and those generated by different methods.

Test
Set

CVAE AR
Pocket2

Mol

Vina Score
(kcal/mol,_)

-7.158
� 2.10

-6.144
� 1.57

-6.215
� 1.54

-7.288
� 2.53

High Af�nity
(^)

-
0.238
� 0.28

0.267
� 0.31

0.542
� 0.32

QED (̂ )
0.484
� 0.21

0.369
� 0.22

0.502
� 0.17

0.563
� 0.16

SA (̂ )
0.732
� 0.14

0.590
� 0.15

0.675
� 0.14

0.765
� 0.13

LogP
0.947
� 2.65

-0.140
� 2.73

0.257
� 2.01

1.586
� 1.82

Lipinski (^)
4.367
� 1.14

4.027
� 1.38

4.787
� 0.50

4.902
� 0.42

Sim. Train (_) -
0.460
� 0.18

0.409
� 0.19

0.376
� 0.22

Diversity (̂ ) -
0.654
� 0.12

0.742
� 0.09

0.688
� 0.14

Time (s,_) - -
19658.56
� 14704

2503.51
� 2207

4.1. Evaluation of general properties of sampled
molecules

In this section, we choose metrics that are widely adopted
to evaluate the properties of the sampled drug candidates
(Polykovskiy et al., 2020): (1)Vina Score estimates the
binding af�nity between the generated molecules and the
protein pockets; (2)High Af�nity is calculated as the per-
centage of pockets whose generated molecules have higher
or equal af�nities to the ones in the test set; (3)QED is
the quantitative estimation of drug-likeness, a value mea-
suring how likely a molecule is a potential candidate for
a drug; (4)SA is the synthetic accessibility score, repre-
senting the dif�culty of drug synthesis (normalized between
0 and 1 and higher values indicate easier synthesis); (5)
LogP represents the octanol-water partition coef�cient, and
in general logP values should be between -0.4 and 5.6 to
be good drug candidates (Ghose et al., 1998); (6)Lipinski
measures how many rules the drug follow the Lipinski's rule
of �ve (Lipinski et al., 1997; Veber et al., 2002), which is
an empirical law of drug-likeness; (7)Sim.Train stands for
the Tanimoto similarity (Bajusz et al., 2015) with the most
similar molecules in the training set; (8)Diversity is calcu-
lated as the average Tanimoto similarities of the generated
molecules for the individual pockets; (9)Time represents
the time cost to generate 100 valid molecules for a pocket.
The Vina Score is calculated by QVina (Alhossary et al.,
2015) and the chemical properties are calculated by RDKit
(Landrum, 2016).
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The mean values of the above metrics are shown in Tab. 1.
In general, Pocket2Mol outperforms the other two meth-
ods. An interesting observation is that the Vina scores of
Pocket2Mol molecules are not only better than other compu-
tational models, but also better than the molecules in the test
set, indicating that Pocket2Mol has the potential to generate
molecules with better af�nities with the pockets. In partic-
ular, Pocket2Mol successfully generates molecules better
than the naturally existing molecules over half of the pock-
ets, almost two-fold higher than the other two approaches.
The drug potentials (QED, SA, LogP and Lipinski) are
also signi�cantly better than the others, which indicates
that molecules generated by Pocket2Mol are more likely
to be a drug candiate. In addition, molecules generated
by Pocket2Mol have achieved lowest similarities than the
molecules in the training set suggesting that Pocket2Mol
does not merely memorize the training data. We also ob-
serve the diversity of Pocket2Mol is lower than another
methods. The diversity metric is commonly adopted to
quantify the quality of molecule generation without consid-
ering the constraints introduced by the protein pockets. For
this pocket-based generation task, a better model capturing
the geometric landscape of pockets should not necessarily
achieve higher diversity because protein pocket is known
to have strong speci�city, which is also part of the reason
why it often takes decades for biochemists to design one
kind of drugs. For instance, for the well-known cancer tar-
get protein EGFR (epidermal growth factor receptor), the
pocket shape is rough and unique and it is hard to believe
that thousands of diverse molecules could �t this pocket
(Robichaux et al., 2021) if considering the chemical and
geometrical attributes of the pocket. Therefore, we do not
think diversity is an important metric for this task as for
many other drug generation tasks. In the end, the generation
time of Pocket2Mol is around ten-fold lower than the AR
model, which bene�ts from the direct generation of atom
positions instead of randomly exploring the large 3D space
using MCMC.

4.2. Sub-structure analysis

During evaluation, we �nd many approaches could achieve
reasonable good performance on conventional metrics such
as binding af�nity and QED but the detailed sub-structures
of their sampled molecules are unrealistic.

Therefore, we �rst visualize the generated molecules and
�nd molecules produced by AR contain numerous distorted
benzene rings and excessive three-atom rings (Fig. 3). The
ring structures composed of three atoms are rare in the
dataset ( 3%), and both previous approaches generate up to
30%of the three-atom ring substructures, which is obviously
caused by algorithm bias. To systematically investigate this
issue, we analyze the ratio of ring-structures with different
sizes in the training set and the molecules generated by dif-

Figure 3.Three examples of generated molecules for pockets. The
three columns represent three different pockets (PDB ids are 14GS,
5I0B and 5D7N respectively.)

ferent approaches. Our hypothesis is that even the chemical
structures of the sampled molecules might be different from
the test set but the distributions of basic function groups
and sub-structures should be maintained, otherwise it would
introduce additional dif�culty for molecular biologists to
understand the biological functions of these molecules.

As shown in Tab. 2, the molecules generated by Pocket2Mol
show more similar ratios of rings of different sizes with the
test set than the other two approaches. In particular, both
CVAE and AR are inclined to generate extra amount of
three-membered rings, which is caused by adding the chem-
ical bonds after the generation of atoms using OpenBabel
(O'Boyle et al., 2011). In contrast, Pocket2Mol produces
more realistic chemical compounds by jointly learning atom
and bond distributions and predicting bonds during the gen-
eration process. Another interesting observation is that,
for the common �ve-membered and six-membered rings,
Pocket2Mol also achieves most similar ratio to the training
and test sets among all three models.

We further evaluate whether the distributions of the bond
angles and dihedral angles of the sampled molecules agree
with the test set by using the Kullback-Leibler (KL) diver-
gence. We �rst �nd out common bond pairs and bond triples
and then use RDKit to calculate the bond angles and the
dihedral angles. We also include the KL divergence between
the validation set and the test set for reference. As shown in
Tab. 3, molecules generated by the Pocket2Mol show much


