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Preface

This CCIS volume 1754 contains the refereed proceedings of the Second International
Conference on Optimization, Learning Algorithms and Applications (OL2A 2022), a
hybrid event held during October 24-25, 2022.

OL2A 2022 provided a space for the research community on optimization and
learning to get together and share the latest developments, trends, and techniques, as
well as to develop new paths and collaborations. The conference had more than three
hundred participants in an online and face-to-face environment throughout two days,
discussing topics associated with optimization and learning, such as state-of-the-art
applications related to multi-objective optimization, optimization for machine learning,
robotics, health informatics, data analysis, optimization and learning under uncertainty,
and Industry 4.0.

Five special sessions were organized under the following topics: Trends in Engineer-
ing Education, Optimization in Control Systems Design, Measurements with the Internet
of Things, Advances and Optimization in Cyber-Physical Systems, and Computer Vision
Based on Learning Algorithms. The OL2A 2022 program included presentations of 56
accepted papers. All papers were carefully reviewed and selected from 145 submissions
in an single-blind process. All the reviews were carefully carried out by a scientific com-
mittee of 102 qualified researchers from 21 countries, with each submission receiving
at least 3 reviews.

We would like to thank everyone who helped to make OL2A 2022 a success and
hope that you enjoy reading this volume.
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Abstract. The Multistart Coordinate Search Filter (MCSFilter) is an
optimization method suitable to find all minimizers of a nonconvex prob-
lem, with any type of constraints. When used in industrial contexts, exe-
cution time may be critical, in order to keep production processes within
safe and expected bounds. One way to increase performance is through
parallelization. In this work, a second parallel version of the MCSFilter
method is presented, aiming at faster execution times than a previous
parallel implementation. The new solver was tested with a set of four-
teen problems, with different characteristics and behavior. The results
obtained represent an improvement of the execution times over all pre-
vious MCSFilter implementations (sequential and parallel). They also
allowed to identify bottlenecks to be lifted in future parallel versions.

Keywords: Optimization - MCSFilter Method - Parallelization

1 Introduction

The main goal of Multilocal Programming is to compute all the minimizers
(global and local) of constrained nonlinear optimization problems [9,17], i.e.

min f(2) (1)
where the feasible region is given by 2 = {x e R" : | <z < wu, g;(z) < 0,7 =
1,--- ki, h; =0,7 =1,--- ,ko}, [ and u are, respectively, the lower and the
upper bounds, and g; and h; are the constraint functions.

These problems may be simple bound problems, problems with more specific
constraints, or even problems with different types of variables. For instance,
problems can be nonlinear, nonconvex, with equality (or inequality) constraints
and with integer, continuous, or mixed integer variables [1,2,6].

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2022
A. I. Pereira et al. (Eds.): OL2A 2022, CCIS 1754, pp. 229-245, 2022.
https://doi.org/10.1007/978-3-031-23236-7_17
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Multilocal programming has a wide range of applications. Particularly, this
kind of problems are recurrent in some industrial contexts (e.g., Chemical Engi-
neering related), typically with the aim of obtaining global minimizers. Obtaining
these solutions in the shortest amount of time may be of utmost importance, spe-
cially if there are time-sensitive industrial processes at play. Efficiently solving
these problems can also generate economical savings for companies.

There is a considerable number of techniques and methods to solve those
problems. Nevertheless, there are some problem features that should be consid-
ered when choosing the solving method. For instance, a large number of problems
exists, with practical applications, where the derivatives are not known, or the
function is not continuous. In this case, the correct choice of the method to solve
the problem is really important [7,11].

The method addressed in this paper is MCSFilter, a derivative-free method
able to obtain the minimizers (in particular, the global minimizer) of a non-
convex, constrained, nonlinear programming problem. This method is based in
a multistart strategy, coupled with a coordinate search filter procedure to treat
the constraints. MCSFilter has already shown promising results [1,7], including
with real-world applications [3,4,14,16].

MCSFilter has also been implemented in several platforms and languages,
starting with a prototype in MATLAB [7] from which a JAVA implementation
was derived and used to solve process engineering problems [4]. More recently, a
C-based implementation was developed, also with base on the MATLAB code,
which proved to be faster than both the MATLAB and JAVA versions [5].

However, all these implementations are sequential, and thus cannot take
advantage of the parallel computing capabilities of modern multi-core architec-
tures, which basically became pervasive. Indeed, even industrial-level Systems-
on-Chips/embedded systems have already these capabilities in place, and so it
becomes imperative to re-architect applications to fully take advantage of them.
Having this in mind, a preliminary effort was already undertaken to produce a
first parallel version of the C-based MCSFilter implementation [15].

This paper gives continuity to that effort. We present an enhanced parallel
version of MCSFilter (ParMCSFilter2) that, like the predecessor (ParMCSFil-
terl), targets Linux-based multi-core shared memory systems and builds on the
Posix Threads programming model. The two versions are compared for a com-
mon set of reference problems, with the new version showing a considerable per-
formance improvement, while keeping or improving the amount of minimizers
found. In addition, the new version is put to the test with a set of medium/large
complexity problems, with the goal of assessing its performance and scalability.
This study allowed to identify some bottlenecks to be solved in future work.

The rest of this paper is organized as follows: in Sect. 2, the original MCS-
Filter algorithm is briefly revised; in Sect. 3, the parallelization approach is pre-
sented; in Sect. 4, the computational experiments conducted and its results are
discussed; finally, Sect.5 concludes and addresses future work.
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2 The MCSFilter Optimization Method

The MCSFilter algorithm was originally introduced in [8]. Its main purpose is
to find multiple minimizers of nonlinear and nonconvex constrained optimiza-
tion problems, without the use of derivatives. The approach used involves two
complementary tools: the exploration feature relies on a multistart strategy; the
exploitation of promising regions is based on the CSFilter algorithm.

The CSFilter procedure combines the coordinate search method with the
filter methodology to treat the constraints. Using the coordinate search has the
disadvantage of a slow convergence; nevertheless, it is easy to implement and
suitable for problems without derivatives [11].

In the original version, the MCSFilter algorithm sequentially calls, inside the
multistart part, the local procedure CSFilter. To avoid redundant local procedure
calls, the MCSFilter method takes into consideration the regions of attraction of
the minimizers already found. Thus, if an initial point, randomly generated, is
inside one of those regions, the local procedure may not be called for that point.

The stop condition of MCSFilter is related to the fraction of the unsearched
space, meaning that the algorithm stops if the following condition is met:

m(m+ 1)

Pryin = W <e (2)
where m is the number of different minimizers found, ¢ is the number of the local
procedure calls and € € (0, 1]. Further details can be found in [7,8].

To illustrate the application of this algorithm, the problem Pj later presented
in Sect. 4.1 is used, but only with simple bounds. The representation of the objec-
tive function can be seen in Fig. 1, where it is possible to observe the existence
of one global minimum and three local minima.

Fig. 1. Representation of the objective function of problem Ps.

Figure 2 shows, step by step, the MCSFilter algorithm when applied to obtain
the global and local solutions of the above problem. The red lines represent the
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(e) Fourth minimizer found (f) At the final stage

Fig. 2. Step by step illustration of MCSFilter [7].

first time the solution was found, the pink lines represent other calls that find
minimizers previously obtained, and the blue lines represent calls that weren’t
executed taking into account the regions of attraction.

3 Parallel Approach

Given the previous description of the MCSFilter algorithm, the easiest path
to its parallelization is to have multiple threads working in parallel, with each
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one conducting successive local searches until it meets the stop condition. This
approach is formally represented in Algorithm 1, where the main loop (lines 5
to 30) is executed in parallel by a set of worker threads, spawned by a master
thread; then, the master thread basically awaits (line 32) for the workers to
finish and consolidates and outputs the findings (line 33). This corresponds to
the classical master-workers model, which perfectly fits this use case.

In this approach, the worker threads share some data in order to prevent
repeating local searches already performed by others, and to evaluate condition
2 in a consistent way. This means there is a unique set of minimizers found,
shared by all threads, and they all must evaluate condition 2 based on glob-
ally shared variables representing m and t. These shared resources must be
adequately protected during concurrent access, by means of mutual exclusion
mechanisms.

The reasoning behind expecting a performance gain from this approach is as
follows: multiple local searches in parallel, departing from different random start-
ing points, increase the chance of finding minimizers and finding them sooner;
moreover, with more searches performed, and potentially more minimizers found,
the stop condition 2 will be met sooner and so the overall MCSFilter algorithm
will execute faster. It should be noted, however, that the parallel algorithm does
not exclude the possibility of the same minimizer being found multiple times by
different threads (but even then P,,;, decreases, as t increases).

Both parallel versions discussed in this paper share these general principles.
However, the more recent version introduced several optimizations. These dif-
ferences are next clarified on the sub-sections dedicated to each version.

3.1 First Version (ParMCSFilterl)

The first parallel version of MCSFilter [15] closely follows Algorithm 1, except
for the steps in blue. Its implementation was derived from a first C-based imple-
mentation [5] of MCSFilter which, in turn, corresponded to a direct translation
of the MATLAB primordial code, with the main focus on the correctness of the
implementation and not so much on the code optimization.

As such, the data structure used to store the minimizers found was a dynamic
array, that only grew (via realloc) one cell at a time, mimicking the MATLAB
code; discarding cells was implemented by marking them with a special flag,
thus avoiding shrinking the array, but incurring in some waste of memory.

The parallel variant was built on the POSIX Threads programming model,
and included the necessary mutual exclusion mechanisms to protect the shared
state between the threads (basically, PThreads mutex locks were used).

3.2 Second Version (ParMCSFilter2)

The second parallel version of MCSFilter (ParMCSFilter2) also follows
Algorithm 1, but now includes the steps in blue, as well as several other enhance-
ments. This version was derived from a new sequential C-based version [12],
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Algorithm 1. MCSFilter algorithm — Parallel Version
Require: M* =0, k=1,t =1, nthreads > 1;

1: Randomly generate x € [I, u]; compute Bpmin = min;=1,... n{u; — l; };

2: Compute m; = CSFilter(z), Ri = ||z — m1||; Set 1 =1, M™ = M* Umy;
3: Main thread creates nipreads worker threads

4: if Current thread = Worker thread then

5: while P,,;n > € do
6: Randomly generate = € [, ul;
7 Set 0o = argmin =1,k d; = ||z — m;|[;
8: if d, < R, then
9: if Ppin < € then break endif // check stop condition
10: if the direction from x to y, is ascent then
11: Set prob = 1;
12: else
13: Compute prob = ng(;—z, To);
14: end if
15: else
16: Set prob = 1;
17: end if
18: if ¢* < prob then
19: if Ppin < € then break endif // check stop condition
20: Compute m = CSFilter(z); set t =t + 1;
21: if P,.in < € then break endif // check stop condition
22: if ||m — m;j|| > ¥* Bmin, for all j =1,...,k then
23: Set k =k+1,mr=m,r, =1, M* = M*Umy; compute Ry = ||z —mg]|;
24: else
25: Set Ry = max{ Ry, ||z —mu||}; m=m+1;
26: end if
27: else
28: Set R, = max{Ro, ||z — mol|}; ro =10 + 1;
29: end if
30: end while
31: else
32:  Main thread waits for all Worker threads to finish
33:  Main thread consolidates and outputs results
34: end if

that used as reference the JAVA implementation of the MCSFilter method.
This JAVA version already included some improvements and refinements at the
algorithmic level. Moreover, being much more close to the C syntax than the
MATLAB version, its conversion to C was much more straightforward. Also, the
main data structure, used to store the minimizers found, was redesigned: it still
is based on a growing dynamic array, but the array grows by a chunk of cells
at a time, making its use much more efficient, as shown in [12]. The decision to
stick with an array as the main data structure is due to it being a cache-friendly
data structure. This decision, however, introduced unintended consequences for
the performance of the new parallel version, as later found (see Sect. 3.2).
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Similarly to the first parallel version, the new implementation was also pro-
duced by making use of the POSIX Threads programming model, that tar-
gets shared-memory multi-core systems. Besides being derived from a differ-
ent sequential version, several differences and enhancements deserve to be men-
tioned.

As already stated, the new version includes the steps in blue from Algorithm
1. These correspond to new evaluations of the stop condition, in addition to the
one performed at the head of the main loop (step 5), with the goal of allowing
worker threads to end as soon as possible, provided the stop condition is met.

Additionally, several shared resources (e.g., statistical counters, etc.) that
were protected by a single mutex lock, in the old version, were unfolded into
separate instances, per thread, allowing independent and simultaneous access,
without contention. The only downturn was the need for the master thread to
sequentially post-process those resources, but the additional time spent in this
activity was largely offset by the time spared by the worker threads.

Lastly in order to further improve performance and tackle a bottleneck iden-
tified in the access to shared structures, specially to the array of minimizers,
all PThreads mutex lock objects were replaced by PThreads read-write locks,
allowing full parallel read-access, while enforcing exclusive write access.

Together, all these changes translated in tangible performance gains, as
shown in the comparison performed between the two solvers — see next section.
However, as often happens when optimizing an application, removing a bottle-
neck may expose new ones in other areas. During the discussion of the perfor-
mance evaluation results the bottleneck identified in this new implementation
will be detailed and a possible solution to it will be presented.

4 Computational Experiments

This section is devoted to the experimental evaluation of both parallel solvers,
with the selected set of benchmark problems. The definition of each problem is
given below, along with the experimental evaluation conditions, as well as the
obtained results (both numerical and performance-related).

4.1 Benchmark Problems

A total of 14 benchmark problems were chosen from [7,13] (and the refer-
ences therein). The problems were selected so that different characteristics were
addressed: they are multimodal problems with more than one minimizer; they
can have just one global minimizer or more than one global minimizer; the
dimension of the problems varies between 2 and 310. These are the selected
problems:

—Problem (P;)

dimension: n = 10; known global minimum: f* = —391.6581

1 n
min f(x) = 3 fo — 1627 + 5
i=1
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st. —56<x; <H,i1=1,...,n
—Problem (P)
dimension: n = 2; known global minimum: f* = 0.75
min f(z) = 2% + (22 — 1)?
s.t. w9 — 23 =0
—1<z;<1,i=1,2
—Problem (P3)

dimension: n = 2; known global minimum: f* = —2.4305
min f(z Z sin (z;) + sin 22
=1 Z 3

s.t. — 2.5[‘1 — 3:62 + 27 S 0
3< 2, <13,i=1,2
—Problem (Py)

dimension: n = 2; known global minimum: f* = —64.1956
min f(z Z ri — 1627 + bx;
=1

s.t. (1 +5)* + (v2 —5)* =100 <0
—$1—$2—3§0
—5<w <5,i=1,2

—Problem (Ps)
Problem P; with dimension: n = 14; known global minimum: f* = —548.3261

—Problem (F)
dimension: n = 300; known global minimum: f* =0

n—1
min f(z) = (27 4+ 227, — 0.3 cos(3mz;) — 0.4 cos(4mz;41) + 0.7]
1

i
st. =16 <z, <15,t1=1,...,n

—Problem (Pr)
dimension: n = 5; known global minimum: f* =0

Za: l2+sm< ﬂ Hxﬁéo
0 ,Exle

min f(x) =
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st. —1<z; <1,i=1,...,n

—Problem (FPy)
dimension: n = 5; known global minimum: f* = —1

min f(z) = —exp (—0.5 Zx?)

st. —1<z; <1,i=1,...n

—Problem (Py)
dimension: n = 50; known global minimum: f* =

min f(z) = 1:[ L+ (i4+ 1)) | 2% 2—’“]
1=0 k=1

st.0<x; <100,z =1,...,n

—Problem (P10>
dimension: n = 310; known global minimum: f* = 2

n—1
min f(2) = (14+2,)"" s wn =n— >
1=1

st.0<z; <1,i=1,...,n

—Problem (Py1)
dimension: n = 150; known global minimum: f* =0

3
|

1
min f(x) = [100(5612 —xi41)% + (2 — 1)2]
i=1

-+

st. —5<z;,<10,:=1,...,n

—Problem (Py2)
dimension: n = 5; known global minimum: f* = 0

min f(x) =1 — cos

st. —100 < x; <100,2=1,...,n

—Problem (P;3)
dimension: n = 300; known global minimum: f* =0

n VT
min f(z) = (Z x?)

237
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st. —100 < z; <100,z =1,...,n

—Problem (Py4)
dimension: n = 5; known global minimum: f* =0

min f(x Z [27 — 10 cos(2mz;) + 10]
=1

st. —5.12< 1, <512i=1,...n

Problems P; to P, were already considered in the preliminary evaluation of
the old parallel solver [15] (ParMCSFilterl) and are now considered again to
allow for a comparison with the new parallel solver (ParMCSFilter2). The 10
newly introduced problems, P5 to P;4, are to be all solved only by the new solver.
They are all multidimensional and the definition of the dimension on each one
was made to ensure an execution time from a few seconds to up to around 1 min
(small, or very small execution times are usually not appropriate for a scalability
study). The visualization of some of these problems, with n = 2, can be seen in
https://www.al-roomi.org/benchmarks, where it is possible to observe the hard
problems that were chosen to be solved.

4.2 Experimental Conditions

The problems were evaluated in the same computational system used in previous
related works [5,15] — a virtual machine in the CeDRI cluster with 16 cores from
an Intel Xeon W-2195 CPU, 32 GB of RAM, Linux Ubuntu 20.04 Operating
System and GNU C Compiler (gcc) version 9.3.0 (optimization level -O2 used).

All problems were solved 100 times, each time with a different random num-
ber generator seed per each thread used. Such a number of executions, all with
different seeds, prevents any possible biasing in the results. The execution times
presented are an average of the 100 executions, ignoring the first one. The bench-
mark process was fully automated, with the help of BASH scripts.

4.3 Solvers Comparison

In this section, the previous (ParMCSFilterl) [15] and the new (ParMCSFilter2)
multithreaded implementations of MCSFilter are compared for problems P; to
P,. Again, these problems were selected due to being the same used for the
validation of the preliminary ParMCSFilterl solver [15]. For this comparison,
both implementations shared the following common parameters:

— Fraction of the unsearched space (MCSFilter stop condition): ¢ = 1071
(Eq. 2);

— Newly found minimizers (line 22 of the algorithm): v* = 10~};

— Local search CSFilter stop condition (¢ < min): Qumin = 107°
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—8— Time(ParMCSFilter2) (s) 0,18
4 =& Time(ParMCSFilterl) (s)

0,16
0,14
0,12

0,1

=@ Time(ParMCSFilter2) (s)

0 =—4&— Time(ParMCSFilter1) (s)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
(a) Problem Py (b) Problem P,
45 45
4 4
35 3,5
3 3
2,5 2,5
2 2
15 15
1 1
05 == Time(ParMCSFilter2) (ms) 05 == Time(ParMCSFilter2) (s)
0 == Time(ParMCSFilterl) (ms) 0 == Time(ParMCSFilterl) (s)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
(c) Problem Ps (d) Problem Py

Fig. 3. ParMCSFilterl vs ParMCSFilter2: execution time for problems P;—Py

Table 1. Speedups of the new MCSFilter parallel solver against the old solver.

Threads (n) | 1 2 3 4 5 6 7 8 9 10 | 11 | 12 | 13 | 14 | 15 | 16
Prob P; 9.3 93|85 |73|52|4.1|35|3.2(3.2/3.2|35|3.8/[4.0/3.8[4.1|4.2
Prob P> 3.9/37|34 (34|34 |32|2.1|/26 |34 |3.3|53/2.1[(34|3.3|/3.3|3.0
Prob P3 48 27/6.2|38|46 1.2|3.3 |36 (3.8 1.2|43/1.2|(36|1.6|3.3|14
Prob Py 1.2 /11|04 /09/0.2/05 (1.1 10|19 24/|15|08 12|17 /12|21

Figure 3 shows the execution time of both solvers, for the common set of
problems, with a different number of threads. All times plotted are measured in
seconds, except for problem Pjs, for which times are represented in milliseconds.

Except for problem Py, the performance gains introduced by the new parallel
solver are very noticeable. Table 1 shows the speedups involved, corresponding
to the ratio Time(ParMCSFilterl) /Time(ParMCSFilter2). These speedups vary,
depending on the problem and number of threads. Problem P; is the one where
the new solver introduces higher speedups (between 3.2 and 9.3), while in prob-
lem P, it may be marginally faster or visibly slower (speedup of 2.4 vs 0.2).

The execution times exhibit a different evolutionary pattern as the number
of threads increase. For problem P;, that pattern is smooth and matches the
expectations. But for the other problems it becomes very irregular. The irregu-
larities for problems P», P3 and P, can be explained due to these being problems
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with equality (P2) and inequality (P5 and Pj) constraints in addition to simple
bounds. More specifically, for problem P, (the one with more extreme varia-
tions), due to the complexity introduced by the constraints and the randomness
introduced by the algorithm, we observed individual execution times between
0.001157 and 104.779081s using the old solver, while in the new solver that
range was considerably tighter (between 0.000747 and 40.638619 s). It should be
noted that for both solvers these times are not directly related to the number of
threads used, meaning there could be extremely large or small execution times
with any number of threads. With this in mind, for problem P,, even though
the new solver does not translate in a significant performance improvement, the
multithreaded behaviour is nevertheless more stable.

It is also fair to say that the optimizations introduced in the code of the
new solver make it more efficient to the extent that it became harder to collect
additional benefits from parallelization. A significant amount of the execution
time in each thread is now spent in the CSFilter local search (line 20 of Algorithm
1), that is intrinsically sequential (non-parallelizable), and in changing the shared
set M* of minimizers (line 23), which can only be done by one thread at a time.

Table 2. Number of minimizers found by each solver vs number of known minimizers.

Threads (n)
Problem | Known Mins | Solver 1 2 3 4 5 6 7 8
P 1024 Old | 884.8 | 884.5 | 881.5|880.0 877.1|878.8 878.5|875.3
New |1002.9 | 1003.1 | 998.0 | 995.2 | 994.3 | 997.7 | 998.5 | 993.8
P, 9 Ol1d 4.1 4.2 42 | 44 | 43 | 45 | 46 | 4.8
New | 2.4 2.4 23 | 23 | 23| 23 | 23 | 25
P, 4 Old 3.9 4.0 39 | 41 4.1 | 4.1 | 4.1 4.1
New | 3.99 4.0 | 398 | 4.0 | 399 | 3.99 | 4.01 | 4.0
P, 5 Oold 4.3 4.4 45 | 46 | 46 | 4.7 | 48 | 4.7
New | 4.8 4.8 4.8 | 4.7 | 47 | 4.7 | 48 | 4.6

(a) Number of threads: n=1...8

Threads (n)
Problem | Solver | 9 10 11 12 13 14 15 16 | Average Mins
P Old |875.4|871.2 868.1|873.3|876.1|872.6| 873.9 | 876.2 | 876.7 (85.6%)
New [992.41999.4 | 998.6 | 999.1 1 999.9 | 999.8 | 1001.7 | 1002.0 | 998.5 (97.5%)
P, Old | 47 | 49 | 49 | 48 | 5.0 | 49 5.0 4.6 | 4.6 (230.4%)
New | 2.3 2.4 2.4 2.4 2.6 2.3 2.4 2.5 2.4 (118.4%)
P, Old | 4.1 4.1 4.1 4.2 4.2 4.1 4.2 4.2 4.1 (102.3%)
New | 4.01 | 4.0 | 3.98 | 4.01 | 4.01 | 4.01 | 3.99 4.0 4.0 (100%)
P, Oold | 4.7 4.9 4.9 4.9 4.9 5.0 4.9 5.0 4.8 (95%)
New | 4.7 | 4.7 | 46 | 4.6 | 4.7 | 4.5 4.7 4.5 4.7 (93.8%)

(b) Number of threads: n=9...16

To finish the comparison between the solvers, Table 2 shows the average num-
ber of minimizers found by each one, for each problem, with a different thread
number. The table also contains the number of known minimizers (Known Mins)
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and a global average (Average Mins) of the specific averages of each number of
threads; this global average is both presented as an absolute value and also as
a relative (%) value against the Known Mins. It can be concluded, for both
solvers, that the number of threads used doesn’t have a systematic influence on
the amount of minimizers found (e.g., that amount may grow or shrink with
the number of threads). However, the new solver seems to better avoid overesti-
mating the number of minimizers found (problems P, and Ps), while improving
(problem Pj) or keeping the same findings as the old solver (problem Pj).

4.4 Performance of the New Solver with Demanding Problems

In this section the performance of the new implementation is assessed when
solving problems P5; to Pp4. As previously stated, these are multidimensional
problems that take some time to solve and so are deemed more appropriate to
be handled by a parallel solver, once it should be able to generate more sensible
performance gains than with problems that are not so demanding.

Figure4 and Fig.5 present the execution time of problems Ps to P4, with
a number of threads ranging from 1 to 16. The results are split in two different
charts, to allow a better visualization and reflect the type of evolution (regu-
lar /irregular) of execution times as the number of threads used grows.

N ——— P8
45§
\1 P10
20 1 = == =P11
\ P12
2 35 )
£ \
'; 30 2 »
S R 4
5 \ - o -
g 21y Se T 2 +- 2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Threads

Fig. 4. ParMCSFilter2: execution time for problems Pr, Ps, Pio, P11, Pi2

As may be observed in both figures, the execution time (7;,) decreases with
the number of threads used (n), in general up to 3 threads. But further increas-
ing the number of threads does not translate in lower execution times, with very
few exceptions (P; with 4 threads, Py with 5 threads, P;; with 7 threads, and
Py5 with 10 threads) that, however, benefit very little from the extra number of
threads. These exceptions may be easily identified in Table 3, corresponding to
problems with very poor parallel efficiency (< 50%). The table shows the maxi-
mum speedups (5, = T1/T),) achieved for each problem, and the corresponding
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70

N
o

w
o

Execution Time (s)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Threads

Fig. 5. ParMCSFilter2: execution time for problems Ps, Ps, Py, P13, Pia

number of threads (n) and parallel Efficiency (E,, = S,,/n). Only problems for
which the best speedup is reached with 3 threads are able to ensure a parallel
efficiency of at least 50%. Moreover, the speedups achieved for these problems
are very modest, ranging from 1.5 to 2.4. Clearly, a serious bottleneck is at play.

Table 3. ParMCSFilter2: Best Speedups achieved and respective number of threads.

Ps | Ps | Pr | Ps | Po | Pio| P1i1| Pi2| P13 | Pua
Number of threads (n) | 3 3 4 3 5 3 7 10 3 3
Maximum speedup (Sp) | 2.4 |1.96 | 1.67 | 1.5 | 1.93|2.05|1.99|1.73|1.92 | 1.87
Parallel efficiency (Ey) | 80% | 65% | 42% | 50% | 39% | 68% | 28% | 17% | 64% | 62%

Through some investigation it was possible to identify the major bottleneck
in the new solver, explaining the sudden loss in performance with more than 3
worker threads. The bottleneck derives from the decision brought up in Sect. 3.2,
to keep using a growing dynamic array as the main data structure to store the
minimizers found (albeit with some modifications). As it was found, the main
problem identified with this this approach is the high contention suffered by
worker threads when trying to access the shared array, despite replacing the
mutex lock of the old solver with a read-write lock in the new one.

There are several reasons for this. Firstly, it’s an unsorted array and the algo-
rithm needs to compare every single member with a new minimizer candidate,
having to perform a write either once it finds a match or adding it to the end
of the array once it’s done iterating it. This O(n) search may end up to be very
costly, specially for problems with many possible minimizers. Secondly, the com-
petition between threads for read/write access rights to the array becomes more
intense as the number of threads grows, which further aggravates the problem.
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Thus, even though the local search method is executed in parallel by the
worker threads, execution times are strongly penalized by the need for exclusive
access to shared data. A possible solution to this problem is to replace the
dynamic array by a lock-free sorted data structure, like lock-free Binary Search
Trees [10]. Although less cache-friendly, such data structure brings with it at
least two benefits which fit our current problems: the binary search represents
a much better time complexity compromise O(log(n)); it solves (or minimizes)
the read/write access contention problem. This will be pursued in future work.

Finally, it was also found that the parallel algorithm may have a limitation
regarding the unaccounted redundant searches introduced by the parallelism to
local searches, as mentioned in Sect. 3. The reason for this is that there may be
multiple threads executing a local search for the same minimizer simultaneously,
without before taking advantage of the attraction radius, as it is only updated
at the end of each local search. Therefore, as more threads are employed, more
redundant searches will occur, resulting in more total time spent processing each
local search. A solution for this could be the introduction of a new mechanism
in the algorithm to reduce currently unaccounted redundant searches.

5 Conclusions and Future Work

Due to the nature of the local procedure (a pattern search method), the MCS-
Filter algorithm may take considerable time to converge to the solution. With
this in mind, the original MATLAB implementation was re-coded in JAVA and
later in C, with every new implementations showing increased performance over
the previous one. In the quest for more performance, parallelization was the next
logical step. After a first attempt laid out the foundation of the parallel app-
roach to be taken [15], this paper presented a refinement of the approach, which
exhibits better performance than the first parallel solver (that already surpassed
all sequential versions), while keeping or improving the number of minimizers
found. Moreover, the new parallel solver was shown to solve specially demanding
problems in half the time of their sequential execution. And, even though some
scalability constraints were found with more than 3 worker threads, the current
parallel solver is certainly able to take advantage of low core-count computing
systems, like those usually found in industrial-level /embedded systems.

In the future, aiming to overcome the scalability bottlenecks identified, the
shared data structure used to store the minimizers will be replaced with a lock-
free alternative. It is expected that such change will provide the desirable per-
formance and scalability levels for a parallel multilocal programming solver.

Other possible parallelization approaches will also be investigated, namely
based on the domain decomposition of the search space. From a performance
perspective, these are usually very promising. However, this would result in the
finding of possible minimizers in each sub-domain that could be false positives
and would need further validation (their exclusion could be done by checking
their compliance with the problem restrictions within the admissible region).

We will also revisit the MCSFilter algorithm in order to assess the possibility
of a parallel implementation using many-core co-processors, namely GP-GPUs.
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