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Abstract: In this paper we propose a parallel implementation of a hybrid
metaheuristics-based algorithm on computers with Graphics Processing Units (GPU)
using the CUDA programming environment. The presented hybrid algorithm combines
two metaheuristics: Ant Colony Optimization (ACO) and Simulated Annealing (SA). We
employ our approach for the real-world example application: optimal design of multi-
product batch plants. We describe the parallelization of our algorithm, and we evaluate the
performance of our GPU implementation. The results of our hybrid metaheuristic
approach (ACO+SA) are very near to the global optimal solutions, and they are produced
much faster than using the deterministic Branch-and-Bound approach.

Introduction

Selecting the production equipment of a Chemical-Engineering System (CES) is
one of the main problems when designing chemical multi-product batch plants, e.g., for
synthesizing chemical dyes and intermediate products, photographic materials, food,
pharmaceuticals etc. Using multi-product batch plants offers the opportunity of quick
response to market changes [1]. Building these plants from standardized modules can
additionally help to reduce the time to market and costs.

The design problem consists in determining the number and capacity of the major
processing equipment items, utilities, and storage tanks, such that the design and
production objectives are met at the lowest possible capital and operating cost. The
problem of optimal design of multi-product batch plants is typically formulated as a mixed
integer nonlinear programming (MINLP) problem [2]. Many nonlinear models for batch
design, which are based on the assumption of continuous sizes, can be reformulated as
mixed integer linear programming (MILP) problems when sizes are restricted to discrete
values [3]. Finding an optimal solution to this NP-hard problem can be a difficult task due
to the so-called “combinatorial explosion” — the number of combinations to be examined
grows exponentially, such that even the fastest computers require an intolerable amount of
time to analyze them.

A metaheuristic is a generic algorithmic template that can find high-quality
solutions of optimization problems [4] exploiting a trade-off of local search and global
exploration. Metaheuristics usually finds good-quality solutions for optimization
problems in a reasonable amount of time, but there is no guarantee that the optimal
solution is always reached [5].
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In this paper, we consider a challenging area of optimization — optimal design of
multiproduct batch plants. There has been an active research on efficiently solving such
and similar problems using metaheuristics. The classical n-queens problem was
addressed using the Ant Colony Optimization (ACO) [6, 7] and its combination with a
Genetic Algorithm (GA) [8].

In order to reduce the run time of metaheuristics-based approaches, their
implementation on different parallel architectures has been studied. In particular,
Graphics Processing Units (GPUs) are widely used by employing the CUDA
platform [9].

Problem Formulation

A chemical-engineering system is a set of equipment (reactors, tanks, filters,
dryers etc.) that implement the processing stages for manufacturing certain products.
Assuming that the number of units at every stage of CES is fixed, the problem can be
formulated as follows: CES consists of a sequence of I processing stages. Each i -th
processing stage of the system can be equipped with equipment units from a finite set
X;, with J; being the number of equipment units variants in JX;. All equipment unit

variants of a CES are described as X; = {xi’ ; },i =1,1,j=1,J; , where x;, ; is the main

size j (also called working volume or working surface) of the unit suitable for
processing stage i . Figure 1 shows an example of simple CES.
A chemical-engineering system variant Q,,e = LE ofa CES, where E = HiI:lJi

is the number of all possible system variants, is an ordered set of equipment unit
variants, selected from the respective sets.
Each variant €),, of a system must be in an operable condition (expressed by the

compatibility constraint) i.e., it must satisfy the conditions of a joint action for all its
processing stages: S(€2,) =0if the compatibility constraint is satisfied. An operable

variant of a CES must run at a given production rate in a given period of time
(processing time constraint), such that it satisfies the restrictions for the duration of its

operating period T (Qe) <T max , Where 1, max 1S a given maximum period of time.

A simple example CES consisting of 4 stages (/ = 4), where each stage can be equipped

with 2 devices (J; = J, = J; = J, = 2), i.e., the number of all possible system variants is 24 = 16:

i=1, J;=2. Component
preparation
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Fig. 1. Simple chemical-engineering system
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Thus, designing an optimal CES can be formulated as the following optimization

problem: to find a variant QZ €Q,,e= 1,_E of a CES, where the optimality criterion —

equipment costs Cost(Q:) — reaches a minimum, and both the compatibility constraint
and the processing time constraint are satisfied:

Q: = argmin Cost(Q,), e= L, E;

Ju—

Qe = {XI’jl,xz’jz ,...,xl’jI |jl :1,Ji,i:1,] , €=

xi’jEXi,l-Il,I,j:l,

T(Q,)<Tmax>e=1,

We use the comprehensive mathematical model of CES operation, including
expressions for checking constraints, calculating the optimization criterion, etc., which
was initially presented in [10].

The Hybrid Metaheuristic Approach

Our approach to the optimal design of multi-product batch plants is based on two
metaheuristics: Simulated Annealing (SA) and Ant Colony Optimization (ACO). SA is
widely used for solving optimization problems [5]; its key advantage is escaping from
local optima by allowing hill-climbing moves to find a global optimum. SA can deal
with arbitrary systems and objective functions; it often finds an optimal solution and
generally finds a good-quality solution.

Before searching for a solution using SA, we need a feasible initial solution. Our
search for a feasible initial solution is a Constraint Satisfaction Problem (CSP) [11]
without cost optimization, which consists in finding an operable variant of a CES. For
solving it, we use the Ant Colony Optimization (ACO) metaheuristic that provides
good-quality results in many applications, including CSP [7].

Figure 2 illustrates our parallel implementation of the hybrid (ACO+SA) approach
on a system comprising a CPU and a GPU. The application code consists of a sequential
code (host code for CPU) that invokes execution of hundreds or thousands of parallel
threads on the device (GPU), where threads execute the kernel code.

The implementation proceeds in the following five steps (shown from left to right
in Fig. 2):

| Step 1 | Step 2 | Step 3 | Step 4 | Step 5 |
I > > > > >|
- GPU (parallel part) —_0 GPU (parallel part) .
t . searches for the tog searches for the £ L
o3 ; ; 2T 0 ; ; QT3
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€ 3 []iThread 1  ACO 25> iThread1 SA (> E T O
o < poIIIIIIIIIIIIIIIIIIIIIIN o £ 0 SIITIITIIIIIIIIIIIIIIIIIND o 3
2o [PiThead2 AcO | |3 52 Theadz sa i 32 &
T oL 0 g2 pLIIIIIIIIIIIIIIIIIIIINI Q55
L g |>»|iThread3 ACO LES[>iTheads sa L2835
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Fig. 2. Hybrid algorithm structure
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1. CPU reads the input data, initializes the metaheuristics' parameters for ACO and
SA, sends data to GPU, and starts the kernel for ACO on the GPU.

2. The ACO kernel on the GPU searches for the first feasible solution — the initial
CES-variant. We use the Multiple Ant Colonies approach [12]: all colonies work as
threads in parallel to solve the problem independently. If some thread finds a solution
then all threads terminate. With more threads, the probability of finding a solution
increases, and therefore the search time is reduced.

3. CPU receives the obtained feasible solution, distributes it between threads as an
initial guess for SA, and starts the SA kernel function on the GPU.

4. The SA kernel on the GPU searches in each thread for the optimal solution with
the initial solution found by ACO, i.e., we do not try to reduce the time of one iteration,
but we rather increase the number of iterations executed simultaneously. Thus, the
chance of the algorithm to converge to the global optimum increases, even if all
instances use the same initial solution. A larger number of threads does not reduce the
run time of the algorithm, but rather increases the probability that some thread
eventually finds a nearly optimal solution.

5. CPU receives the SA solutions obtained by the GPU threads and chooses the
best among them — this is the final solution of our problem.

Experimental Results

Our experiments are conducted on a hybrid system comprising: 1) a CPU: Intel
Xeon E5-1620 v2, 4 cores with Hyper-Threading, 3.7 GHz with 16 GB RAM, and 2) a
GPU: NVIDIA Tesla K20c with altogether 2496 CUDA cores and 5GB of global
memory. We use Ubuntu 16.04.2, CUDA version 8.0, and GNU C++ Compiler version
5.4.0. The test CES example consist of 16 processing stages, with 2 to 12 variants of
devices at every stage (total 2'° to 12' CES variants). We solve the same problem on
the same test system using our hybrid metaheuristic approach (ACO+SA), and we
compare the results with the global optimal solution obtained by the Branch-and-Bound
(B&B) approach.

Figure 3 shows the program run time (vertical axis has a logarithmic scale) of our
hybrid approach vs. B&B depending on the problem size. The program run time of B&B
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Fig. 3. Run time (logarithmic scale) depending on problem sizes
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increases exponentially: while for problem size 2'® the run time is less than 1 sec, for
size 12'° the run time of B&B becomes prohibitively long at about 134 hours. The run
time of the sequential implementation of our hybrid algorithm is less than 0.1 sec for the
smallest problem, and it increases to about 580 sec for our maximal problem size.
The run time of the parallel implementation smoothly increases from 5 to 227 sec.
The parallel implementation is slower than the sequential implementation for smaller
problem sizes (2'° to 9'°), but for larger problem sizes (10" to 12'°) it is faster than the
sequential version by about 2.6 — 2.8 times. At first glance, the parallel speedup
of 2.7 times compared to the sequential case is small, but the quality of the solutions
obtained by the parallel implementation is significantly higher: the deviation from the
global optimum for the parallel implementation is less than 0.01% against more than
10 % deviation for the sequential version. This good quality of solutions is achieved by
the independent runs of SA: for a larger number of threads the probability that one of
the threads finds a nearly optimal solution is higher; e.g., because running a parallel
algorithm on 2500 threads is equivalent to the launch of the sequential algorithm
2500 times and the choice of the best among the found solutions.

Conclusion

Our new contribution in this paper is a novel hybrid (ACO+SA) metaheuristic
approach to solving the optimization problem for multiproduct batch plants design and
its parallel implementation on a CPU-GPU platform. We compare our results with the
global optimal solution obtained by the B&B method. Our experiments confirm that our
parallel hybrid approach obtains good-quality solutions which are very near to the
global optimal values obtained by a deterministic algorithm like B&B, but our approach
finds the solution much faster.

The research was generously supported by the DAAD (German Academic
Exchange Service) and by the Ministry of Education and Science of the Russian
Federation under "Mikhail Lomonosov I1”-Programme.
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IIpumMeHeHHe MaPaLIeIbLHOTO THOPUIHOT0O METAIBPUCTUYECKOTO
AJITOPUTMA JIJIsl ONTUMAIBLHOTO BBIOOpA
TeXHOJOTHYeCKOro 000pyA0BaHuUs
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KiroueBble c10Ba: KkoMOMHATOpHAS ONTUMH3ALUS, META3BPHUCTHUECKHUE aJro-
PUTMBI; MHOTOACCOPTHMEHTHBIE IPOU3BOJACTBA; ONTHUMAIBHBINH BBHIOOP TEXHOJIOTHYE-
CKOT0 000pyIOBaHMS; apaIJICIbHBIE aJITOPUTMEI.

AnHOTanms: IlpencraBieHa mapajienbHasi peaau3aunis HapauleIbHOrO THO-
PHUIIHOTO METa’BPUCTHYECKOTO AITOPUTMA ISl BBIYUCIUTENBHBIX CHCTEM, OCHAIIEHHBIX
rpadpuaecknmu ycxkoputensimu (Graphics Processing Units — GPU) ¢ ncnonp3oBaHuemM
cpexns! nmporpammupoBanust CUDA. TlpeanaraemMsiii THOPHIHBIN alTOPUTM OOBEAUHSICT
JIBE METa’BPUCTHKH: anropuTM MypaBbuHOW KosoHMH (Ant Colony Optimization —
ACO) u anroput™m umuTauuu omkura (Simulated Annealing — SA). PaccmarprBaemblii
MOXOJ] MCIOIb3YETCS AJIsl PEIICHNs IPUKIAIHON 3aJauil — ONITUMAIBHOTO MPOEKTUPO-
BaHHAd MHOT'OACCOPTUMCHTHBIX XUMHUUYCCKUX MPONU3BOJACTB. HpOBe[leHbl pacnapajicin-
BaHHEC aJilrOpUuTMa U OLCHKaA €ro MpOoMu3BOJUTCIBHOCTHU Ha BBIYHCIIMTEIILHOU CHCTEMC,
ocnamenHoi GPU. [lpencraBnennbiii rubpunabiii (ACO+SA) mnoaxon mo3BoJsieT
MOJYYUTh pelIeHus], ONn3Kue K rI00aJbHBIM ONTHMAIIBHBIM, HO 3a ropaszo Oojee Ko-
POTKOE BpeMsi 110 CPAaBHEHHIO C JETEPMHUHUCTUYECKHM aJITOPUTMOM, Ha OCHOBE BETBEH-
U-TPaHHMLI.
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Anwendung des parallelen hybriden metaheuristischen Algorithmus
zur optimalen Auswahl der technologischen Ausriistung

Zusammenfassung: Es ist eine parallele Implementierung des parallelen
hybriden metaheuristischen Algorithmus fiir Computersysteme vorgestellt, die mit
Graphics  Processing Units (GPUs) ausgestattet sind, die die CUDA
Programmierumgebung verwenden. Der vorgeschlagene hybride Algorithmus
kombiniert zwei Metaheuristiken: den Ant Colony Optimization (ACO) Algorithmus
und den Simulated Annealing (SA) Algorithmus. Dieser Ansatz wird verwendet, um ein
angewandtes Problem zu 16sen — die optimale Projektierung der
Mehrsortenchemikalienproduktion. Die Autoren parallelisierten den Algorithmus und
bewerteten seine Leistung auf einem Computersystem, das mit einer GPU ausgestattet
war. Der eingefiihrte hybride (ACO + SA) Ansatz ermdglicht es, Losungen zu erhalten,
die nahe dem globalen Optimum liegen, aber in einer viel kiirzeren Zeit als im
deterministischen Algorithmus, auf der Basis von Verzweigungen und Grenzen.

Application hybride paralléle de 1'algorithme metaheuristique
pour la sélection optimale de I’équipements technologique

Résumé: Est présentée la mise en ceuvre paralléle d'un algorithme hybride
paralléle metaheuristique pour les systémes informatiques équipés d'accélérateurs
graphiques (Graphics Processing Units — GPU) avec I’emploi de I'environnement de
programmation CUDA. L'algorithme hybride proposé combine deux metaheuristiques:
algorithme de la colone formique (AntColonyOptimization — ACO) et algorithme de
simulation de recuit (Simulated Annealing — SA). Cette approche est utilisée pour
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résoudre le probléme appliqué — conception optimale de la production chimique
multigamme. Les auteurs ont analysé l'algorithme et ont évalué ses performances
a ’aide d’un systéme informatique équipé d'un GPU. L'approche hybride présentée
(ACO+SA) permet d'obtenir des solutions proches a l'optimum global, mais en un
temps beaucoup plus court que l'algorithme déterministe, basé sur les branches et les
frontiéres.
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