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Abstract

The paper presents the application of the Bees Algorithm to solve the A P-hard optimi-
sation problem related to the Belt Conveyor Systems. For this purpose, the mathematical
model for a real-life example of the Belt Conveyor Production System (BCPS) was de-
fined. Creating the multi-swarm Bees Algorithm for solving this optimisation problem
on a CUDA platform within the accepted time for real production systems, and analyzing
the impact of control parameters on the algorithm’s performance are the main objectives
of our study. Moreover, the impact of the different block and grid sizes was checked. To
ensure comparability of the results, extensive tests have been carried out using the multi-
swarm version designed for the GPU and the mono-swarm version designed for the CPU
platform. The results show that the proposed multi-swarm Bees Algorithm algorithm for
the CUDA platform gives considerable acceleration of the calculations, but often requires
the larger size of the neighbourhood.

Keywords: CUDA, quadratic assignment problem, multi-swarm bees algorithm, Belt

Conveyor Production System (BCPS)

1 Introduction

The rapid development of science and technol-
ogy requires constantly increasing computational
resources. It is due to the size and complication of
the solved problems which in most cases are AP or
even N P-hard ones. To find an acceptable solution
to these problems, new approximation algorithms
are proposed and new high computational power so-
lutions are used.

In this paper a parallel version of the approx-
imation algorithm on CUDA platform for optimi-
sation of the Belt Conveyor Production System

(BCPS), based on a nature inspired bees algorithm,
was proposed and tested.

Conveyor systems help in quick, safe and effi-
cient moving of a wide variety of materials. This is
the reason why conveyors are very popular equip-
ment in several industries. There exist some vari-
ous types of the belt conveyors used in different in-
dustries such as automotive, electronic, aerospace,
chemical, computer, pharmaceutical and many oth-
ers.

One or more parallel conveyor belts can be used
to move the equipment parts between workstations
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in industrial production systems, where they are
processed. As it should be done efficiently, the opti-
misation problem can be described as a job schedul-
ing problem. Job scheduling can be defined as the
assignment of resources to tasks over time in the
context of a predefined optimisation criterion. In in-
dustrial implementation, the resources and tasks are
usually referred to as machines and jobs. The most
common criterion is the completion time of jobs is
called makespan. The job scheduling problem has
been widely researched since the 1950’s.

A flow shop problem is one of the models of
the job scheduling on dedicated machines. In this
problem all jobs are processed on all machines in
the same order and each job has one operation on
each machine with the known processing time. Op-
erations belonging to the same task can not be ex-
ecuted in parallel. A special type of the flow shop
problem is the permutation flow shop scheduling, in
which all jobs have the same execution sequence on
all machines.

The paper focuses on the real life type of the
job shop scheduling problem which appears in the
Belt Conveyor Production System. The considered
BCPS system includes a conveyor which moves
materials or parts of equipment between worksta-
tions, where they are processed or combined (Fig-
ure 1). In this case the BCPS system worksta-
tions are distributed around the orbital conveyor
which acts as the internal, dynamic warehouse of
a production system. The discussed example of the
BCPS system can be modelled as the the N P-hard
discrete optimisation problem.

The Bees Algorithm (BA), which is presented
in this paper, is an optimisation method, inspired
by the observation of bees’ behaviour. The idea
behind this paper is to focus on the research into
implementation of the Bees Algorithm on the GPU
platform for solving A P-hard problems, which ap-
pear in the BCPS systems. This platform allows de-
velopers to accelerate applications by using compu-
tational power of multicore graphic cards and pro-
cessors. Moreover, the motivation for this work was
to check how the capabilities offered by popular
GPUgs, with the cost under 1003, can be exploited to
accelerate hard optimisation tasks in industrial ap-
plications requiring high computational power and
tailored to the real life production systems. Ad-
ditionally, we wanted to examine if there exists a

difference between the results obtained by multi—
swarm and the results obtained by mono—swarm
version of the BA algorithm. The last but not least
aim of the presented research was the examination
of how the control parameters of the algorithm and
the GPU platform affect optimisation results.

In this paper the following main contributions
are made: firstly, the mathematical model of a real
production system based on the BCPS system is
presented. Secondly, a general framework of the
BA algorithm is discussed and the Multi-Swarm
Bees Algorithm (MSBA) - the parallel implemen-
tation of the BA algorithm on CUDA platform is
defined. Thirdly, the optimisation results for differ-
ent algorithm control parameters are presented and
discussed.

The paper is organized as follows. Section 2 de-
fines the optimisation problem, and Section 3 refers
to the related works on approximation algorithm
for the permutation problems. Section 4 describes
the BA algorithm for the BCPS system. Section 5
shortly describes the CUDA platform. It is followed
by Section 6 which presents the MSBA algorithm,
the parallel multi-swarm implementation of the BA
algorithm with CUDA. Experiments performed and
their results are presented in Section 7. Section 8
provides concluding remarks. The tests were per-
formed on the basis of the test instances for the
N P-hard permutation problems from the QAPLIB
library [5].

2 Belt Conveyor Production Sys-

tem
1y 19
j .

Figure 1. Belt Conveyor Production System with
workstations distributed around orbital conveyor.
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Figure 1 shows a real example of the BCPS sys-
tem with the workstations distributed around the
orbital conveyor which acts as the internal, dy-
namic warehouse of the production system. The
distances between the workstations (processing po-
sitions) spread along the conveyor depends on the
transport direction.

For the given set N = {l,...,n} we define
two non-negative matrices F = [fi],, and D =
[dij],«,- In the terminology of the BCPS, N is
a set of workstations and ©t(i) € N,i = 1,...,n de-
fines the technological task assigned to the work-
station i around the orbital conveyor. The ma-
trix D defines distances between the workstations
and the matrix F defines the flow of processed ele-
ments between pairs of technological tasks assigned
to the workstations. The solution to the consid-
ered problem can be defined in a permutation form:
n = (n(1l),...,m(n)) of the set N which defines the
assignment of the technological tasks to the work-
stations. For example, permutation T = (2,3,4,5,1)
defines the assignment of the task number 2 to the
workstation 1, task number 3 to the workstation
number 2, and so on. Assuming that the conveyor is
moving clockwise, the distances between process-
ing positions are equal:

j—i
d"f:{n—i—j

for i,j = 1,...,n. It is worth noting that d;; = 0 and
[dij] .., is the asymmetric matrix and a detail trans-
port time between processing position i and j is pro-
portional to d;;, assuming that the transport speed is
constant. N technological tasks should be assigned
to the workstations in order to minimize the sum-
mary of the transportation time of the details on the
conveyor:

ifi<j
otherwise,

6]

o(m*) =YY fijdr(iyn(j) — min (2)
i=1j=1

where [fil,, is the matrix of transport links be-
tween the tasks. For example, it describes the num-
ber of the details in the time unit which after techno-
logical task k undergoes further technological pro-
cess — task /. It should be noted that in the presented
production system one of the technological tasks is
realization of the load/unload task. It should be em-
phasized that in the case of 26 workstations, there

exist about 4 - 1033 of the possible workstation allo-
cations around the conveyor.

The mathematical model presented by Equa-
tion 2 is similar to the Quadratic Assignment Prob-
lem (QAP), the A P-hard optimisation problem in-
troduced by Koopmans and Beckman [20]. Thanks
to that, a solution with a good quality for the con-
sidered real example of the BCPS problem can be
found using the wide set of the approximation meth-
ods applied to the QAP problem. Moreover, a rich
set of test instances with different sizes formulated
for the QAP problem can be used during the nu-
merical experiments aimed at determining the op-
timisation quality of the considered problem (e.g.
QAPLIB library [5]).
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Figure 2. Example of landscape for BCPS system
with 30 technological tasks and 2-opt
neighborhood structure.

The multimodal landscape presented in Figure 2
shows the low correlation of the neighbourhood so-
lutions in the sense of the Hamming distance, which
makes the considered problem difficult to optimise.

3 Related Works

Luo et al. [26] proposed a model of energy effi-
ciency for optimisation of a belt conveyor for mate-
rial scheduling problem. Zang et al. [61] presented
a constrained multi-objective model for energy ef-
ficiency optimisation of a conveying system with a
belt conveyor. Wheeler et al. [57] discussed mod-
els used to reduce the annual equivalent costs of belt
conveying systems.
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For flow shop problems Nawaz et al. [29] pro-
posed a simple heuristic procedure now known as
the Nawaz-Enscore-Ham (NEH) heuristic. Salmasi
et al. [39] proposed a mathematical program-
ming model for the flow shop sequence dependent
group scheduling (FSDGS) problem with minimiz-
ing the total flow time as criterion function. The
defined mixed programming problem (MIP) has
been solved using the tabu search (TS) algorithm
and hybrid ant colony optimisation (HACO). Mah-
moodi et al. [28] proposed a set of non-exhaustive
heuristics for the job shop cell problem. Lv et
al. [27] proposed the genetic regulatory network-
based rescheduling algorithm for the shop schedul-
ing problem featured with uncertain processing
times. Vakharia ef al. [54] proposed a heuris-
tics based on the simulation annealing algorithm
for the flow-line manufacturing cell problem which
outperforms heuristic such as the Nawaz-Enscore-
Ham. Vijayender et al. [55] proposed heuris-
tics for m-machine scheduling jobs problem with
sequence-independent setup times and makespan
minimization. Skorin et al. [42] compared two
meta-heuristics for the flow shop problem: the older
procedure based on the stimulation annealing and
the newly proposed one based on the tabu search
algorithm. Sridhar et al. [45] proposed a ge-
netic algorithm for the job scheduling in a flowline-
based manufacturing cell with the bi-criteria of
minimizing makespan and total flowtime. Soliman-
pur et al. [43] proposed a mixed-integer program-
ming problem for the sequence-independent setup
times with makespan criterion. The defined prob-
lem was solved using metaheuristics based on the
tabu search algorithm. Saravanan et al. [40] pro-
posed the scatter search method (SS) to minimise
the makespan in the Cellular Manufacturing Sys-
tem (CMS). Gupta et al. [14] minimize the total
flow time for a moderate sized flowline manufactur-
ing cell with independent family setup times using
a branch-and-bound algorithm and heuristic algo-
rithms. Karimi et al. [18] proposed a new type
of the approximation algorithm, imperialist com-
petitive algorithm (ICA) for a hybrid flexible flow
shop with sequence-dependent setup times. Un-
til today, many heuristic methods have been cre-
ated for solving the job shop problems. Ogbu et
al. in [31] proposed the simulated annealing algo-
rithm, Ben-Daya et al. in [3] described a tabu search
approach, Rajendran and Ziegler in [37] used ant

colony algorithms, Lian ef al. in [23] presented
the particle swarm optimisation, while Sayadi et
al. in [41] applied the firefly algorithm. Pan and
Ruiz in [32] presented a comparison of many meth-
ods, ranging from classic algorithms (Johnson algo-
rithm or dispatching rules) to recent metaheuristics
(e.g. tabu search, genetic algorithms, iterated local
search) for the permutation flow shop problem with
the makespan criterion.

Youcong et al. in [30] proposed an EOHIPU
algorithm for the Quadratic Assignment Problem.
This method mining frequent itemsets with pseudo-
utility values to better guide solution generation and
balance global and local search. Experimental re-
sults on 21 benchmark instances show that EO-
HIPU outperforms five state-of-the-art methods in
both solution quality and convergence speed.

This paper concerns the Bees Algorithm (BA)
which imitates the food foraging behaviour of
swarms of honey bees [35]. The variations of
this algorithm are artificial bee colony (ABC) al-
gorithm [58] and bee colony optimisation (BCO)
[52]. Baykasoglu et al. [2] proposed the ABC algo-
rithm to solve the generalised assignment problem
(GAP). Szeto et al. [48] proposed an enhanced ver-
sion of the ABC algorithm for solving the capaci-
tated vehicle routing problem (CVRP) while Yeh et
al. [59] presented the penalty guided artificial bee
colony algorithm (ABC) to solve the reliability re-
dundancy allocation problem (RAP). Tasgetiren et
al. [13] proposed the discrete artificial bee colony
algorithm (ABC) hybridized with a variant of iter-
ated greedy algorithms to find the permutation that
gives the smallest total flowtime.

Wang et al. [56] proposed for the large-scale
emergency scheduling, particularly in forest fire
scenarios involving multiple rescue centers, a hy-
brid algorithm combining artificial bee colony opti-
misation with variable neighborhood search is pro-
posed. The experimental results show that the
proposed algorithm outperforms the MILP solver
CPLEX, genetic algorithms, and particle swarm op-
timisation algorithms.

Huang et al. [15] for the no-wait job shop
scheduling problem (NWIJSP) proposed a hybrid
discrete artificial bee colony (HDABC) algorithm
that integrates multiple discrete operations, a novel
selection method for onlooker bees, and an adapted
left timetabling strategy to minimize total tardiness.
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Li et al. [22] described a hybrid Pareto-based
artificial bee colony (HABC) algorithm for solv-
ing the multi-objective flexible job-shop scheduling
problem. Thammano et al. [53] proposed for this
problem a hybrid artificial bee colony algorithm.

Sundar et al. [47] applied the artificial bee
colony algorithm to the quadratic minimum span-
ning tree problem (Q-MST).

An extensive study of the artificial bee colony
algorithm and its application can be found in [17].
Implementation of the population method in other
areas of science and technology can be found in
[51, 21].

Suza et al. [44] presented the PSO algorithm
implementation in CUDA architecture. Luo ef al.
[25] proposed CUBA algorithm (CUDA based on
bees algorithm) in order to run it on the GPU.

A generic skeleton implementing the paral-
lelization of the ABC algorithm was proposed by
Rubio et al. in [12]. The parallelization of the Arti-
ficial Bee Colony (ABC) was introduced by Subotic
et al. in [46], where different threads were assigned
to separate swarms and different types of communi-
cations between these swarms were described and
examined. Three parallel models of the ABC al-
gorithm were compared by Parpinelli ef al. in [33]:
master-slave, multi-hive with migrations and hybrid
hierarchical. A PSO version on OpenCL platform
for the QAP problem was proposed in [49]. The
parallel implementation of the BA algorithm for the
QAP problem on CUDA platform was presented
by Chmiel ef al. in [8]. The multi-swarm PSO
algorithm for the QAP problem was presented by
Szwed et al. in [50]. The parallel ABC algorithm
for TSP problem was presented by Banharnsakun et
al. in [1].

In [11], an approach to adapting algorithms
originally developed for continuous optimization to
discrete problems was presented. The authors pro-
posed a modified variant of the Golden Eagle Opti-
mizer (GEO) for constructing efficient teams in so-
cial networks (SNs). The proposed method was ap-
plied to a tri-objective formulation of the Team For-
mation (TF) problem in SNs, with the aim of identi-
fying an optimal team of experts based on commu-
nication patterns and skill levels, while simultane-
ously promoting solution space reduction.

A hybrid algorithm combining the Coyote Opti-
mization Algorithm (COA) and Differential Evolu-
tion (DE), referred to as DECOA, was proposed in
[10]. The method was evaluated on the CEC-2013
and CEC-2017 test sets, and it was further applied
to photovoltaic cell parameter estimation.

Qiao et al. [36] present an approach based on
the evolutionary algorithms paradigm for the im-
plementation of deep neural networks. An ac-
celerated evolutionary neural architecture search
method, termed MFGENAS, was proposed to re-
duce the computational cost of evolutionary neural
architecture search (ENAS) by incorporating multi-
fidelity evaluation and a genetic decision controller
within the NSGA-II framework.

In [60], a hybrid metaheuristic framework com-
bining portfolio optimization and representation
translation was presented to address discrete opti-
mization problems. The cooperative use of unmod-
ified metaheuristics, such as ACO, PSO, and GA,
was enabled, and experimental results demonstrated
the advantage of the proposed hybrid strategy.

The Bees Algorithm can be implemented in par-
allel and gives relatively small computational over-
head. Moreover, the architecture of the CUDA plat-
form favors the adoption of population algorithms
due to the possibility of concurrent execution of
thousands of threads (bees) that are relatively inde-
pendent. These properties are presented in a more
detailed manner in Section 6.

4 Bees Algorithm

The Bees Algorithm is the nature inspired algo-
rithm which mimics the food foraging behaviour of
swarms of honey bees [35]. The BA algorithm, in
its basic version, executed a kind of random search
coupled with neighbourhood search.

The bees behaviour, depending on the au-
thors’preferences, can be mapped to model the op-
timisation problem in many ways [9]. The main
elements of the BA algorithm include: the meth-
ods of creation of an initial bees’ swarm, the algo-
rithms for selecting search directions, the definition
of the number of scouts and searched locations and
the stop condition. The proposed implementation
of the mono-swarm bees algorithm adapted to the
considered problem is presented in Algorithm 1.
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Algorithm 1 BA algorithm (mono-swarm).
Input: ?\'Jmaxalevlbanevnbv(p(')’ LT.

Step 1. Create a swarm with A random solutions:
1. Create randomly A solutions.
2. Evaluate fitness and sort the swarm members from
best to worse.
3. Save the best solution in the swarm Ty, =
argmin{@(m)},i=1,...,A.
Step 2. Select the elite and the best solution from the
swarm: L,: |L.| =1, and Ly : |Lp| = Ip:
1. Create neighbourhoods using swap or shift proce-
dure: Vr € L, : N(nt) where |N(1)| = n, and V& €
Ly : N(mt) where |[N(mt)| = np, and calculate the ob-
jective function value.
2. For each solution from the set {L, ULy} choose the
best solution from the explored neighbourhoods:
VR € L, 1 T = argmingcy(nun @(n') and Vr €
Ly : " = argming c {y(mumy ().
Step 3. Create a new swarm:
1. Replace the solutions from the set {L, ULy} by the
new ones obtained in Step 2.2.
2. Remove the u solutions which exist in the swarm
longer than LT (life expectancy) iterations.
3. Randomly create u new solutions to fit the swarm

size.
4. Sort the swarm from best to worse.
Step 4. Update the best solution: Thest =

argmin{Q(m)},i=1,...,A.

Step 5. Check the stop condition:
1. If the I, iteration is reached, then return 7, and

(P(chest)'
2. Otherwise, return to Step 2.

In the presented algorithm the solution is de-
fined as a permutation. Therefore, to create a new
solution there can be used genetic operators dedi-
cated to the permutation problems: swap - swaps
the two randomly chosen tasks (the 2-opt neigh-
bourhood) and shift - shifts the randomly chosen
task to a random workstation (other tasks are moved
in the reverse direction). A mechanism based on the
life expectancy was proposed to prevent stagnancy
by getting stuck at local minima. If the solution ex-
ists in the swarm more than a predefined number of
iterations, then it is replaced by a new one, gener-
ated randomly. The algorithm terminates after ex-
amining a predefined number of solutions.

Algorithm 1 uses the following parameters: /.,
— the maximal number of iterations, T,y — the glob-
ally best found solution, A — the bees swarm size,
¢(-) — objective function value, /, — the number of
the elite localizations (number of solutions in the

elite), [, — the number of good localizations (num-
ber of good solutions), n, — the neighbourhood size
for the elite localization, n;, — the neighbourhood
size for the good localization, LT — the value of the
solution life expectancy, u— the number of solutions
existing in a swarm longer than the life expectancy.
The 1,4, is defined as the maximal number of cre-
ated solutions during the algorithm execution (or
the number of the objective function value calcu-
lations).

5 CUDA platform

CUDA (Compute Unified Device Architecture)
is a software and hardware platform enabling mas-
sive parallel execution of programs on the graphics
processing units (GPUs). Programs for GPU (called
kernels) can be executed by thousands of paralell
threads which are assigned to thousands of proces-
sor cores [19].
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Figure 3. CUDA architecture model.

In GPU platform threads are very lightweight,
which assures little creation overhead and very fast
switching during execution. Threads divided into
batches (blocks) with maximal size equal 1024 can
synchronize and communicate using fast shared
memory (see Figure 3). This solution makes co-
operation more scalable. However, the threads in
different blocks cannot communicate and cooperate
without CPU mediation. Other types of the mem-
ory utilised by threads are: registers (on-chip), lo-
cal memory (off-chip, uncached) and global mem-
ory (off-chip, large, uncached and persistent for all
threads). Moreover, CUDA provides some basic
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mechanisms supporting parallelism, such as local
barriers. CUDA implementation of the BA algo-
rithm presented in this paper is based on CUD-
Afy.NET, a .Net library with bindings to CUDA
runtime and NVIDIA driver APL

6 Muli-swarm Bees Algorithm on
CUDA

The Bees Algorithm, thanks to its construction,
has a special ability to execute in parallel. The
swarm consists of several identical entities which
cooperate with one another to achieve a common
goal. In the case of the BA algorithm, the coop-
eration is based on the exchange information about
the objective function value. The algorithm prefers
a solution with a better objective function value
whose neighbourhood is searched more precisely.
For this reason, each entity (a bee) can be evaluated
independently in a separate thread. These threads
should be synchronised only for the moment of ex-
changing information about the objective function
values. In the CUDA platform the information ex-
change and synchronisation can take place only be-
tween solutions which are executed in the thread
block. A thread block is a portion of threads with
the maximum size from 512 to 1024. Threads from
different blocks can not synchronize and communi-
cate. This limitation affects the construction of the
proposed algorithm for CUDA platform.

The proposed Muli-Swarm Bees Algorithm
(MSBA) is based on the set of swarms which do
not cooperate with each other, which allows to
achieve a high algorithm performance (see Figure
4). In this sense, the MSBA algorithm resem-
bles the Multi-Start Iterated Local Search algorithm
(MS-ILS) [24]. The cooperation takes place only
among the bees inside a swarm. The swarm is lo-
cated inside the block and each bee (solution) from
the swarm is associated with one thread. Each bee
keeps the associated solution in the shared memory
to enable fast (hundred time faster than the global
memory) and shared access to it. The quality of
the solution (the objective function value) associ-
ated with the thread determines to which group it
belongs to, i.e. elite solutions - L,, good solutions -
Ly, or to the group of the worst solutions, which will
be replaced by the new ones, randomly generated.

I Shared memo e
HIIRERG 58
i ~ 2 o =
B = ; = e |8
al |i = @
g i J of 5, solution J g
E _:;) Best search — E
gl |! [“Random ] Random g
2| | Thread 1 (bee 1) Thread k (bee k) £
1 m
z | Thread block 1 2
i Thread block 2 | [C]
w |V ThreadblockSg ~ T T ] : )

Figure 4. MSBA algorithm execution.

In the MSBA algorithm the solution is repre-
sented by a permutation T = (%(1),...,m(n)) of the
set of n elements (workstations), where (i) defines
a technological task and i defines the workstation
to which this element is assigned. Before the al-
gorithm begins, all necessary data needed by the
thread should be prepared and loaded into GPU.
These data contain:

— The flow matrix F,,, and the distance matrix
Dy, are loaded into the static memory.

— A set of the MSBA algorithm parameters:

S, - the GPU grid size (number of the thread
blocks), S, - the number of threads in a block
(in other words number of bees in a sub-swarm,
therefore the whole swarm has the size A =
S¢ - Sb)s leysz - @ number of solutions in the
elite, Ip,,,, - @ number of good solutions, n, -
neighbourhood size for the elite localization,
- neighbourhood size for the good localization,
Lyay - maximum iteration number, LT - life ex-
pectancy.

Each swarm is created using a uniform random dis-
tribution with different random seeds, which results
in occupying different parts of the solution space by
the swarms.

The two matrices F,,, and D,,, are loaded into
the static (read-only) memory, which ensures fast
access to the data by all the threads. Some re-
strictions result from the available amount of static
memory limited to 64kb, which can become a prob-
lem if a big flow and distance matrix are loaded.
Algorithm 2 describes the execution of the thread
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which is related to one bee (solution). Because
solutions are held in the shared memory, all the
threads from the block have access to them. This
approach enables an easy assignment of the rank-
ing (r) to the solutions. After ranking, the solution
neighbourhood is searched more (set L, ) or less (set
Ly) exactly or is replaced by a new one, generated
randomly.

Algorithm 2 MSBA thread algorithm.
Input: ©,¢(-), Lyax, LT.

Step 1. Determine the ranking r of the solution m. It is
performed by counting solutions from the shared memory with
the objective function value smaller than @(m).

Step 2. Synchronise all solutions in the block (local barrier).

Step 3. If r < |L.|, then randomly choose n, solutions
from the neighbourhood of 7 using swap or shift pro-
cedure.  Select the best solution in the neighbourhood
T = argming ¢ (y(myux) @(T') and replace @ by m*. Go to Step
6.

Step 4. If |L.| < r < |L,| + |Lp|, then randomly choose
solutions from the neighbourhood of 7 using the swap or shift
s procedure. Select the best solution in the neighbourhood
T = argming ¢ (y(myur) @(T') and replace @ by m*. Go to Step

Step 5. If |L.| + |Lp| < r, then replace the solution 7 by a new
one, generated randomly. Go to Step 7.

Step 6. If in the steps 3 or 4 a better solution has not been
found and 7 exists in the swarm longer than the LT number of
iterations, then replace this solution by a new one, generated
randomly.

Step 7. Insert the solution 7 into the shared memory.

Step 8. Check the stop condition. If it is fulfilled, then STOP,
otherwise go to Step 1.

7 Experiments and results

7.1 Sub-swarm size

In order to compare the results obtained by the
sequential version of the BA algorithm running on
CPU (BA) and the multi-swarm parallel version of
the algorithm running on the GPU (MSBA), the
control parameters were selected in the way which
enabled a fair result comparison, i.e., the both al-
gorithms generate the same number of solutions.
Thus, for the BA algorithm the parameters values
are the following: the size of the elite [, = [,,¢,, - S,
the number of the best solutions I, = I, - S, and
the hive size (the number of all bees) A = S, - S,.
The neighbourhood size n,, n, and the maximum

number of the algorithm iterations /., are the same
for both algorithms.

The computational experiments were aimed
to determine the difference between the results
achieved by the BA algorithm and the MSBA al-
gorithm which searches the solutions space using
small and independent swarms. In particular, the
impact of the swarm size in the MSBA algorithm
was examined. In case of the experiments for dif-
ferent S, and S, values the number of solutions in
the elite and the number of the best solutions de-
pend on the hive size (Sp): leyg, = 0.2-S, and
lpyspn = 0.15-Sp. Therefore, [, ,,, and Ip,,,, change
from 3 to 123 and from 2 to 92, respectively. The
number of the solutions tested in one iteration of the
MSBA algorithm in all cases is approximately the
same. In the conducted experiments the size of the
swarm changes from 630 to 13 while the number of
swarms change from 2 to 123.

It should be mentioned that due to memory lim-
itation, the maximal size of one swarm is about 630.
This limitation arises from the amount of the static
memory which is accessed for a thread block which
is limited to 40-64 kB. The hardware used in the
tests is described in Table 1.

Table 1. CPU and GPU device parameters.

CPU GPU

Intel Core i7-870 Nvidia GeForce GT 730
Cores 4 Cores 384
Cache 8§ MB Memory 2048 MB
Threads 8 Memory Clock 1.8 Gbps
Instruction Set 64 Bit Memory Interface Width | 64-bit
Base Frequency 2930 MHz | Base Clock 902 MHz
Memory Bandwidth | 21 GB/s Memory Bandwidth 14.4 GB/sec

Moreover, to examine the impact of life ex-
pectancy (LT) to the the convergence of the swarm,
the value of LT was changed from 5 to 200.

In the tests 38 instances with the size 25-64
from the QAPLIB library [6] were used. For the
comparison of the results obtained by the evaluated
algorithms the best known objective function val-
ues were used. They were obtained using differ-
ent optimisation algorithms. For example, the best
solutions to the Tho40 and Wil50 were found us-
ing the simulation annealing algorithm by Bolte [4]
and to the Ste36a using the tabu search algorithm
by Skorin-Kapov [16].
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Table 2 presents the results obtained by the
MSBA and BA algorithms. In this table, the sec-
ond column (@,.r) contains the best known value
of the objective function taken from the QAPLIB
library. The following seven columns contain the
computation results of the two algorithms - the
MSBA and the BA. The @,y is the best objective
function value found by the algorithm. 7y - de-
fines the total time of execution in seconds of the
Lyay algorithm iterations. The column E contains
E = q’”"i;%ﬁ;‘)’ef -100% - the percentage relative gap
between the best known value of the objective func-
tion value from the QAPLIB library and the best
objective function value of the solution found by
the MSBA or BA algorithm. Column m describes
the computation time ratio - M = TAT(*}\%;L). The
last row in the tables contains the average value
(Eavr, E pispa /Ba,Avr) of all the values in the column
above.

The results presented in Table 2 were obtained
by the MSBA algorithm run with the following con-
trol parameters: Sy, /S, =400/4, LT = 200, l,,,s,, =
123, Ipyn = 92, Inax = 200 - a number of algo-
rithm iterations (executed by every thread). To ob-
tain similar execution conditions, the BA algorithm
has the following parameters: the size of the elite
equals [, = lo),, - Sg = 123 -4 = 492, the set size
of the good solution I}, = I, - S¢ = 92 -4 = 368,
A=Sy-S; =400-4 = 1600 and I,,,c = 200. The
neighbourhood size, n, = 25 and n;, = 18, are the
same for both algorithms. The results presented in
this table show a 9 times reduction in the execution
time of the MSBA algorithm in comparison with
the BA algorithm, whereas the obtained results are
similar.

Tables 3 and 4 summarize the statistical results
produced by the MSBA and BA algorithms un-
der two distinct control parameter configurations.
Specifically, the S;/S, and n,/n, parameter sizes
were set to 400/4 and 25/18, and to 123/13 and
177/80, respectively. In this table, the Qpes/@yors:
column denotes the best/worst objective function
values achieved by the algorithm. The columns
@avr» O, and 1, correspond to the mean value, the
standard deviation of the best results, and the iter-
ation in which the best objective value was found,
respectively, averaged over 34 independent runs. A
one-sided Wilcoxon signed-rank test applied to the
¢ values reported in Table 3 (38 paired instances)

showed no statistically significant difference be-
tween the two series (W = 343 and p = 0.532).
However, this test applied to the ¢ values reported
in Table 4 confirmed a statistically significant ad-
vantage of the MSBA algorithm over BA (W= 130
and p = 7.2+ 10~*). The results demonstrate a sta-
tistically significant difference in the behavior of the
MSBA algorithm for different numbers of indepen-
dent swarms.

Table 5 presents the average running time of
the algorithm depends on the instance size for the
MSBA and BA algorithms.

Table 5. Average iteration I, at which the best
solution was found versus instance size for the
MSBA and BA algorithms(LT = 200,
Sy/S, =400/4,n, =25, nj, = 18).

. Iavr
Instance size MSBA(GPU) | BA(CPU)
22 57.94 26.94
26 56.34 27.10
30 28.39 28.39
32 32.13 25.27
36 39.10 54.80
40 76.61 88.82
42 110.53 93.71
49 67.53 86.35
50 102.80 82.78
56 87.59 64.18
60 101.62 53.59
64 85.71 73.76

Table 6 and Table 7 present the impact of the
different block and grid sizes (S,/S,) for the six se-
lected life expectancy values (LT). The E,,, values
in the table are the average percentage relative gap
E for 38 test instances from the QAPLIB and the
constant (S,/S,) and LT parameter values (such as
the E,,, row in Table 2).

Table 8 presents the impact of the LT value on
the results obtained by the MSBA and BA algo-
rithms. Figure 5 shows the influence of life ex-
pectancy (LT) on the results of the MSBA algo-
rithm.

Each value in the column Ejsps and Epy is
the average value of the average percentage rela-
tive gap E,,, obtained by the algorithms for 38 test
instances and for the 17 different S;,/S, parameter
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Table 2. Results for the MSBA and the BA algorithm for 38 test instances (LT = 200,
Sy/S, =400/4,n, =25, nj, = 18).

MSBA(GPU) BA(CPU)

Name (pref Ppest ‘ TA ‘ E Ppest ‘ TA ‘ E n

Bur26a 5426670 | 5427110 | 104 | 0.01 | 5426670 | 122.3 | 0.00 | 11.8
Bur26b 3817852 | 3817852 | 10.7 | 0.00 | 3817852 | 122.6 | 0.00 | 11.4
Bur26c¢ 5426795 | 5426795 | 10.0 | 0.00 | 5426795 | 122.3 | 0.00 | 12.2
Bur26d 3821225 | 3821225 | 104 | 0.00 | 3821232 | 122.6 | 0.00 | 11.8
Bur26e 5386879 | 5386879 | 10.2 | 0.00 | 5386879 | 122.8 | 0.00 | 12.0
Bur26f 3782044 | 3782044 | 10.4 | 0.00 | 3782044 | 1224 | 0.00 | 11.8
Bur26g || 10117172 | 10117172 9.7 0.00 | 10117172 | 122.5 | 0.00 | 12.6
Bur26h 7098658 | 7098658 9.7 0.00 | 7098658 | 123.1 | 0.00 | 12.7

Chr22a 6156 6236 74 | 1.30 6266 | 873 | 1.79 | 11.8
Chr22b 6194 6286 75| 149 6320 | 873 | 2.03 | 11.7
Esc32a 130 134 | 194 | 3.08 134 | 185.0 | 3.08 | 9.5
Esc32b 160 168 | 19.1 | 5.00 168 | 186.9 | 5.00 | 9.8
Esc32c 642 642 | 20.1 | 0.00 642 | 1859 | 0.00 | 9.2
Esc32d 200 200 | 18.9 | 0.00 200 | 185.0 | 0.00 | 9.8
Esc32e 2 2| 20.7| 0.00 21850 | 0.00| 89
Esc32f 2 2| 207 | 0.00 21850 | 0.00 | 89
Esc32g 6 6| 204 | 0.00 6| 1851 | 0.00 | 9.1
Esc32h 438 438 | 193 | 0.00 438 | 185.2 | 0.00 | 9.6
Esc64a 116 116 | 116.8 | 0.00 116 | 7755 | 0.00 | 6.6
Kra30a 88900 89100 | 155 | 0.22 90100 | 1634 | 135 105
Kra30b 91420 91990 | 155 | 0.62 91850 | 163.4 | 0.47 | 10.5
Lipa30a 13178 13196 | 16.2 | 0.14 13222 | 163.7 | 0.33 | 10.1
Lipa30b 151426 151426 | 15.8 | 0.00 151426 | 163.3 | 0.00 | 10.3
Lipa40a 31538 31940 | 34.7 | 1.27 31945 | 2964 | 129 | 85
Lipa40b 476581 498634 | 34.8 | 4.63 487526 | 296.2 | 230 | 8.5
Lipa50a 62093 62862 | 61.7 | 1.24 62872 | 467.8 | 1.25| 7.6

Lipa50b 1210244 | 1347609 | 62.5 | 11.35 | 1342719 | 467.7 | 1095 | 7.5
Lipa60a 107218 108422 | 956 | 1.12 108419 | 680.2 | 1.12 | 7.1
Lipa60b || 2520135 | 3031375 | 96.9 | 20.29 | 3036389 | 680.2 | 2049 | 7.0

Sko42 15812 16080 | 38.4 | 1.69 16044 | 3274 | 1.47 | 85
Sko49 23386 23892 | 56.6 | 2.16 23800 | 4494 | 1.77| 79
Sko56 34458 35292 | 78.6 | 242 35000 | 590.2 | 1.57 | 7.5
Ste36a 9526 9796 | 244 | 2.83 9854 | 2394 | 344 | 98
Ste36b 15852 16438 | 23.7 | 3.70 16378 | 239.7 | 3.32 | 10.1
Ste36¢ 8239110 | 8393064 | 242 | 1.87 | 8408548 | 2394 | 2.06 | 9.9
Tho30 149936 150910 | 154 | 0.65 151172 | 163.5 | 0.82 | 10.6
Tho40 240516 245946 | 333 | 2.26 245230 | 296.2 | 196 | 89
Wil50 49320 49244 | 59.7 | 0.88 49342 | 4679 | 1.08 | 7.8

Eqr | 309 ] 1.80 | 2623 [ 1.77] 85|
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Table 3. Statistical summary of 34 runs conducted under identical control parameters of the MSBA and the
BA algorithm for 38 instances (LT = 200, S;/S; = 400/4,n, = 25, n,, = 18).

MSBA(GPU) BA(CPU)
Name -
Opest Pworse Pavr o Ppest Oworse varphia, | G

Bur26a 5427110 | 5427110 | 5426723 126 | 5426670 | 5427110 | 5426696 107
Bur26b 3817852 | 3817965 | 3817865 35| 3817852 | 3817936 | 3817857 20
Bur26¢ 5426795 | 5426795 | 5426795 0| 5426795 | 5426803 | 5426796 3
Bur26d 3821225 | 3821263 | 3821230 12 | 3821232 | 3821232 | 3821227 3
Bur26e 5386879 | 5387103 | 5386916 67 | 5386879 | 5387092 | 5386930 79
Bur26f 3782044 | 3782044 | 3782044 0| 3782044 | 3782044 | 3782044 0
Bur26g | 10117172 | 10117473 | 10117194 73 | 10117172 | 10117276 | 10117178 25
Bur26h 7098658 | 7098658 | 7098658 0| 7098658 | 7098658 | 7098658 0
Chr22a 6236 6288 6207 49 6266 6318 6242 55
Chr22b 6286 6392 6334 29 6320 6402 6324 37
Esc32a 134 136 134 2 134 136 133 1
Esc32b 168 168 168 0 168 168 168 0
Esc32c 642 642 642 0 642 642 642 0
Esc32d 200 200 200 0 200 200 200 0
Esc32e 2 2 2 0 2 2 2 0
Esc32f 2 2 2 0 2 2 2 0
Esc32g 6 6 6 0 6 6 6 0
Esc32h 438 438 438 0 438 438 438 0
Esc64a 116 116 116 0 116 116 116 0
Kra30a 89100 90560 89857 542 90100 90660 89892 516
Kra30b 91990 92290 91916 234 91850 92350 91912 226
Lipa30a 13196 13372 13257 65 13222 13331 13235 39
Lipa30b 151426 151426 151426 0 151426 151426 151426 0

Lipa40a 31940 31969 31938 20 31945 31965 31943 10
Lipa40b 498634 506029 497163 | 4297 487526 504628 497517 | 3715
Lipa50a 62862 62895 62872 14 62872 62895 62865 16
Lipa50b | 1347609 | 1414617 | 1344248 | 37463 | 1342719 | 1390636 | 1327501 | 26099
Lipa60a 108422 108456 108419 25 108419 108450 108424 19
Lipa60b | 3031375 | 3040364 | 3026688 | 15350 | 3036389 | 3041563 | 2994236 | 72837

Sko42 16080 16104 16069 28 16044 16116 16071 23
Sko49 23892 23924 23837 51 23800 23908 23851 32
Sko56 35292 35432 35298 63 35000 35396 35269 100
Ste36a 9796 9888 9804 52 9854 9870 9800 51
Ste36b 16438 16720 16439 143 16378 16736 16514 124
Ste36¢ 8393064 | 8403788 | 8381194 | 20703 | 8408548 | 8449634 | 8421365 | 22820
Tho30 150910 151804 151022 463 151172 151646 151121 322
Tho40 245946 247526 246444 762 245230 247140 246281 527

Wil50 49244 49350 49279 42 49342 49350 49284 39
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Table 4. Statistical summary of 34 runs conducted under identical control parameters of the MSBA and the
BA algorithm for 38 instances (LT = 200, S;,/S, = 123/13,n, = 177, n;, = 80).

Name MSBA(GPU) BA(CPU)

Ppest Oworse Payr c Ppest Oworse Pavr o
Bur26a 5427110 | 5427110 | 5426735 268 | 5426670 | 5427110 | 5427337 | 1203
Bur26b 3817852 | 3817965 | 3818009 326 | 3817852 | 3817936 | 3817880 56
Bur26c 5426795 | 5426795 | 5426795 0| 5426795 | 5426803 | 5426837 94
Bur26d 3821225 | 3821263 | 3821231 10 | 3821232 | 3821232 | 3821242 29
Bur26e 5386879 | 5387103 | 5386893 43 | 5386879 | 5387092 | 5386983 156
Bur26f 3782044 | 3782044 | 3782045 6 | 3782044 | 3782044 | 3782045 6
Bur26g | 10117172 | 10117473 | 10117187 18 | 10117172 | 10117276 | 10117180 16
Bur26h 7098658 | 7098658 | 7098658 0| 7098658 | 7098658 | 7098687 82
Chr22a 6236 6288 6299 56 6266 6318 6349 73
Chr22b 6286 6392 6375 57 6320 6402 6403 40
Esc32a 134 136 132 2 134 136 133 2
Esc32b 168 168 168 0 168 168 168 0
Esc32c 642 642 642 0 642 642 642 0
Esc32d 200 200 200 0 200 200 200 0
Esc32e 2 2 2 0 2 2 2 0
Esc32f 2 2 2 0 2 2 2 0
Esc32g 6 6 6 0 6 6 6 0
Esc32h 438 438 438 0 438 438 438 0
Esc64a 116 116 116 0 116 116 116 0
Kra30a 89100 90560 89947 736 90100 90660 89941 782
Kra30b 91990 92290 91665 184 91850 92350 91742 266
Lipa30a 13196 13372 13278 80 13222 13331 13302 66
Lipa30b 151426 151426 151426 0 151426 151426 152740 | 5418
Lipa40a 31940 31969 31888 32 31945 31965 31898 31
Lipa40b 498634 506029 478838 6371 487526 504628 481234 | 19186
LipaS0a 62862 62895 62724 60 62872 62895 62753 22
Lipa50b | 1347609 | 1414617 | 1228831 | 52519 | 1342719 | 1390636 | 1293777 | 90506
Lipa60a 108422 108456 108194 99 108419 108450 108227 20
Lipa60b | 3031375 | 3040364 | 2659083 | 211325 | 3036389 | 3041563 | 2985646 | 47720
Sko42 16080 16104 15916 60 16044 16116 15942 40
Sko49 23892 23924 23601 103 23800 23908 23591 52
Sko56 35292 35432 34796 193 35000 35396 34826 77
Ste36a 9796 9888 9694 77 9854 9870 9717 77
Ste36b 16438 16720 16073 199 16378 16736 16177 173
Ste36¢ 8393064 | 8403788 | 8328280 | 32203 | 8408548 | 8449634 | 8325415 | 54469
Tho30 150910 151804 150709 361 151172 151646 150847 407
Tho40 245946 247526 243406 1650 245230 247140 243362 | 1119
Wil50 49244 49350 48978 120 49342 49350 48994 62
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Table 6. Average value of E for 38 test instances for different LT and S,/ S, values (n, =25, n, = 18).
LT | 3 | 42 | 82 |
Eavr Eavr Eavr
S$o/S¢ | NisBa | BA | " | MSBA | BA | " | MSBA | BA | Mo
13/123 13.79 | 1.57 1.1 3.62 | 1.57 1.0 2.59 | 1.57 1.0
16/100 1328 | 1.75 | 1.2 350 | 1.76 | 1.1 246 | 1.75 1.1
20/80 13.51 | 1.81 1.3 3.70 | 1.81 1.2 2.62 | 1.81 1.2
27/60 1360 | 1.85 | 1.6 364 | 185 | 14 2551185 | 14
40/40 13.82 | 1.89 | 2.0 347 | 1.89 | 1.8 283|189 | 1.7
55/30 1393 | 1.82 | 2.8 348 | 1.82 | 2.3 265|182 | 21
80/20 1390 | 1.80 | 3.6 3,55 ] 1.80| 3.0 2.69 | 1.80 | 2.7
160/10 13.60 | 1.85 | 6.6 337|185 | 55 276 | 1.85| 5.0
178/9 14.04 | 1.76 | 6.6 322|176 | 5.5 258 | 1.76 | 5.0
200/8 1347 | 1.67 | 8.1 339 | 1.67 | 6.6 249 | 1.67 | 6.1
240/7 13.87 | 1.76 | 8.9 370 | 1.76 | 7.3 2.67 | 176 | 6.6
260/6 13.84 { 1.90 | 9.9 337 1190 | 8.1 264 1190 | 7.5
280/6 13.85 | 1.81 | 11.3 352|181 | 93 252|181 | 85
320/5 1398 | 1.85 | 9.8 3.63 | 1.85 | 8.1 289 | 1.85 | 75
400/4 13.88 | 1.77 | 14.0 3.60 | 1.77 | 114 296 | 1.77 | 10.7
533/3 14.19 | 1.57 | 13.0 335 | 1.57 | 109 2.50 | 1.57 | 10.1
630/2 13.80 | 1.73 | 154 3.79 | 1.73 | 12.6 259|174 | 12.2
E\isBA/BA 13.78 | 1.77 | 6.9 352|177 | 5.7 265|177 | 53

Table 7. Average value of gap E for 38 test instances for different LT and S/ S, values (n, = 25, nj, = 18).

LT | 122 | 162 | 200 |
Eavr Eavr Eavr
So/Ss |"MsBA | BA | " | MSBA | BA | " | MSBA | BA | "
13/123 220 | 157 | 1.0 194157 10| 178 157 1.0
16/100 203|175 11| 181175 11| 173|175 1.1
20/80 207 | 181 12 191|181 12| 189|181 12
27/60 213|185 | 14| 191 |185| 14| 179|185 | 14
40/40 235189 | 17| 20219 | 16| 200|180 | 1.6
55/30 222182 19| 17718 | 18| 15918 18
80/20 219|180 | 25| 206|180 | 23| 182|180 22
160/10 224185 | 47| 202|185 | 44| 178|185 | 43
178/9 219|176 | 47| 196|176 | 44| 182|176 | 43
200/8 225167 | 57| 183|167 54| 174|167 53
240/7 215176 | 62| 197176 | 59| 186|176 58
260/6 231190| 7.1 201190 68| 169|190 | 66
280/6 221|181 80| 197|181 76| 183|181 | 7.4
320/5 240 | 185 | 7.1 214|185 67| 198|185| 66
400/4 235177 100 || 188 1.77] 97| 180 |1.77| 95
533/3 223 157] 96| 203|157 92| 190 |157| 90
630/2 213 | 173 | 119 || 192|173 | 116 185|173 | 115
Evsanm | 222 1177 | 50 195|177 | 48| 181|177 47
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Table 8. Influence of life expectancy (LT) on the results obtained by the MSBA and BA algorithms
(n, =25, np, = 18).

| LT [ Emssa | Ea | N || LT | Emspa | Epa | My |

31 1378 | 1.77 | 69

51 10.09 | 1.77 | 6.5
10 7.62 | 1.77 | 6.3
15 578 | 1.77 | 6.1
20 513 | 1.77 | 6.0
25 457 | 1.77 | 6.0
30 412 | 1.78 | 5.8
35 378 | 1L.77 | 5.8
40 352 | 1.77 | 5.7
45 347 | 1.77 | 5.7
50 320 | 1.77 | 5.6
55 3.08 | 1.78 | 5.5
60 289 [ 077 | 55
65 288 | 1.77 | 5.4
70 278 | 1.77 | 5.4
75 267 | 1.77 | 5.4
80 265 | 1.77 | 53
85 260 | 1.77 | 53
90 252 | 1.77 | 52
95 246 | 1.77 | 5.2

100 239 | 1.77 | 5.2
105 234 | 1.77 | 5.2
110 228 | 1.77 | 5.1
115 224 | 1.77 | 5.1
120 222 1 1.77 | 5.2
125 218 | 1.77 | 5.0
130 213 | 1.77 | 5.0
135 210 | 1.77 | 5.0
140 208 | 1.77 | 4.9
145 204 | 1.77 | 49
150 201 | 1.77 | 49
155 198 | 1.77 | 4.9
160 195 | 1.77 | 4.8
165 1.92 | 1.77 | 4.8
170 190 | 1.77 | 4.8
175 1.87 | 1.77 | 4.8
180 1.87 | 1.77 | 4.8
185 1.85 | 1.77 | 4.8
190 1.83 | 1.77 | 4.8
195 1.82 | 1.77 | 4.8
200 1.81 | 1.77 | 4.7

values (such as the E ;g4 /A Tow in Tables 6 and
7). The parameters of the BA algorithm were cal-
culated using the formulas defined above based on
the parameters of the MSBA algorithm.
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Figure 5. Influence of life expectancy (LT) on the
results of the MSBA algorithm (Tab. 8).

Figure 6 shows the change of the objective func-
tion value of the 1600 solutions processed in each
thread (or a bee) in the MSBA algorithm. It can
be observed that the courses of the solution val-
ues are divided into two groups. The first one is
characterised by the notably bigger (worse) objec-
tive function values (the upper bunch of the curses).

In contrast, the second one (the lower bunch) of
the courses is characterised by the constant im-
provement in the consecutive iterations of the ob-
jective function value. This group contains the so-
lutions which emanate from the better ones (or in
other words from the promising areas of the solu-
tions space) randomly generated at the beginning of
the algorithm. These solutions never abandon the
elite or the best solution set and thus the number of
the courses in the lower bunch is equal ([, +1;)S,.
The high value of life expectancy, which equals
LT =200, is the reason why the first group of the
solutions, which emanates from the worse part of
the initial solutions, will never have a chance to be
improved and to get to the elite or the best solution
set.

On the other hand, the small value of [life ex-
pectancy (Tables 6 and 8: LT = 3) leads to the too
strong exploration and does not allow the exhaus-
tive search of the promising regions of the solu-
tions space. This is the reason why the Eysps is
about 14% and is eight times bigger than the cor-
responding average gap value for the BA algorithm
(Epa). Besides, the analysis of the results from Ta-
bles 6 to 8 shows that the average results obtained
for the identical LT values by the BA algorithm ba-
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sically do not change. Increasing life expectancy
enables a better exploitation of the promising re-
gions of the solutions space by the MSBA while it
does not affect the results obtained by the BA al-
gorithm (Tables 7 and 8: LT = 200). It should be
noted that the value of the S, /S, does not affect the
obtained results by both algorithms.
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Figure 6. Courses of the MSBA algorithm for the
BCPS problem with 50 workstations, for all 1600
bees in swarm (A = 1600, LT = 200,
SplSq =55/30, n, =25, njy = 18).

The results presented in Tables 2 to 8 are
worse in the case of the MSBA algorithm, because
they were obtained using small neighbourhood size:
n, =25, np, = 18. For these parameters the BA algo-
rithm searches more intensively the promising re-
gions than the MSBA algorithm. In other words,
the BA algorithm searches only one region exactly
while the MSBA algorithm searches several regions
less intensively. This phenomenon can be observed
in Figure 6, where some solutions can not be im-
proved, among others, due to the small value of the
parameters n, and np. It is the reason why for the
small values of the n, and ny, an increasing number
of the independent swarms (S,) does not affect the
obtained results by the MSBA algorithm. The same
reason is behind the weak effect of changing the LT
value in the case of the BA algorithm contrary to
the MSBA algorithm.

The results presented in Table 9 show that pa-
rameters 71, and n, have a big impact on the optimi-
sation results and, when properly chosen, allow for
significantly better results by the MSBA algorithm
than by the sequential BA algorithm. The presented
results were obtained using the MSBA and BA al-
gorithms for the n, = 177, n;, = 80 while the other

parameters are the same as those used in the previ-
ous experiments.

Table 9. Average value of E,,,, Ty, and 1 for 38
test instances and different Sy, /S, values (n, = 177,

np = 80).
MSBA BA
Sb/Sg Eqvr TAM, Eqyr TAaW Nave
13/123 | 0.62 | 205.0 | 1.12 | 120.6 | 0.6
16/100 | 0.75 | 186.1 | 1.13 | 1249 | 0.7
20/80 | 0.68 | 166.7 | 1.06 | 125.7 | 0.8
27/60 | 0.70 | 148.1 | 1.08 | 137.6 | 0.9
40/40 | 0.62 | 135.6 | 1.11 | 131.0 | 1.0
55/30 | 0.87 | 133.0 | 1.08 | 134.6 | 1.0
80/20 | 0.61 | 1069 | 1.18 | 118.0 | 1.1
160/10 | 1.15 | 57.6 | 1.14 | 88.7 | 1.5
178/9 1 059 | 573|151 | 856 | 1.5
200/8 | 0.64 | 46.7 | 1.71 | 824 | 1.8
240/7 | 0.76 | 46.1 | 1.46 | 82.1 | 1.8
260/6 | 0.61 | 364 | 138 | 749 | 2.1
280/6 | 0.65 | 38.0| 153 | 79.1| 21
320/5 | 1.02 | 41.0| 1.76 | 734 | 1.8
400/4 | 0.67 | 28.7 | 1.80 | 70.6 | 2.5
533/3 1 1.90 471200 | 67.7 ]| 14.6
630/2 | 1.85 241260 | 524|212
Avr | 086 | 847|145 97.0| 3.6
. @
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Figure 7. Average percentage gap E,,, for
different S, /S, values.

The analysis of the results leads to the conclu-
sion that the smaller average percentage relative gap
value can be obtained for the large number of the
swarms (see Figure 7). For S, = 123 the relative
average gap obtained by the MSBA algorithm and
the BA algorithm equal 0.62% and 1.12%, respec-
tively. For S, = 630 and S, = 2 the algorithm ac-
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celeration is the largest: M = 21.2. Unfortunately,
in this case the E,,, for the MSBA algorithm equals
1.85%, which is smaller than the E,,, of the BA al-
gorithm, but it is three times bigger than the best
results obtained by the MSBA algorithm. It can be
observed (Figure 8) that the increase in the size of
the block results in the bigger acceleration of the
calculations.
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Figure 8. Computation time ratio of the MSBA
algorithm for different S;, /S, values.

7.2 Swarm entropy

Shannon’s information entropy (SIE) can be
used as a diversity measure of the swarm [7, 38].
For the population S, where k phenotype classes can
be distinguished, SIE is defined as follows:

SIE(S) =Y prlogpk 3)
k

where py is the proportion of S occupied by popula-
tion partition k at given time [38]. S/E characterizes
the amount of chaos in a system. Large values of
entropy correspond to small values of p; (each par-
tition has a non-significant number of individuals),
while small values of entropy correspond to larger
values of p; (significant number of individuals is
concentrated in a few partitions). For the popula-
tion S with size A at the iteration ¢, the SIE value
can be computed as follows [34]:

P;(t)logP;(t) 4

™=

1

where P;(t) = % P;() can be interpreted
j= g

as the proportion of the objective function value of

ith particle’s best position, 7;, at iteration . SI/E pro-
viding information regarding the spread of the indi-
viduals’ objective function values. High values of
SIE correspond to a wide spread of objective func-
tion values. Smaller values of S/E indicate similar
objective function values.

7.4086 : .
[——-1E=5 |
[ — LE =100
) e ]
7.4084
>
o
2
5
g7.4083
2
w
T7.4082
7.4081 -
7.408 . . . . . . . X !
D 20 40 60 80 100 120 140 160 180 200

Iter

Figure 9. MSBA swarm entropy for BCPS
problem with 50 workstations for LT = 5 and
LT =100 (A = 1600, n, = 177, n, = 80).

S4/S, = 630/2

5,/5, = 13/123
73711 g T g 7 713885

737705 | 7.13884

7.13883
7.377 1
7138821

737685
7.13881}

Swarm entropy

7.3769 1
7.1388

737685 ' 713879}

: - ) 713878 : —
50 100 150 200 0 50 100 150 200

Iter Iter

7.3768
0

Figure 10. MSBA swarm entropy for BCPS
problem with 50 workstations for Sy, /S, = 13/123
and S, /S, = 630/2 (A = 1600, n, = 177, n; = 80).

Figure 9 shows the SIE,(S) value for the pop-
ulation of the MSBA algorithm for the small and
high LT values. It can be noted that entropy practi-
cally does not change for the small LT value, while
for high LT value entropy decreases indicating loss
of population diversity. This observation proves
that low LT value allows better exploitation of the
promising regions of search space.
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For S,/S, = 630/2 the solutions space is
searched only by the two independent swarms,
which favours fast convergence, but contributes to
the small improvement of the objective function
value. It confirms the observation (Figure 10) that
entropy at the beginning is relatively low (i.e. the
objective function values are similar) and changes
a little until the end of the algorithm (about 5 -
1073). The reversed phenomenon can be observed
for S;,/S, = 13/123 when the solutions space is
searched by the 123 independent swarms with size
13, which improves exploration of the solutions
space and enables obtaining better solutions. In
this case, at the beginning entropy is relatively high
(i.e. objective function values are widely spread)
and changes significantly until the end of the algo-
rithm because swarms exploit different promising
regions of the solutions space.

8 Conclusion

The presented paper was devoted to the exami-
nation of the opportunities of the application of the
Bees Algorithm implemented on the CUDA plat-
form for the optimisation of the Conveyor Belt Pro-
duction Systems modelled as the QAP problem.

The proposed Multi-Swarm Bees algorithm,
opposite to its the CPU version, enables concur-
rent processing of the solutions (bees) in the swarm.
In the MSBA algorithm each bee (solution) is pro-
cessed separately in the thread (kernel) and the in-
formation about the results obtained by the bee is
exchanged only within the solutions belonging to
the same block. The swarms located in different
blocs do not exchange any information between
each other.

The presented experiments prove that the ac-
celeration offered by the MSBA algorithm on the
GPU platform enables fast, near-optimal, and ef-
fective tasks switching in the Conveyor Belt Pro-
duction Systems.

The results obtained by these two algorithms
show that selection of the appropriate parameters
of the MSBA algorithm, such as the block size, the
grid size, life expectancy and, especially, the size
of the neighbourhood enable obtaining from two to
three times better results than the CPU version of
the BA algorithm. It should be noted that the mono-
swarm BA algorithm for small values of the n, = 25

and n;, = 18 obtains better results than the MSBA
algorithm. However, the MSBA algorithm radically
outperforms the BA algorithm if the neighbourhood
size is about four times bigger. For example, for the
LT =200, Sp/S; = 179/9, n, = 177 and n; = 80
the average gap E,,, equals 0.59% which is three
times smaller and obtained two times faster in com-
parison to the BA algorithm. The large size of the
neighbourhood and the large life expectancy guar-
antee good results of the optimisation, several times
better than the results obtained by the CPU version
of the BA algorithm. Furthermore, if the number
of independent swarms S, increases, then the rela-
tive gap E,,, decreases, despite the fact that the total
number of the examined solutions is the same.

Moreover, the obtained results show that the
proposed MSBA algorithm for the CUDA platform
can offer considerable acceleration (1 = 21.2) of
the calculations in comparison to the BA algorithm
running on the CPU.

Nevertheless, obtaining better results by the
MSBA algorithm requires keeping the size of the
neighbourhood relatively large, which can cause the
elongation of the calculation time.

Swarm entropy presented in Figure 9 and Fig-
ure 10 shows that the life expectancy (LT) can
be successfully used for controlling exploration-
exploitation trade-off for the MSBA algorithm. Fur-
thermore, if the number of the independent swarms
is relatively large, then the algorithm obtains better
results.

The lesson learned shows that a low—end GPU
device can be successfully applied to optimisation
of the real life A P-hard discrete problems defined
for the Belt Conveyor Production Systems.

The results show that great emphasis should be
placed on the local search during implementation of
the multi-swarm population algorithms. The future
work will be devoted to developing new local search
procedures for the multi-swarm algorithms running
on the CUDA platform and to shortening of the time
computation by reduction of the divergence which
occurs when different instructions are executed by
threads at the same time. It leads to decreasing of
the computation efficiency as some cores run their
common instructions while the others remain idle.
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