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Molecular docking aims to predict possible drug candidates for many diseases, and it is computationally intensive. Particularly, in
simulating the ligand-receptor binding process, the binding pocket of the receptor is divided into subcubes, and when the ligand is
docked into all cubes, there are many molecular docking tasks, which are extremely time-consuming. In this study, we propose a
heterogeneous parallel scheme of molecular docking for the binding process of ligand to receptor to accelerate simulating. The
parallel scheme includes two layers of parallelism, a coarse-grained layer of parallelism implemented in the message-passing
interface (MPI) and a ﬁne-grained layer of parallelism focused on the graphics processing unit (GPU). At the coarse-grain layer of
parallelism, a docking task inside one lattice is assigned to one unique MPI process, and a grouped master-slave mode is used to
allocate and schedule the tasks. Meanwhile, at the ﬁne-gained layer of parallelism, GPU accelerators undertake the computationally intensive computing of scoring functions and related conformation spatial transformations in a single docking task. The
results of the experiments for the ligand-receptor binding process show that on a multicore server with GPUs the parallel program
has achieved a speedup ratio as high as 45 times in ﬂexible docking and as high as 54.5 times in semiﬂexible docking, and on a
distributed memory system, the docking time for ﬂexible docking and that for semiﬂexible docking gradually decrease as the
number of nodes used in the parallel program gradually increases. The scalability of the parallel program is also veriﬁed in multiple
nodes on a distributed memory system and is approximately linear.

1. Introduction
Ligand-receptor molecular docking is a signiﬁcant computational method to study intermolecular interactions and
predict the structure of complex based on the principle of
shape complementarity and property complementarity between ligand and receptor. Molecular docking is mandatory
for the discovery of new drugs [1] because a lot of emerging
diseases demand prompt treatments, such as COVID-19 [2].
Molecular docking always requires massive computing
consumption. In the docking process, computing costs come
from several deciding factors, such as the ﬂexibility of receptor [3] and the number of docking instances. According
to the ﬂexibility of the receptor, molecular docking can be
classiﬁed into two groups, namely, rigid docking and ﬂexible
docking. Rigid molecular docking methods simply regard

the receptor structure as a rigid conﬁguration without the
ﬂexibility of the receptor and are not very accurate in
predicting ligand-receptor binding modes. In contrast,
ﬂexible docking methods allow the dynamic conformational
changes of the receptor during the binding process [4],
which makes the docking simulation process closer to the
real process. Flexible docking is available in many docking
programs, such as AutoDock [5], DOCK [6], AutoDock
Vina [7], GalaxyDock [8], and FITTED [9]. This kind of
method is more accurate than the rigid method. With the
increasing complexity of the receptor, the time of docking
simulation will be signiﬁcantly increased [10]. Meanwhile,
diﬀerent docking applications need variable docking instances. For example, in docking-based virtual screening
[11], each ligand is docked with a particular region (active
site) of a speciﬁc receptor with elucidated 3D structure, and
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with the increase in docking instances, the time expenditure
of the virtual screening is more than that of an active-site
docking. However, the ﬂexibility of the receptor and the
increasing docking instances lead to a more computationally
intensive and ineﬃcient docking simulation, limiting the
role of molecular docking in drug discovery.
To solve the time-consuming challenges of molecular
docking, parallel computing is used to speed up molecular
docking methods. The ﬁrst way is to use a message-passing
interface (MPI) to parallelize docking methods for clusters or multicore servers [12–14], e.g., VinaLC [15] and
Dock6.MPI [16]. VinaLC is an AutoDock Vina parallel
docking program developed with MPI and multithreaded
technology and has been scaled up to more than 15 K
CPUs. Using VinaLC, docking calculations of one million
ﬂexible compounds took only 1.4 hours to ﬁnish.
Dock6.MPI, the parallel version of Dock6, is based on the
traditional master-slave mode of MPI. In this mode, the
master node performs I/O operations and docking task
management, while the slave nodes simultaneously perform independent docking calculations. Dock6.MPI has
been reported to run 27,000 docking tasks on Blue Gene
using 4,096 and 8,192 processors with 8% and 12%
overhead, respectively. Although MPI programming is
suitable for the parallel execution of docking tasks in large
clusters, it requires expensive computing resources.
Utilizing graphics processing unit (GPU) processors is the
second way to accelerate docking applications [17–22].
GeauxDock [23] is a docking program specially developed
for accelerators. It achieves a speedup as high as x 3.5
compared to a serial program [24]. Altuntaş et al. oﬀloaded the most computationally intensive part of any
docking simulation, which is the genetic algorithm, to
accelerators [25]. The GPU-accelerated system achieves a
speedup of around ∼ x 14 with respect to a single CPU
core. Mengran Fan et al. proposed a generalized parallel
strategy using GPU acceleration for the molecular
docking program MedusaDock [26]. The overall performance of the GPU version has increased by about 4 times
[27]. Currently, most GPU-based docking programs use a
GPU processor so that their speedup is usually within 10,
as compared to the serial program. The third way is to use
a batch system with parallel job scheduling. DOVIS2.0
[28] is a docking program based on AutoDock4, which
starts docking tasks in parallel through a batch queue. In a
cluster system with multiple CPUs, DOVIS 2.0 has
achieved a higher speedup. However, this method uses
intermediate ﬁles to transfer data to ensure communication between nodes, which substantially increases the I/
O consumption in the docking process, slows down the
calculation, and limits the maximum number of CPUs
that can be used simultaneously.
Undeniably, only very few scientists use the way of
heterogeneous computing (i.e., MPI and GPU) to accelerate
docking computation, because computing characteristics in
most docking tasks do not ﬁt heterogeneous computing.
Usually, scientists directly use the way of MPI parallelism or
GPU parallelism. However, MPI and GPU can be combined
and used for large-scale computing tasks in many ﬁelds, and
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the MPI-GPU heterogeneous way has been widely used
[29–31]. In computational ﬂuid dynamics, Choi et al. used a
ﬂoating-point compression algorithm to optimize the GPU
memory capacity in the heterogeneous MPI-GPU implementation [32], and Lai et al. developed a heterogeneous
parallel program combining MPI and CUDA for CFD applications on high-performance computing clusters to
greatly improve computational eﬃciency [33]. Komatitsch
et al. used MPI to model high-order ﬁnite-element seismic
wave propagation on the large GPU cluster in physics and
seismology [34]. In machine learning, the heterogeneous
parallel sequence minimization optimization algorithm uses
GPU to implement binary classiﬁers and MPI to solve
multiclass on the “one-against-one” method [35]. In summary, the heterogeneous parallelism of MPI-GPU has been
applied in many ﬁelds, and it is a potential way to accelerate
molecular docking simulation.
In this study, we propose a heterogeneous parallel
scheme of molecular docking for the ligand-receptor
binding process. The ligand-receptor binding process,
developed by Bai et al. [36], aims at a rigorous and precise
binding free energy landscape. To simulate the ligandreceptor binding process, the binding pocket of the receptor is divided into subcubes (lattices), the ligand is
docked into each lattice, and the binding conﬁgurations
are obtained inside the lattice. The whole docking-based
simulated ligand-receptor binding process is demonstrated in Figure 1. There are a large number of molecular
docking tasks in the binding process, which is extremely
time-consuming. Fortunately, this kind of computing can
ﬁt heterogeneous parallel computing. Based on MPIGPU, the proposed heterogeneous parallel scheme includes two layers of parallelism, namely, a coarse-grain
layer and a ﬁne-grain layer of parallelism. At the coarsegrain layer of parallelism, a docking task for one lattice is
assigned to one unique MPI process, and a grouped
master-slave mode is used to allocate and schedule these
tasks. Meanwhile, at the ﬁne-gained layer of parallelism,
GPU accelerators undertake the computationally intensive computing of scoring functions and related conformation spatial transformations in one single docking task,
and the CPU takes the rest. Brieﬂy, our main contribution
to this study is to provide a heterogeneous parallel
scheme, which combines both MPI and GPU to accelerate
molecular docking for the ligand-receptor binding process. This is the ﬁrst attempt for parallelization of molecular docking for ligand-receptor binding process based
on heterogeneous computing, which includes both CPUend parallelism and GPU-end parallelism, and the experimental results of the parallel scheme prove its feasibility from the docking acceleration and scalability.
The remainder of this study is organized as follows:
Section 2 brieﬂy describes the molecular docking for the
ligand-receptor binding process, proposes the parallel
scheme for the ligand-receptor binding process, and introduces the implementation details of the parallel scheme.
Section 3 describes the experimental results obtained by
using the parallel programs that are introduced. Finally,
conclusions and future works are given in Section 4.
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Figure 1: Docking-based ligand-receptor binding process. (a) A lattice model is constructed for the β2AR by dividing the large cubic box
surrounding the protein into many small cubic boxes (lattices). The color of small lattices is pink. (b) Blue stick represents the possible
ligand-binding pathway addressed by using the Voronoi mesh-based MOLE [37] algorithm. We pick out lattices that enclose the possible
binding pockets and the ligands entering and leaving paths. Each lattice (gray lattice) represents a docking task. (c) The stick represents the
ligand. Ligand is in the binding pocket of protein.

2. Materials and Methods
2.1. Molecular Docking for Ligand-Receptor Binding Process.
The objective of molecular docking for the ligand-receptor
binding process is to construct a rigorous and precise binding
free energy landscape and further to estimate both the binding
aﬃnity and the binding kinetics. In molecular docking for
ligand-receptor binding process, we divide the binding pocket
of the receptor into subcubes (lattices), pick out the lattices
that enclose the possible binding pockets and the ligands
entering and leaving paths, and ﬁx the ligand into each selected lattice using a unique docking program iFitDock.
iFitDock is used for binding conﬁguration sampling in
each selected lattice. To achieve a complete ﬂexible docking,
iFitDock provides two docking modules, namely, semiﬂexible docking and ﬂexible docking, and one real docking
consists of two docking steps, namely, a ﬂexible docking and
a following semiﬂexible docking. In the ﬂexible docking of
iFitDock, the ﬂexibility of the receptor is considered, and it
allows the conformational free change of both ligand and
receptor. In the semiﬂexible docking, the ﬂexibility of the
ligand is considered and the receptor is regarded as a rigid
structure. Here, iFitDock introduces the multiobjective
genetic algorithm NSGA-II [38] for conformation searching,
and it uses molecular mechanics generalized Born surface
area (MM-GBSA) [39, 40] binding free energy for conformation evaluation. The energy function in iFitDock, as
shown in equation (1), is a weighted sum of terms representing van der Waals, electrostatic, and desolvation
contributions.
ΔE � w1 ΔEv dw + w2 ΔEes + w3 ΔEgb + w4 ΔEsa .

(1)

Due to diﬀerent ﬂexibilities in the semiﬂexible docking
module and ﬂexible docking module, conformation evaluation in each module is diﬀerent.
In a ﬂexible docking module, the conformation evaluation contains conformation spatial transformations and
three objective functions. In particular, conformation spatial

transformations include ligand’s entire rotation and translation, rotation of ligand’s rotatable bond, and rotation of
residue’s rotatable bond. The three objective functions are
shown as follows:
f1 (x) � ΔGL

intra

� ΔEv dv

+ ΔGfR

L + ΔEes

intra
L

+ ΔEv dv

fR

+ ΔEes

f2 (x) � ΔGinter_L−fR + ΔGinter_L−rR
� ΔEv dv L−fR + ΔEes L−fR
+ ΔEv dv

L−rR

+ ΔEes

rR−fR

+ ΔEes

(2)

(3)

L−rR ,

f3 (x) � ΔGinter_rR−fR
� ΔEv dv

fR ,

(4)

rR−fR .

In equations (3) and (4), “L” represents the small
molecule, “fR” and “rR” represent the ﬂexible residues of the
protein and the rigid parts of the protein, respectively. f1(x)
represents the sum of the internal energies of small molecules and ﬂexible residues. f2(x) represents the interaction
energy between small molecule and protein (the ﬂexible
residues and the rigid part). f3(x) represents the interaction
energy between the ﬂexible residues and the rigid part.
In the semiﬂexible docking, the conformation evaluation
contains similar conformation spatial transformations and
two objective functions. Here, conformation spatial transformations only include the entire rotation and translation
of the ligand and the rotation of rotatable bonds of the ligand. The two objective functions are shown as follows:
f1 (x) � ΔGL

intra

� ΔEv dv

L

+ ΔEes L ,

f2 (x) � ΔGinter

L−R

� ΔEv dv

L−R

+ ΔEes

L−R .

(5)

(6)
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In equations (5) and (6), “L” and “R” represent the small
molecule and the protein, respectively. f1(x) represents the
internal energy of the small molecule, and f2(x) represents
the energy of interaction between the small molecule and the
protein.
The detailed ﬂowchart of iFitDock is illustrated in
Figure 2.
Taking the iFitDock into consideration, the detailed
steps of molecular docking for the ligand-receptor binding
process are described as follows:
(1) The receptor structure is analyzed, and the possible
binding pockets or gorges for the ligand entering or
leaving from the active site are addressed.
(2) A lattice model for the receptor protein is constructed by dividing the large cubic box surrounding
the protein into many small cubic boxes (lattices),
and N lattices are picked out, which enclose the
possible binding pockets and the ligands entering
and leaving paths.
(3) n candidate conformations of the protein are generated by performing the ﬂexible docking module of
iFitDock for all selected lattices.
(4) A corresponding lattice model is constructed for
each candidate conformation by dividing the large
cubic box surrounding the candidate conformation
into many lattices, and M lattices are picked out that
enclose the possible binding pockets and the ligands
entering and leaving paths.
(5) n ∗ M ligand-receptor binding conﬁgurations are
generated by performing the semiﬂexible docking
module of iFitDock for the selected lattices obtained
in step (4).
In step (3) and step (5) of molecular docking for the
ligand-receptor binding process, the ﬂexible docking
module and the semiﬂexible docking module are called
multiple times in diﬀerent lattices. Although each of the
docking instances is relatively independent, the entire
molecular docking is extremely time-consuming.
2.2. Parallelism Scheme. To accelerate molecular docking for
the ligand-receptor binding process, parallelization of multiple time-consuming docking instances is a regular and efﬁcient way. Considering that there are many involved docking
instances and the intensive computing consumption of one
docking instance is expensive, a heterogeneous MPI-GPU
parallel scheme is used to accelerate the simulation. On one
hand, MPI can support both shared memory and distributed
memory systems with better scalability, so we choose MPI to
perform multiple docking instances. On the other hand, as for
one docking instance, we try to map the most computationally intensive part of the serial program to the GPU
accelerators. In one word, our MPI-GPU heterogeneous
parallelism scheme is constructed in two layers of parallelism:
(a) At the coarse-grain layer of parallelism, a docking
computation is taken, which is in one lattice as a
parallel allocation unit, and each allocation unit is

assigned to one process using a grouped master-slave
scheduling strategy;
(b) At the ﬁne-grain layer of parallelism, the computationally intensive parts are oﬄoaded to GPU and
the rest of the program is kept on CPU.
In the coarse-grain layer of parallelism, MPI computation is chosen as the implementation technology because it
can be widely used in clusters and also can be used in a
shared memory computer or even a multicore computer.
Master-slave parallel strategy is used for task assignment
and data transfer in coarse-grain parallelization. In the
traditional MPI master-slave mode, the master process
performs control and the slave processes perform computation. The task of the master process is to initialize all
processes and distribute the calculation tasks to the slave
processes; the slave processes ﬁnish the calculation tasks
according to the requirements of the master process and
return the ﬁnal obtained results to the master process.
However, when there are a large number of slave processes,
the master process suﬀers from the heavy communication
cost among itself and the slaves, and it becomes a bottleneck.
Hence, a grouped master-slave mode of MPI is taken and
used to mainly alleviate the heavy communication overhead.
First, all processes are divided into multiple groups by
grouped parameters, and then, the simple master-slave
mode is adopted within one group. To balance workloads for
diﬀerent groups, a uniform block partition policy is taken to
allocate processes to groups. This kind of parallelization can
reduce communication time overhead and greatly improve
parallel eﬃciency.
At the ﬁne-grain layer of parallelism, the computationally intensive part(s) of the docking task in one lattice is
oﬄoaded to GPU. To identify which parts are computationally intensive in a docking task, we ﬁrst analyze the time
expenditures for serial iFitDock. Here, two diﬀerent experiments of iFitDock are investigated to get the actual time
statistics. In a semiﬂexible docking experiment, the docking
of the protein carboxypeptidase A (1CPS) is taken as an
example, while in the ﬂexible docking experiment, the
docking of the estrogen receptor α (3DT3) is tested. Considering that the NSGA-II algorithm is a heuristic algorithm,
the time consumptions have slight deviations among repeated experiments, and all the recorded values are the
average of repeated 10 experiments. In this study, the parameters of NSGA-II for all apartments are set as follows: the
population size is set to 3,000, the value of crossover
probability is set to 0.9, the value of mutation probability is
set to 0.3, and the evolution generation is set to 600.
According to the functions of the program, both the
semiﬂexible docking module and ﬂexible docking module of
the iFitDock program can be divided into ﬁve submodules,
and their time expenditures in semiﬂexible docking and
those in ﬂexible docking are, respectively, shown in Tables 1
and 2. As can be seen from Tables 1 and 2, both the most
time-consuming parts are the objective functions in both
docking modules and their time ratio reaches up to 75.58%
and 90.6%, respectively, due to the complex computing
process of free binding energy. Moreover, the time
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Figure 2: Docking ﬂowchart of iFitDock.
Table 1: Time elapsed for diﬀerent modules of the semiﬂexible experiment in iFitDock.
Submodule
IO
Crossover, mutation, selection, and nondominated sorting
Rotation and translation of ligand
Calculation of objective functions
Total time

Time (seconds)
4.2
298
345
1999
2646.2

Proportion of total time (%)
0.16
11.26
13
75.58
100

This table lists the elapsed time, and the most time-consuming part is the calculation of objective functions.

Table 2: Time elapsed for diﬀerent modules of the ﬂexible experiment in iFitDock.
Module
IO
Crossover, mutation, selection, and nondominated sorting
Rotation and translation of ligand, and rotation of residues
Calculation of objective functions
Total time

Time (seconds)
1462
276
2169
37323
41230

Proportion of total time (%)
3.5
0.7
5.2
90.6
100

This table lists the elapsed time, and the most time-consuming part is the calculation of objective functions.

expenditures of the rotation and translation in both dockings, which belong to the conformation searching, take the
second palace in time expenditures.
According to the above statistics, it is promising to
oﬄoad the computation of scoring functions and related
conformation spatial transformation to GPU. Since objective functions and conformational transformation are
computed in each individual of the population within
NSGA-II and are not related to other individuals, it is
practical to make them separately calculated in the GPU
threads.
The ﬁnal MPI-GPU parallel scheme is shown in Figure 3.

2.3. Computational Details. In this section, the speciﬁc
computational details of the above parallel scheme are described. A carefully designed MPI + GPU heterogeneous
parallel program has been developed based on the above
parallel scheme.
In the coarse-grained layer of parallelization, there are
two main issues in the implementation: (1) processes
grouped and task assignment and (2) communication
among the processes.
The grouped master-slave mode of MPI is applied to this
work. Supposing the number of processes is n and the
grouped parameter is g, all MPI processes should be divided
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Task m*n

Task m+1

Task m*n
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Figure 3: MPI-GPU parallel scheme. Here, the uppermost part is from Figure 1.

into g groups. The number of processes p g in a group is
computed as follows:
n
pg � ⌈ ⌉.
(7)
g
In this policy, the master process is ranked from 0 to
g − 1, and the slave processes are ranked from g to n − 1.
However, all docking tasks are assigned to a speciﬁc
process group. A block partition policy is taken to allocate
tasks to a process group. If the amount of all tasks is m, the
number of tasks t g in a group is computed as follows:
m
tg � ⌈ ⌉.
(8)
g
In each group, the master takes charge of task assignments, and there is a lot of communication among the

processes in the group. There are two statuses, namely, active
phase and end phase, in a single group as illustrated in
Figure 4. When all processes are started, the group steps into
the active phases. In the active phase, free slave processes
send the values of their ranks to the master process, and the
master receives the messages from any free slave process by
setting the data source parameter to MPI_ANY_SOURCE.
When the master has received the messages and there are
unassigned docking tasks, the master assigns an unassigned
docking task to a free slave process by sending a task status
“true” to the slave process. Later, the master process reads
the ﬁle information required for docking in the form of a
character stream and sends this ﬁle information to the slave
process in the form of another MPI message. When the slave
process has received the data transferred by the master
process, it performs the docking task. After the docking is
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Master Process
MPI_Init()

Slave Process
MPI_Init()

count = 0;Njob = N;slaveNum = S
MPI_Recv (&freeProc,any_source,...)

MPI_Send (&rank,master,...)

count<Njob;jobFlag = true;
MPI_Send (&jobﬂag,freeSlave,...)

MPI_Recv (&jobﬂag,master,...)

count++;

If (!jobFlag) break;

MPI_Send (&inpData,freeSlave,...)

MPI_Recv (&inpData,master,...)
DockJob (inputdata,putDate)

MPI_Recv (&outData,any_source,...)

MPI_Send (&outData,master,...)

MPI_Recv (&freeProc,any_source,...)
count> = Njob;jobFlag = false;
MPI_Send (&freeProc,jobﬂag,...)
slaveNum--;if (slaveNum == 0)
MPI_Finalize()

MPI_Finalize()

Figure 4: Implementation of master-slave mode in a single group. MPI calls are paired by boxes of the same color and connected by arrows.
count is the number of docking tasks that have been completed. Njob is the number of docking tasks. jobFlag represents the task status, that is,
whether there are undistributed tasks. slaveNum is the number of slave processes in a group. slaveNum equals pg in equation (6).

completed, the slave process sends its output data and free
state to the master process so that the master process can
continue to assign tasks. If there are still unassigned tasks,
the master process will continue to assign tasks to the free
slave processes; otherwise, the master process will notify all
free slave processes to enter the end phase by sending a task
status “false,” to gradually reduce the number of active
processes. When the number of active slave processes becomes zero, the master process also enters the end phase. In
the end phase, the master process or slave process will call
MPI_Finalize() to release resources and end the MPI environment. In implementing such a master-slave MPI
scheme in a single group, the master process is in charge of
job dispatching and transferring of input ﬁles, while the slave
processes are kept busy performing individual docking tasks
until all the tasks are ﬁnished and return output ﬁles. The
communications including ﬁle transferring and notiﬁcation
messages are all accomplished by a pair of simple MPI send/
receive calls.
At the ﬁne-grain layer of parallelism, the GPU parallel
scheme is based on CUDA programming to perform
docking calculations in each slave process. The computationally intensive part(s) of the docking task in one lattice are
oﬄoaded to GPU. In molecular docking for ligand-receptor
binding process, although the semiﬂexible docking module
and the ﬂexible docking module deal with the receptor in
diﬀerent ways, they have similar computational processes.
Here, we take the CPU-GPU heterogeneous computing
for ﬂexible docking as an example to illustrate the

computational process. Figure 5 shows CPU-GPU parallel
implementation of one iteration process in ﬂexible docking
for one lattice. The CPU-GPU program consists of three
parts, namely, the program in CPU, the program in GPU,
and the exchanging of data, between CPU and GPU. The
CPU program not only deals with input data and output data
but also handles several steps of the NSGA-II including
crossover, mutation, merging, sorting, and updating the elite
archive ﬁle. In addition, the CPU program also handles the
accumulation of objective functions. The exchange data
between CPU and GPU mainly include the spatial coordinate values of all atoms, energy lattice values, the van der
Waals energy, and electrostatic potential energy between
atoms. The program in GPU includes two parts: conformation spatial transformations and three objective
functions.
In an iteration of NSGA-II in ﬂexible docking, the
program in the CPU ﬁrst performs the crossover and mutation of the genetic algorithm and transfers the data of the
spatial coordinate values of all atoms and grid energy values
to the GPU device through the PCIe bus.
After the data have been copied into GPU, the program
in GPU computes the three-dimensional transformation of
the entire molecule and three-dimensional transformation
around rotatable bonds of atoms. The kernel function of
these two rotation transformations deﬁnes a grid that
contains (3 ∗ atom number ∗ population size) threads.
Thus, each thread can compute 3 coordinate values of an
atom in each individual. Subsequently, the coordinate values
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The rest of NSGAII

Figure 5: CPU-GPU parallel implementation of one iteration process in ﬂexible docking for one lattice.

are backed up to the CPU side. The rotations of the ligand’s
rotational bonds and residue’s rotational bonds are calculated in the same way.
Before calculating the objective function, the program in
GPU determines the energy grid boundary. After the grid
boundary is sent to the CPU, the program in the CPU ﬁlters
out the atoms, which are out of the boundary or in the
benzene ring and other rings. Then, the data of the atoms
involved in the computation are copied into the GPU.
Afterward, the program steps into the computation of
the three objective functions. These objective functions are
f1(x) in equation (2), f2(x) in equation (3), and f3(x) in
equation (2), respectively. The program in GPU similarly
computes all energies, and the CPU program is in charge of
the sum of the energies of the same kind.
Here, the interaction energy between the ﬂexible residues and the ligand, i.e., ΔGinter L−fR in equation (3), is used
to illustrate its parallelization in GPU. In computing the
interaction energy, because one atom of the ligand and one
atom belonging to the residues must interact with each
other, the two atoms are considered as an atom pair and the
interaction energy is the summation of each interaction
energy between one atom pair. The kernel function of GPU
sets the number of threads to the number of atom pairs, so
each thread can compute the energy of each individual’s
atom pair. All threads can be organized into a three-dimensional structure, with the number of threads in each
block set to (8 ∗ 8 ∗ 8) and the number of the grid set to
((population size ∗ ligand’s atomic number ∗ residue’s
atomic number)/(8 ∗ 8 ∗ 8)). The CPU program calculates

the cumulative sum of the interaction energies after all
interaction energies are computed in the same way.
All objective functions are similarly computed.
Finally, the program in the CPU performs the remaining
steps of NSGA-II. Then, the iteration is ﬁnished.
Similarly, the GPU-based parallel implementation of
semiﬂexible docking is similar to ﬂexible docking. Although
our preliminary work [41] has given some details about
GPU-based parallelization of semiﬂexible docking for iFitDock, the current implementation has already improved and
optimized the semiﬂexible docking in terms of performance.
Moreover, it has also parallelized the ﬂexible docking of
iFitDock.

3. Results and Discussion
The parallel program is developed in C++, CUDA, and MPI
under Linux operating system.
Ideally, for an MPI + GPU program and the experiments,
it is better to test the program on a multinode server cluster
where each node is with a GPU or several GPUs. However,
instead of the above server cluster, regular users can have a
better chance to access two typical HPC environments: a
multicore server with GPUs and a multinode supercomputing environment without GPU. Here, such two
typical environments are chosen as experimental
environments:
(Multicore processor & GPUs system 1) A Linux (Red
Hat 5.8) system with an Intel Xeon E5-2650 CPU processor
with 8 cores and 4 Nvidia Tesla M2090 graphic cards.
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(Virtual distributed memory system 1) A Linux (Red
Hat 4.8.5–44) system with an Intel Xeon(R) Gold 6266C
CPU processor, 16 physical cores, and 32 logical cores. The
system uses Docker virtualization technology, and each
Docker container is considered as a node.
Multicore processor & GPUs system 1 has a processor
with 8 cores and 4 GPUs, and testing experiments can
evaluate the whole MPI + GPU program when each core
handles one MPI process. However, Virtual distributed
memory system 1 does not include any GPU, so the ﬁnegrain layer of parallelism, i.e., the GPU module of the
program, does not work, and the testing experiments only
evaluate the MPI module of the program.
Considering that conformational changes during the
ligand-receptor binding process greatly aﬀect the docking
eﬀect, 6 compounds were selected for ﬂexible docking experiments and all compounds have larger conformational
changes of residues during the binding process, while 10
compounds were taken for semiﬂexible docking experiments and all compounds have larger conformational
changes of ligands during the binding process. All compound ﬁles of crystal structure for the experiments were
downloaded from the RCSB database (https://www.rcsb.
org).
File preparation of the ﬂexible docking experiments and
that of the semiﬂexible docking experiments is described in
Supplementary Materials. In the Materials, Supplementary
Table 1 illustrates the selection of ﬂexible residues of 6
compounds and the number of atoms and rotatable bonds of
each input (ligand, receptor, and ﬂexible residues), the
Supplementary Figure 1 illustrates the process of preparing
ﬁles for the β2 adrenergic receptor (β2AR) in the ﬂexible
docking experiment, and the Supplementary Figure 2 illustrates the process of preparing ﬁles for the carboxypeptidase A (1CPS) in the semiﬂexible docking experiment.
3.1. Docking Speedup on the Multicore Server with GPUs.
To obtain the speedup ratio of the parallel program, the
parallel program and the serial program are tested on a
Multicore processor & GPUs system 1. We have picked 50
lattices that enclose the possible binding pockets and the
ligands entering and leaving paths for experiments. The
running time of the parallel program and serial program,
and the speedup ratios obtained by parallel programs in
simulation experiments are shown in Figure 6.
In the ﬂexible docking experiments, as shown in
Figure 6(a), the compound with the best performance is
PPAR-β, and the parallel program achieves a speedup ratio
as high as 45 times. However, the compound with the worst
performance ratio is PPAR-α, and the parallel program
achieves a speedup ratio as high as 28 times. Here, the
running time and the speedup ratio for a compound are
mainly determined by the number of all atoms in the ﬂexible
residues of the protein. In diﬀerent compounds, the number
of all atoms in the ﬂexible residues varies due to several
factors such as the width and the position of the protein
tunnel, and it determines the computing time of the objective functions and furthers the whole running time.

9
In semiﬂexible docking experiments, as shown in
Figure 6(b), the compound with the best performance is 1DR1,
and the parallel program achieves a speedup ratio as high as 54.5
times. Meanwhile, the compound with the worst performance is
1DID, and the parallel program achieves a speedup ratio as high
as 17.5 times. Here, the running time and the speedup ratio for a
compound are mainly determined by the number of all atoms
and the number of all rotational bonds in the ligand. The ligand
of 1DR1 has much more atoms and rotational bonds than the
ligand of 1DID, which results in a longer docking calculation
time. In the semiﬂexible experiment, the number of atoms in the
ligand becomes a more important factor that determines the
computing time of the objective functions.
The results of the experiments for the ligand-receptor
binding process on the Multicore processor & GPUs system 1
demonstrate the speedup ratio of the parallel program, with
achieved a speedup ratio as high as 45 times in ﬂexible
docking and as high as 54.5 times in semiﬂexible docking,
and it indicates that the speedup eﬀect of the parallel program is productive.
3.2. Docking Speedup on the Distributed Memory System.
To obtain the speedup of the parallel program, the parallel
program and the serial program are also tested on Virtual
distributed memory system 1. We have picked 150 lattices
that enclose the possible binding pockets and the ligand
entering and leaving paths for experiments on the distributed memory system.
The docking times of the ﬂexible experiment and those of
the semiﬂexible docking experiments on the distributed
system are shown in Figure 7. The docking time for ﬂexible
docking is much greater than the docking time for semiﬂexible docking.
According to the grouped strategy, when the parallel
program is running on the distributed system (32 logical
nodes), all nodes are organized into groups “1” and “2,” respectively, to verify the validation of grouped master-slave
mode. Here, two compounds, namely, 1 cps and 1did, are used
for semiﬂexible experiments, and another two compounds,
namely, β2AR and PPAR-α, are used for ﬂexible experiments.
As shown in Figure 8, the parallel program is running on 32
nodes, the docking time of all compounds with “2” groups is
shorter than the “1” group on the distributed system. The
reason is that 2 master processes alleviate communication
blocking. In the “1” group, the only master process suﬀers from
the heavy communication cost among itself and the slaves, and
it becomes a bottleneck when the number of slave processes is
31 (32 minus the master). In “2” groups, two master nodes
allocate docking tasks and receive results, although the number
of slave processes is 30 (32 minus two masters).
The results of the experiments for the ligand-receptor
binding process on a distributed memory system reﬂect the
speedup trend of the parallel program, which indicates the
docking time for ﬂexible docking and that for semiﬂexible
docking gradually decreases as the number of nodes used in
the parallel program gradually increases. Furthermore, the
result of grouped experiments demonstrates the eﬀectiveness of the grouped strategy.
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Figure 6: The running time of the parallel program and serial program (in minutes), and the speedup ratios obtained by parallel programs in
simulation experiments. The bar chart indicates the running time of the serial program and parallel program, and the line graph represents
the speedup ratios obtained by the parallel program in the simulation experiment. (a) Results of ﬂexible docking experiments. (b) Results of
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6000
5084.1

5000
3831.29

4000
3237.04

3156.57

2835.14

3000
2000
1000
0

2346.5
1454.32
704.2
3D4S

1578.28
775.3
3DT3

1397.86

1688.35
802.78

660.4
3ET1

2456.66

3DY6

4 nodes
8 nodes
16 nodes
(a)

Figure 7: Continued.

1089.45

1263.42
589.6

2Q61

3EJ5

Scientiﬁc Programming

11

700
604.61

600

502.93

500
408.43

400
293.67

284.14

300
200

436.28

185.35

219.85
108.38
51.3

92.67
43.25

100
0

1cps

1dbb

142.07 116.1
57.2
66.3
27.1
1dbk

1did

141.77

1dr1

248.57

201.3
95.3
1dwc

124.2
58
1eap

247.92 268.28

218.14
101.8
1ela

117.35 134.14
62.6
1elc

1ele

4 nodes
8 nodes
16 nodes
(b)
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3.3. Scalability on the Distributed Memory System. To prove
the scalability of the parallel program, scalability experiments are tested on a Virtual distributed memory system 1.
Considering the number of the physical cores of the distributed system is 16, the parallel programs, respectively, run
on 4, 8, and 16 nodes to get results. Here, 1did is used for the
semiﬂexible scalability experiment, and β2AR is for the
ﬂexible scalability experiment.
Considering that the docking calculations within each
lattice are independent of each other, and the exchange of
data between the MPI master and slave processes only takes
place at the beginning and end of the docking, the scalability
of the parallel program should be linear. When the parallel
program is running on 4, 8, and 16 nodes, the speedup upper
bounds should be 4, 8, and 16, respectively. The actual
speedup ratios are shown in Figure 9, and all ratios are close
to the corresponding speedup upper bounds. The results
have proved that the scalability of the parallel program is
approximately linear.

4. Conclusions
In this study, we have introduced a heterogeneous parallel
scheme of molecular docking for the ligand-receptor
binding process. By using MPI and GPU, we construct a
two-layer parallelism framework and develop a corresponding parallel program. The results of the experiments
for the ligand-receptor binding process show that on a
multicore server with GPUs the parallel program has
achieved a speedup ratio as high as 45 times in ﬂexible
docking and as high as 54.5 times in semiﬂexible docking,
and on a distributed memory system the docking time for
ﬂexible docking and that for semiﬂexible docking gradually
decreases as the number of nodes used in the parallel
program gradually increases. The scalability of the parallel
program is also veriﬁed in multiple nodes on a distributed
memory system and is approximately linear. The parallel
program provides strong support for the construction of a
rigorous and accurate binding free energy landscape, and
further estimation of binding aﬃnity and binding kinetics.
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