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Abstract. Compiler developers typically design various optimization
options to produce optimized programs. Generally, it is a challenging
task to identify a reasonable set of optimization options (i.e., compiler
optimization sequence) in modern compilers. Optimization objectives, in
addition to the target architecture and source code of the program, influ-
ence the selection of optimization sequences. Current applications are
often required to optimize two or more conflicting objectives simultane-
ously, such as execution time and code size. Existing approaches employ
evolutionary algorithms to find appropriate optimization sequences to
trade off the above two objectives. However, since program compilation
and execution are time-consuming, and the two objectives are inherently
conflicting, applying evolutionary algorithms faces the diverse objec-
tives influence and computationally expensive problem. In this study, we
present a surrogate-assisted multi-objective optimization approach. To
speed up the convergence, it employs a fast global search based on non-
dominated sorting. The approach then uses two surrogate models for each
objective to generate approximate fitness evaluations rather than using
actual expensive evaluations. Extensive experiments on the benchmark
suite cBench show that our approach outperforms the baseline NSGA-II
on hypervolume by an average of 11.7%. Furthermore, experiments ver-
ify that the surrogate model contributes to solving the computationally
expensive problem and taking fewer actual fitness evaluations.

Keywords: Multi-objective -+ Compiler optimization sequence
selection - Surrogate model

1 Introduction

Today, the compiler is one of the most important foundations of the complex
software infrastructure, and it has been used to generate optimized executable
binaries for several decades [4,14]. Modern compilers provide numerous compiler
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optimization options to satisfy a wide range of complex optimization require-
ments (e.g., code size and execution time). GCC, for example, offers hundreds
of optimization options. As a result, it is impractical to select the best compiler
optimization sequence from massive optimization options to optimize programs
by hand. Despite the fact that compilers provide some predefined standard opti-
mization levels (-01,-02,-03,-Os, etc.) with a fixed optimization sequence, they
fail to achieve the best performance on every program [3,4,9].

Besides, when selecting an appropriate compiler optimization sequence, the
selection is indeed influenced not only by the program source code and the target
architecture but also by the optimization objectives [8]. For the compiled object
code, however, the code size and execution time are two conflicting objectives.
The program will be expanded if you pursue the program’s execution time.
On the contrary, pursuing smaller executable code frequently results in slower
program execution speed [21].

In previous studies, multi-objective optimization algorithms were used to
select optimization sequences to make a trade-off between code size and execu-
tion time. Lokuciejewski et al. [16,17] applied SPEA2, NSGA-II, and IBEA to
select optimization sequences that reduced execution time and code size. Exper-
iments show that the performance of these algorithms is significantly improved
compared with standard optimization levels. Chebolu and Wankar [8] used a
novel genetic algorithm based on weighted value functions to obtain a faster
execution time than the binary code generated by “-Ofast”, while the code
size does not exceed “-OS”. Ansel et al. [2] introduced “OpenTuner”, an open-
source framework for constructing multi-objective optimized compiler optimiza-
tion sequences. The framework supports the user-defined setting of multiple
search methods to search for the appropriate optimization sequence.

However, the key issue in applying the multi-objective optimization algorithm
in selecting compiler optimization sequences is its efficiency. On the one hand,
multi-objective optimization needs to search the whole objective space, and the
conflicting objectives may influence the convergence rate to some extent [15]. On
the other hand, because compiling and executing a program is time-consuming,
the computational cost of fitness function evaluations is high, and the number of
evaluations required to obtain Pareto-optimal solutions is restricted. This brings
up the computationally expensive problem.

To address the above two challenges, we propose a novel surrogate-assisted
multi-objective optimization approach that efficiently selects promising opti-
mization sequences. The approach contains two key components: a fast global
search and surrogate models. Firstly, a fast global search based on non-dominated
sorting is adopted to deliberate the overall performance on different objectives.
Secondly, surrogate models are employed to approximate the expensive fitness
functions to avoid a lot of actual compilation and execution. In the iterative
process, two surrogate models for execution time and code size are used to deter-
mine which individuals can be incorporated into the non-dominated solution set.
These individuals are then compiled and executed to obtain fitness values. Our
goal is to develop an efficient approach for the computationally expensive multi-
objective problem with over one hundred variables. Here, we use random forest
surrogate models to approximate the expensive compilation.
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Furthermore, we study our approach experimentally on the compiler GCC
and the benchmark suite cBench [11]. Experimental results demonstrate that our
approach performs averagely better than NSGA-II by 11.7% on hypervolume.
Besides, the impact of the parameters: crossover rate and mutation rate, is inves-
tigated. It shows that configuring the two parameters has no noticeable effect on
our approach. Additionally, a comparison between the convergence rate of our
approach and a variant without surrogate models indicates that the surrogate
models contribute to the efficiency of compiler optimization sequence selection.
The contributions of this paper are summarized as follows:

— A novel approach is proposed for efficiently selecting optimization sequences
to reduce program code size and speed up execution.

— Surrogate models and a fast global based on non-dominated sorting are devel-
oped to overcome the challenges of the computationally expensive problem
and the influence of diverse objectives.

— Experimental studies conducted on the compiler GCC and the benchmark
suite cBench show that our approach not only identifies better compiler opti-
mization sequences, but also involves fewer expensive fitness evaluations.

The remainder of this paper is organized as follows. Section 2 describes the
background of the compiler optimization sequence selection. Section 3 provides a
detailed description of the proposed approach. Studies comparing the proposed
approach with NSGA-II and the experimental results are presented in Sect. 4.
Finally, Sect. 5 concludes the paper with a summary and some ideas for future
work.

2 Background

In this section, we introduce the background knowledge of compiler optimization
sequence selection as well as the multi-objective optimization for the compiler
optimization sequence selection.

2.1 Compiler Optimization Sequence Selection

The compiler provides plentiful optimization options to satisfy different perfor-
mance requirements. A set of compiler optimization options forms an optimiza-
tion sequence. We define the problem as compiler optimization sequence
selection if we disregard the order of the compiler optimization options and
instead focus on whether an optimization option is applied. Many previous stud-
ies [1,5] have shown that the interactions among optimization options are so
complicated that they have a significant impact on program performance.

The problem of compiler optimization sequence selection can be formalized
as follows:

Let a Boolean vector seq = {01,02,03,...,0,} be a compiler optimization
sequence, and n is the number of optimization options under analysis. The ith
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element o; in seq represents the ith optimization option used. Besides, the value
of an optimization option o; is 0, = 1 or o; = 0, indicating whether the opti-
mization option is turned on or off.

Given a program P that is being optimized, one or more of the effective opti-
mization sequences seq will be found and provided to the compiler to generate
smaller or faster machine object code.

Furthermore, the search space S = {0,1}" of the problem has an exponential
space. For instance, if we only analyze n = 10 optimization options and select the
right optimization sequence, we need to explore a total state space of 2" = 1024.
In practice, there are far more than ten, even hundreds of optimization options
available when using the compiler to optimize the program. Thus, developers
face a significant challenge in manually selecting an appropriate optimization
sequence. Automatic methods are necessary to be introduced.

2.2 Multi-objective Optimization for Compiler Optimization
Sequence Selection

This study focuses on the optimization of execution time and code size of the
machine object code. The program’s execution time should be as short as possi-
ble during the process of compiler optimization sequence selection using multi-
objective optimization. Additionally, to save storage space, the code size should
be as small as possible. For easy understanding and unified representation, we
design two fitness functions to calculate execution speedup and code size reduc-
tion, respectively (as shown in Egs. 2 and 3 in Sect. 3). In summary, we set the
maximum execution speedup and the maximum code size reduction as two opti-
mization objectives in our study.

The multi-objective optimization problem of compiler optimization sequence
selection is formulated in Eq.1 as follows:

max (Fitnesss(seq), Fitnesst(seq)) (1)
seqeS

where Fitnesss(seq) is the fitness functions for code size and Fitness;(seq) is
the fitness functions for execution time. The compiler optimization sequence
is denoted by seq, and the search space is denoted by the set S. Finding a
feasible compiler optimization sequence that maximizes code size reduction and
execution speedup at the same time is unthinkable. As a result, we seek to
investigate and identify Pareto optimal solutions that cannot be improved in
any objective without degrading others.

3 The Proposed Approach

This paper proposes a surrogate-assisted multi-objective optimization algorithm
for optimization sequence selection to enhance the performance in terms of exe-
cution time and code size. In this section, we will first present the solution repre-
sentation and the fitness function in our approach. Following that, our approach
is described in detail. Finally, we introduce the surrogate model that we used in
our approach.
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Fig. 1. The solution representation

3.1 Representation

For the current study of selecting the best optimization sequences, a candidate
solution represents an optimization sequence that is composed of optimization
options from the four standard optimization levels (-O1,-02,-03, and -Os). The
solution representation in this paper is shown in Fig. 1.

Here, we use a vector to represent a solution, with the first two dimensions
representing the encoding of four standard optimization levels and the remain-
ing dimensions representing compiler options. For example, we set the first two
dimensions to ‘00’, ‘01’, ‘10’, and ‘11’ to represent -O1, -O2, -O3, and -Os, respec-
tively. The rest dimensions’ values are Boolean values that are represented as
genes on a chromosome. We set the value to 1 or 0, where 1 indicates that we
select the optimization option to optimize the program and 0 indicates that the
optimization option is disabled. As illustrated in Fig.1, the compiler is then
informed of the optimization selection information via -f(optimization option)
and -fno-(optimization option), which indicate the selection or non-selection of
the optimization option.

Besides, a solution has a fixed size, which includes two label bits (the first
two dimensions) and all optimization options used in this study. Because the
compiler GCC has its own logic when invoking the optimization option, the
order of the optimization options that we provided has no effect on the results.
We keep the same order of the optimization options that the compiler is given.

3.2 Fitness Function

The fitness function is intended to assess the quality of a candidate solution. In
our study, we look at two objectives: execution time and code size. To measure
the code size reduction and execution time speedup of a candidate optimization
sequence seq, two fitness functions Fitnesss(seq) and Fitness;(seq) are defined.
As shown in Egs. 2 and 3, the two fitness functions use the default -O0 and -O3
as bases, respectively. The optimization level -O0 does not optimize the program
at all, while -O3 provides the most aggressive optimization on execution time.

Fitnesss(seq) = code_size(-00) — code_size(seq) (2)

where code_size(seq) represents the code size of the executable file when the
optimization sequence seq is applied to the program. We apply the ‘size’ com-
mand to the generated executable file, which yields the code size corresponding
to the optimization sequence.

Fitness:(seq) = execution_time(-O3)/execution_time(seq) (3)
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where execution_time(seq) represents the execution time of the executable file.
Similarly, we use the ‘time’ command to get the execution time while the exe-
cutable file is running.

3.3 Surrogate-Assisted Multi-objective Optimization Algorithm

We develop a novel surrogate-assisted multi-objective optimization algorithm
to address the challenges of diverse objectives influence and the computation-
ally expensive problem mentioned in Sect. 1. The pseudo-code of the proposed
approach is presented in Algorithm 1.

First of all, the approach generates some parameters and functions, such as
population size prym, crossover rate p,, mutation rate pg, optimization sequence
seq, program P, and the fitness functions for execution time Fitness;(seq) and
code size Fitnesss(seq). A set of solutions in population is randomly initialized
before the iteration begins (line 2). These solutions are then evaluated using the
actual expensive fitness functions (i.e., Flitness;(seq) and Fitnesss(seq)). The
non-dominated solutions are archived in Archive (lines 3-5). Meanwhile, two
surrogate models for execution time and code size are constructed in line 6 to
predict the fitness values of optimization sequences.

In the main loop (lines 7-22), we apply crossover, mutation, and selection to
generate a new population in the evolutionary process. Concretely, the crossover
operator and mutation operator are utilized to produce offspring (lines 8-9).
Here, we use the traditional single-point crossover [10] to generate child solutions
and bit flip mutation to mutate the solution. Then, using two surrogate models,
Surrogates() and Surrogates(), we evaluate all solutions in the offspring and
obtain their approximate execution time and code size (line 10).

Afterward, the new population is reproduced by combining the parent and
offspring populations using nondominated_sorting(population) and selection
(population, ppum) (lines 11-13). Before applying the selection mechanism, a
fast non-dominated sorting procedure is used in population to divide the pop-
ulation into non-dominated fronts F = {F1,F2,..., Fn}. The non-dominated
solutions in population belong to the front F'1. The solutions in F'1 are then
discounted temporarily, and the non-dominated solutions in the remaining pop-
ulation form the next front F'2. Repeating the above procedure until all solu-
tions in population are assigned to a front. During the selection process, solu-
tions are chosen from the front F'1 to F'n, which can help maintain the elitism
while also generating good solutions. Furthermore, for solutions along the same
front, crowding distance is used to select suitable solutions until the number of
population reaches Prnym-

Following that, all solutions in the new population that are offspring are
reevaluated using Fitness;(seq) and Fitnesss(seq) to get their actual fitness
values (lines 14-18). In lines 19-20, the new population is sorted again, and
the non-dominated solutions are saved in Archive. Next, two surrogate models,
Surrogate() and Surrogates() are updated until they achieve a high level of
accuracy. When the program reaches the stopping criterion, the evolutionary
process is terminated.
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Finally, the achieved solutions in Archive are regarded as Pareto optimal
solutions.

Algorithm 1: Surrogate-assisted Multi-objective optimization algorithm

Input: population size pnum, crossover rate p,, mutation rate pg, optimization sequence
seq, program P, the fitness function of the objective execution time Fitness_t(seq),
the fitness function of the objective code size Fitness_s(seq)

Output: pareto optimal solutions Archive

begin

1

2 population «—— Initialize(Prum)

3 Evaluate population using Fitnessi(seq) and Fitnesss(seq)

4 population «—— nondominated_sorting(population)

5 Archive «—— the_non-dominated_solutions in population

6 Construct two surrogate models for each objective, Surrogate,() and Surrogates()

// Generating the next population in the evolutionary process

7 while Stopping criterion is not met do

8 of fspring «— crossover(population, p,)

9 of fspring «— mutation(of fspring, pg)
10 Evaluate of fspring using two surrogate models Surrogate;() and Surrogates()
11 population «—— population U of fspring
12 population «+— no — ndominated_sorting(population)

13 population «—— selection(population, ppym)

14 for seq; € population do

15 if seq; in of fspring then

16 | Evaluate seq; using Fitness(seq) and Fitness,(seq)
17 end

18 end

19 population «—— nondominated_sorting(population)
20 Archive «+— the non-dominated solutions in population
21 Update two surrogate models Surrogate:() and Surrogates()
22 end
23 return pareto optimal solutions Archive
24 end

3.4 Surrogate Model

Random Forest. The random forest [6] is an ensemble learning algorithm
based on the bootstrap sampling technique that consists of several decision trees
to solve classification or regression tasks. It is one of the most commonly used
methods in numerous studies as the surrogate model [7,13,19]. For classification
or regression tasks, the random forest constructs a multitude of decision trees
and uses the result of most trees selected or the mean value of all trees returned
to make the prediction. Therefore, the random forest outperforms any individual
tree in terms of performance.

In this study, we also utilize the random forest as a surrogate model. Because
we are concentrating on the compiler optimization options, and their values are
Boolean values. Besides, the current study has demonstrated that the random
forest as a surrogate model is very suitable for approximating such problems with
discrete decision variables [13]. Additionally, the random forest has advantages in
dealing with high-dimensional problems and can avoid over-fitting problems [12,
20]. Since over one hundred optimization options are considered in optimization
sequence selection, we use the random forest in our work to approximate two
objectives: the execution time and code size.
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Surrogate Model Managing. As shown in Algorithm 1, two random for-
est models, Surrogate:() and Surrogates(), are constructed to approximate the
execution time and code size rather than using expensive fitness evaluations. In
the iterative procedure, we evaluate the solutions in offspring using two random
forest models to obtain the predicted values of the two objectives. It should
be noted that because the fitness values of all offspring solutions are approxi-
mated using surrogate models, the approximation error and prediction accuracy
of surrogate models should be considered. We estimate two random forest mod-
els using the root mean square error (RMSE) and record RMSE = {R;, Ra}. It
is the square root of the difference between the predicted and actual value. The
formula for calculation is shown below:

N
1 3 S
R, = de(yi *l/i)Q (4)

where R; is the root mean square error of the ith objective (i = 1 or 2), yf

represents the actual value of the ith objective of the jth solution, yf represents
the predicted value of the ith objective of the jth solution obtained by the
surrogate model, and NN is the number of solutions in the current population.
The lower the RSME, the better the predictive accuracy of the surrogate model.

Based on the mechanism of new population production, some solutions are
introduced into the newly reproduced population by merging the parent popu-
lation and the offspring, and then their actual fitness values are obtained using
the actual compilation. These new reevaluated solutions with actual fitness val-
ues are employed to update two surrogate models until the RMSE threshold is
satisfied. Hench, we train the surrogate models using the solutions in the ini-
tial population and these reevaluated solutions using fitness functions during
iteration.

4 Experimental Results

4.1 Experimental Setup

In this section, we empirically evaluate the performance of our proposed app-
roach and its ability to select promising compiler optimization sequences. Here,
we investigate and answer the following Research Questions (RQs):

RQ1: How does our approach stack up against the baseline?
RQ2: How do parameters impact the outcome of our approach?
RQ3: How do surrogate models help our approach be more efficient?

For the above three RQs, RQ1 investigates the effectiveness of our approach
and the quality of the selected compiler optimization sequences. RQ2 intends
to analyze the impact of the choice of the crossover and mutation rate to set
competitive parameters. RQ3 seeks to determine whether the surrogate models
improve the efficiency of our approach.
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Table 1. The programs in cBench benchmark suite

No. | Program No. | Program No. | Program

1 automotive_bitcount | 12 | consumer_tiff2bw 23 | security_blowfish_e
2 automotive_gsortl 13 | consumer._tiff2rgba |24 |security_pgp-d

3 automotive_susan_c | 14 | consumer_tiffdither |25 |security_pgp-e

4 automotive_susan_e |15 | consumer._tiffmedian |26 | security_rijndael_d
5 automotive_susan_s |16 | network_dijkstra 27 | security_rijndael_e
6 bzip2d 17 | network_patricia 28 | security_sha

7 bzip2e 18 | office_ispell 29 | telecom_adpcm_c
8 consumer_jpeg_c 19 | office_ghostscript 30 |telecom_adpcm_d
9 consumer_jpeg.d 20 | office_rsynth 31 | telecom_CRC32

10 | consumer_lame 21 | office_stringsearchl |32 | telecom_gsm

11 | consumer_mad 22 | security_blowfish_d

In this study, we conduct experiments on the benchmark suite cBench with
the compiler GCC 9.4.0. cBench, which is commonly used in compiler auto-
tuning involving various programs such as embedding functions and desktop
programs. The 32 programs in cBench are listed in Table 1. Similarly, the employ-
ment of GCC is due to its popularity and provision of plenty of optimization
options. The complete list of 107 optimization options is available at the GCC
official website!. The experiments are then run 15 times with different random
seeds to reduce the impact of their stochastic nature and produce reasonable
results. In addition, all experiments are carried out on a machine equipped with
an Intel Core i9 2.8 GHz CPU and 32 GB of memory running Ubuntu 20.04.

4.2 Experimental Results

Performance Metric. We use the popular hypervolume (HV) [22] to assess
the quality of the Pareto front in the comparisons between our approach and the
baseline. This metric measures the volume of the objective space between the
Pareto front and the reference point. Before computing HV, we use the min-max
normalization to normalize the objective values and choose the point [1,1] as the
reference point to maintain the accuracy of HV. Due to the aim of maximizing
both objectives, a lower HV value indicates higher quality.

Investigation of RQ1. To investigate whether our approach can effectively
generate suitable optimization sequences in RQ1. We adopt the HV values to
compare the Pareto set explored by our approach with the baseline NSGA-II.
Besides, the Wilcoxon rank sum test with a significance level of 0.05 is used to
assess the statistical significance of the difference between the two algorithms.

! https://gee.gnu.org/onlinedocs /gee-9.4.0/gec/Optimize- Options. html# Optimize-
Options.
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Table 2. The statistical results of our approach and NSGA-II on cBench

No. | HV(NSGA-II) | HV(Our) | p-value No. | HV(NSGA-II) | HV(Our) | p-value

1 0.5817 0.5148 1.16E—02 | 17 | 0.9092 0.8214 1.69E—05
2 0.4578 0.3994 4.89E—-01 |18 |0.6261 0.5385 1.12E-04
3 0.1246 0.1075 3.48E—-03 |19 |0.5737 0.4764 3.97E—-04
4 0.2266 0.2042 1.58E—01 | 20 | 0.7986 0.7384 5.12E—-05
5 0.2129 0.1898 2.18E—-03 |21 |0.0341 0.0300 3.55E—04
6 0.5088 0.4699 7.48E—-05 |22 |0.4466 0.3877 6.28E—-03
7 0.4928 0.4413 4.57TE—02 |23 |0.4358 0.3868 7.91E—-06
8 0.5613 0.4736 1.91E—-04 |24 |0.6511 0.5897 4.63E—06
9 0.3729 0.3384 7.36E—-03 | 25 |0.5632 0.5224 1.14E—-04
10 | 0.6700 0.5732 7.16E—-05 |26 |0.8474 0.7556 1.77TE-01
11 1 0.5790 0.5301 3.21E—-01 |27 |0.9125 0.8421 8.65E—06
12 10.8182 0.7040 6.66E—05 | 28 |0.2798 0.2408 3.61E—-05
13 ]0.7371 0.6694 7.85E—-05|29 | 0.4991 0.4476 8.91E—-06
14 |0.6443 0.5462 2.01E-05|30 |0.5113 0.4335 3.68E—05
15 |0.5396 0.4827 2.50E—-03 | 31 |0.6537 0.5449 1.34E-05
16 | 0.0654 0.0554 3.17TE—-03 | 32 | 0.7065 0.5919 2.19E-05
Average 0.5325 0.4702

In our experiments, the population size pyqym, is set to 100. Then, the crossover
rate and mutation rate are set to 0.9 and 0.01, respectively, as the recommended
parameter settings in RQ2 (the impact of crossover and mutation rate will be
investigated later). Table 2 shows the HV values and p-values obtained using our
approach and NSGA-II. The first and fifth columns represent the numerical order
of the programs. The second and sixth columns are the HV values of NSGA-II.
The HV values of our approach are then listed in columns three and seven. The
p-values are shown in columns four and eight. Finally, the average HV values of
the two algorithms are provided at the bottom of the table.

It can be seen from the table, our approach can explore a better Pareto set
and achieve better performance in the majority of programs. On average, our
approach achieves 0.4702, while NSGA-II achieves 0.5325. When compared to
NSGA-II, our approach improves by 11.7% and performs reasonably well on HV
values. There are two major reasons for this result. One is the utilization of
random forest, as a surrogate model, which is appropriate for high-dimensional
discrete problems and reduces the actual solution evaluations. Another is that
the surrogate model management mechanism adds potential solutions to the
training set to update the surrogate model, thus improving the search procedure
and quality. Besides, as shown in Table 2, the p-values on 28 programs are less
than 0.05, implying that there is a significant difference between our approach
and NSGA-II for the majority of programs (28/32). In summary, these results
reveal that our approach outperforms NSGA-IT in terms of finding optimization
sequences.
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Fig. 2. The boxplot of HV values for two algorithms

In addition, to visually compare the performance of the two algorithms, Fig. 2
plots the HV values of the two algorithms in a box plot. A similar conclusion
can be drawn from Fig. 2 that our approach performs better than NSGA-II (the
box of our approach is lower, which indicates better results).

Answer to RQ1. By comparing our approach to NSGA-II, we demonstrate
that our approach outperforms NSGA-II, which can achieve a 11.7% improve-
ment in HV values. As a result, our approach can effectively explore the Pareto
set and select better optimization sequences.

Investigation of RQ2. In this RQ, we attempt to investigate the impact of two
parameters: crossover rate and mutation rate. A feasible set of parameters may
result in preferable results with improved performance. To examine the impact
of the crossover rate, we change its values while keeping the mutation rate fixed
values, and vice-versa. Besides, the two parameters with varying probabilities
are as follows: crossover rate = {0.5, 0.7, 0.9}, mutation rate = {0.01, 0.05, 0.1}.
Similar to RQ1, the experiments are carried out on cBench and GCC.

Figure 3 depicts the impact results of these two parameters. We make the fol-
lowing three observations based on Fig.3(a) and Fig. 3(b). First, our approach
converges faster as the crossover rate increases. Second, we find that the con-
vergence of our approach becomes slower when the mutation rate ranges from
0.01 to 0.1. As expected, the higher the crossover rate and the lower the muta-
tion rate, the faster convergence occurs. Third, in terms of convergence rate, the
experimental results of different parameter settings show no noticeable difference
in crossover and mutation rates.

Answer to RQ2. The findings of the parameters impact analysis show that
our approach is not very sensitive to the crossover and mutation rates that are
set. In our experiment, we set the crossover rate to 0.9, and the mutation rate
to 0.01.
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Fig. 3. The impact of crossover rate and mutation rate

Investigation of RQ3. To gain a better understanding of our approach, we
investigate whether the two surrogate models can effectively improve the effi-
ciency of our approach in RQ3. The number of actual fitness evaluations is
applied as in [18] to investigate the value of surrogate models. By comparing the
number of actual fitness evaluations required using our approach and a variant
without surrogate models to reach convergence and stop the iteration, the results
show that our approach converges when the number of actual fitness evaluations
is 4400, while the variant requires 5600, i.e., more fitness evaluations. Besides,
based on the conclusion of RQ1, we can conclude that our approach performs
better and can find more suitable compiler optimization sequences while requir-
ing fewer actual fitness evaluations.

Answer to RQ3. Taking into account the actual fitness evaluation of our
approach and a variant without surrogate models, we conclude that the two
surrogate models aid in improving the efficiency of our approach and make a
contribution to solving the computationally expensive problem.

5 Conclusion and Future Work

In this paper, we present a novel surrogate-assisted multi-objective optimization
algorithm to improve the efficiency of evolutionary algorithms for compiler opti-
mization sequence selection. To address the diverse objectives influence and the
computationally expensive problem, the proposed approach combines a fast global
search based on non-dominated sorting with two random forests as surrogate mod-
els. The experimental results on cBench show that our proposed approach achieves
better performance than NSGA-II and requires fewer actual fitness evaluations.
Despite the promising results, this work is still preliminary. Because of the
complexity and variety of programs, different appropriate surrogate models will
be designed for different programs in the future to improve efficiency. In addition,
the dimensionality reduction method will be considered on account of the high-
dimensional problem with a large number of compiler optimization options.
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