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Abstract. Robust Optimization Over Time (ROOT) is used to solve dynamic optimization problems with
the aim of finding solutions that can be accepted over a long time. Most of the researches in this field try to
seek new robust solutions by predicting the future fitness values of candidate solutions. However, predicting
future fitness value is error prone. Therefore, this paper propose a multi-solution robust optimization over
time with adaptive population control (MROOT-AC). Firstly, a adaptive population control mechanism was
proposed to optimize the population in the unexplored promising region according to the convergence state of
the population, so as to improve the diversity of the population. Secondly, in order to prevent the inefficiency
and resource waste caused by frequent changes of deployment scheme, a multi-solution archive management
mechanism has been proposed. Compared with the existing ROOT algorithms, the experimental results on the
Generalized Moving Peak Benchmark (GMPB) show that the proposed algorithm can significantly improve
the performance of the robust solution.

Keywords: robust optimization over time, multi-solution, dynamic optimization, multi-population

1 Introduction

Many real-world optimization problems are dynamic and change over time, which is called dynamic optimiza-
tion problems (DOPs) [1]. For example, in the scenario of image dehazing, the images captured under a hazy
environment will significantly affect image processing tasks such as target recognition. However, the factors
that influence the formation of the haze, such as atmospheric flow and changes in the distribution of suspended
particles - all exhibit dynamic characteristics [2]. Most existing approaches solve DOPs by tracking the move
global optimal solution (TMO) after each environment change. However, TMO is impractical for solving many
real-world DOPs because frequently changing the deployed solution leads to high switching cost and the system
intolerance. In taking-off scheduling problem, it is desirable to keep the current implemented schedule after an
environmental change to avoid unfavorable disruptions in airport operations [3].

In order to solve the above problems, researchers have proposed various ROOT methods in recent years.
ROOT methods can be divided into two categories: 1) Approaches that leverage the predicted fitness of candi-
date solutions to estimate their robustness; 2) Approaches that operate by utilizing the estimated robustness of the
promising regions.

In [4], the authors first proposed a ROOT method to solve DOPs, where to find an “optimal” solution, so that
the solution is feasible or acceptable in a period of time as much as possible. In [5], the authors proposed a hy-
brid prediction algorithm containing multiple prediction strategies. In [6], the authors compared the effects of dif-
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ferent prediction models. In [7], the authors approximate the robustness of the solution using a surrogate assisted
model.

In [8], the authors solve dynamic optimization problems by tracking promising region and collecting informa-
tion about problem space characteristics. In [9], the author proposed an algorithm that incorporates a robustness
evaluation component and a dual-mode computing resource allocation component. In [10], the authors used
the objective function value of the solution in the current environment and the floating value of the objective
function in the adjacent environment to select a better robust solution. In [11], the authors propose a data stream
driven multi-form evolutionary robust optimization algorithm. In [12], a new formulation of the performance
measures are proposed for finding robust solutions over time.

In [13], the authors proposed a multi-objective ROOT algorithm considering switching cost in order to max-
imize the number of solutions and minimize the energy consumption of solutions during switching. In [14], the
authors used the advantages of TMO and RPOOT under various environmental changes to propose a hybrid dy-
namic multi-objective evolutionary optimization algorithm. In [15], the authors introduced three methods to solve
ROOT by sampling in the search space, and the experiment proved that the method of sampling in the search
space was very good. In [16], the authors experimentally compared DE with three random sampling methods
on dynamic robust optimization problems and showed that the DE algorithm is suitable for all but this type of
problem. In [17], the authors proposed a new multi-objective robust optimization algorithm framework to solve
the disassembly sequence planning problem in dynamic environment. In [18], the authors proposed a dynamic
constrained robust optimization method in order to improve the effect of carbon fiber pre-oxidation, reduce ener-
gy consumption and switching cost. In [19], the authors introducing a dynamic balancing mechanism to adjusts
the search direction. In [20], the authors proposed HS-DRPSO to improve the search performance dynamic ro-
bust optimization algorithm. In [21], the authors proposes a new method, called fluctuation and robustness based
reinforcement learning in particle swarm optimization. In [22], A multi-objective evolutionary algorithm called
constrained non-dominated sorting differential evolution based on decision variable classification is developed to
search for robust order schedules. In [23], the authors introduce a novel robust evolutionary algorithm named the
dual-stage robust evolutionary algorithm (DREA) aimed at discovering robust solutions.

As mentioned earlier, methods that use the predicted fitness of a candidate solution to predict its robustness
suffer from extremely large prediction errors; Methods based on promising region robustness estimation can
easily make the population fall into local optima. To this end, this paper proposes a new ROOT algorithm named
MROOT-AC. The main technical achievements and contributions are as follows:

1) The proposed non-inertia particle swarm optimization algorithm with local search to accelerate the search

speed of the population.

2) The proposed a adaptive population control strategy, which can make all the converging populations ex-

plore the promising region and avoid the waste of resources.

3) The proposed multi-solution archive management mechanism to avoid frequent switching of solutions by

deploying primary solutions and secondary solutions.

2 Related Works

This section provide the concepts for ROOT, population control strategy, and environment change response strat-
egy.

2.1 Robust Optimization Over Time Problem

Dynamic optimization problems (DOPs) [24] can be defined as
max fO(¥) = f(ra ) - ¢))

- L —() . .
Where x is a solution in the search space, « " denotes the vector of time-dependent control parameters, /is the

objective function, [0, T] is the time index. Almost all existing work in the field of DOPs considers the prob-
lem where environmental changes occur only at discrete time steps. Assuming a total of T environments, Eq. (1)
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this kind of problem can be dispersed into a function sequence composed of multiple static functions with the
-

change of parameter ¢
(r(ma®) =[r(5a")s(za) s (ma”)) @

ROOT problems based on acceptability of the deployed solution in which the deployed solution is kept as
long as it remains acceptable.

2.2 Population Control Strategy

Sub-populations may explore the same area, resulting in a waste of resources. And continuous evolution, the
population may converge prematurely, so the convergence detection mechanism and rejection mechanism are in-
troduced [25].

Exclusion mechanism can avoid aggregating multiple sub-populations on the same promising region, so as to
improve the utilization efficiency of resources.

dis; ; = "gbest[ — gbest, " ) 3

where gbest; and gbest; denotes the i" and j” sub-population global optimal positions, ||-|| represents the euclidean

distance calculation method.

Convergence detection mechanism is used to determine the convergence status of population. The conver-
gence status of pop; is defined based on its spacial size A, which is the Euclidean distance of the farthest pair of
individuals and is formally defined as:

A, = max

Xj Xk € POP;

;Cj_}k“' (4)

2.3 Environment Change Response Strategy

All existing ROOT methods are based on change reaction, and their performance depends on how quickly and
effectively they react to changes in the environment. After environmental changes [9], one of the individuals is
located on the best found position from the previous environment EH) , other individuals are randomized around

this position with the radius of the estimated shift severity by (5):

- —*(t-1) ~ =
xl‘,/zgit +(si*r)- )
Where X;,; is the position of the / individual of pop,, 7 is a uniformly distributed random number vector in

range [—1, 1], si is the degree of variation in the coverage promising region of population i, which is calculated
by (6):

1-1
Si=————x ) ” ghest™"! — ghest* "
t=b -1 5%

: (6)

Where b, is the time index of the environment that pop, has converged.
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3 Multi-solution Robust Optimization Over Time with Adaptive Population Control

This section proposes a multi-solution robust optimization over time algorithm with adaptive population control
(MROOT-AC). First, the algorithm use the non-inertia particle swarm optimization with local search (LNPSO)
algorithm as the optimizer. Second, proposed a adaptive population control mechanism (APCM), to ensure that
all the convergent populations have explored the promising region and avoiding the waste of computing resourc-
es. Finally, due to the intolerance of the system and the high switching cost caused by the frequent switching of
the deployed solutions, a multi-solution archiving mechanism (MSAM) was proposed. The main execution steps
of MROOT-AC are described in Algorithm 1. And the flow chart of the proposed algorithm is shown in Fig. 1.
First, the population is initialized. Then, the solution is sought through the evolutionary optimization algorithm.

Finally, the solution is deployed.

Evolutionary optimization algorithm

+

Population
Control

Optimization
. Searching for Offspring
Initializing optimization use Population
Population LNPSO o ® o
00 g ) g ®
®e o e®e
X J

Change
response

Environment L)
not changed
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Next 5 q
Population No budget  Deploy multiple solutions
@ Principal solution
X J [ ) o @® @ Vicesolution
o )
Environment
changed
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Fig. 1. Flow chart of the Multi-solution robust optimization over time algorithm with adaptive population control

Algorithm 1. The main steps of MROOT-AC
l:Initialize a population;

2:repeat

3: for each population pop;

4 Execute LNPSO;

5: end

6: for any two populations

7 calculate the dis; ; by Eqg. (3);

8 if dis, ;< Qo

9: Remove the inferior sub-population;
10: end

11: end

12: for each population pop;
13: Update A, by Eqg. (4);

14: Execute APCM;

15: end

16: if all the populations have converged
17: Initialize a new sub-population;
18: end

19: if environment has changed

20: Execute Change Response Strategy;
21: end

22: if a solution need to be deployed

23: Execute MSAM;

24: end

25:until stopping criterion is

met;
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3.1 Non-inertia Particle Swarm Optimization with Local Search

In [26], the authors proposed an Non-Inertia particle swarm optimization algorithm, the formula is given in (7).
At the same time, the optimization of each dimension of the particle will have a positive impact on the global
optimal solution [27]. Taking advantage of this, a new Non-Inertia particle swarm optimization with local search
(LNPSO) is formed by combining the dimension exchange strategy with NPSO algorithm.

This strategy ensures a more thorough exploration of the search space and enhances the ability of the algo-
rithm to converge to the global optimum. The LNPSO specific implementation process is shown in Algorithm 2.

v, @+ =c*u(+1)—u(®)+c *rand, (pbest, ;, —x, (1)) +
¢, *rand,(gbest, - x, (1)) . (7
X (t+)=x, (O)+v, (t+1)

where ¢ € (0, 1) is the difference coefficient, u(f) and u(z—1) is the mean of all particle positions of the popula-
tion at time t and time #—1, v, (¢) and x, (?) is the velocity and position of the i" particle in the j” dimension. ¢,
and c, is the self-learning factor and the global learning factor, pbest, ; is the best position found by particle j of
population i and gbest; is the best position found by the whole swarm i.

Algorithm 2. LNPSO

1:Update particle j according to (7);

2:If the particle’s current position x; is better than its historical optimal
solution pbest;;

Update the historical optimal solution pbest;:pbest,= x;;

4: If the particle is inferior to the global optimum (gbest;)

5 for each dimension d of gbest;

6: temp_gbest=gbest;;temp_gbest,=particle, ,;

7.

8

w

if Fit (gbest;)<Fit (temp gbest)
: gbest, ,~temp_ gbest,;
9: end

10: end

10: else

11: Update the population global optimal solution gbest,:gbest;=x;;
12: end

13:end

3.2 Adaptive Population Control Mechanism

Although traditional methods based on the size of population space to judge the convergence situation have the
advantages of computational convenience, they have significant defects: over-reliance on metric space measures
can easily lead to the algorithm falling into the trap of local optimum, resulting in the convergence of the popula-
tion does not explore the promising regions. Therefore, this section proposes a adaptive population control mech-
anism (APCM) to achieve accurate identification and adaptive adjustment of population states.

When the population convergence degree is in the preset threshold interval (r.,,.,, 7.,,,) and the population has
not explored promising regions, it indicates that the population shows local aggregation characteristics. At this
time, the rand strategy is implemented for part of the individual dimensions to break through the search stagna-
tion by enhancing the local escape ability. When the population convergence degree is smaller than r,,,,, and the
population has not explored the promising regions, it is determined that the population has entered a deep con-
vergence state. At this time, randomly initialize the population to effectively balance the global exploration and
local development capabilities. The specific implementation process is shown in Algorithm 3.
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Algorithm 3. APCM
l:Calculate the diversity A; of the population according to (4)
2: If the population has not explored the promising region

3: if re,. < A< I,

4 For each dimension of each individual

5: if rand< pc

6 Randomize this dimension

7 end

8: end

9: else if A, < r .,

10: This population is initialized randomly;
11: end

12:end

3.3 Multi-solution Archive Management Mechanism

Aiming at the waste of computing resources and the increase of computer cost caused by frequent solution
switching in dynamic optimization problems, this paper proposes a multi-solution archive management mecha-
nism (MSAM). In this strategy, a solution set storage mechanism was constructed to respond to the environment.
The principal solution was the optimal solution of the current environment, and the vice solution archives (VSA)
was used to store the sub-optimal solution set satisfying the quality threshold constraint, this is shown in Fig. 2,
the ¢ in the figure represents the quality threshold. When the environment changes, a three-stage evaluation is
performed:

1. Archive maintenance phase: all solutions in VSA are evaluated in the current environment and the solutions
that do not satisfy the acceptable threshold constraints are eliminated,

2. Principal solution evaluation phase: the environmental adaptability of the principal solution (PS) is verified,
and if the principal solution fitness value is lower than the threshold, the principal solution is removed;

3. Solution selection phase: If the principal solution is empty, the optimal solution replacement is selected
from the VSA.

v

Fig. 2. Diagram of multi-solution archive management mechanism

4 Experimental Design and Result Analysis

This section introduces the benchmark generator, performance evaluation, experimental parameter settings, and
provides a detailed analysis of the experimental results. The performance of the MROOT-AC algorithm is com-
pared with four robust optimization algorithms ROOT-CRE, ROOT-LNPSO, ROOT-RB, ROOT-SHV use the
GMPB test function. To ensure experimental fairness, all algorithms were run 31 times independently, and all
experiments are conducted on matlabR2021a.
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4.1 Benchmark Generator

Generalized Moving Peaks Benchmark (GMPB) [28] is a benchmark generator that fits the characteristics of re-
al-world problems. To graphically represent the dynamic behavior of the GMPB generating problem instances,
Fig. 3 shows the landscape in the 10th and 11th environments environment. The baseline function of GMPB is:

f(t) (}) — [Er{??)f,,; {hi(r) _ \/T((} _ E[’(t))T R[(t)T ’ l.)VVi(t)T(R[(t) (;C . Ei’(t) )’ l)} . (8)

where T(y,i):R? = R? is calculated as:

exp(log(y,) + 7" (sin(n) log(y,)) +sin(n3 log(,))) ¥, >0

T(y,,i)=40 »=0. 9

—exp(log(y, ) + 7" (sin(n] log(y,])) + sin(} log(|y,))) ¥, <0

- . . . . . . . ~() . .
Where x is a solution in d-dimension space, 4’ is the height of peak i in the {" environment, ¢ is the position

at the top of the i summit in the #* environment, 77;;)&{1,2,3’4} with 7 are irregularity parameters of the i" peak in

the /" environment, they make the peaks become asymmetric and present multi-modal characteristics, R\ is the
rotation matrix of i/ peak in the " environment, each peak i is rotated using R,”, W” is a dxd diagonal matrix
whose diagonal elements represent the width of the k& peak in different dimensions in the #” environment, it con-
trols the ill-conditioned nature of the peak m is the number of peak, y, is I dimension of y.

For each peak, the angle, height, irregularity parameters, width vector and the center of the i/ peak change
from current environment to the next according to the following update rules:

") =6 + GN(0,1). (10)

B = b+ B N(0,1). (11)

£ =20 L 7,N(0,1) . (12)

nh =0 +7,N(0,1), k €{1,2,3,4}. (13)
o' = @) + @, NO,1), 1€ {1,2,-,d} - (14)
i =cl)+ N(O,%}, le{l,2,---,d}. (15)

Where 6, , h, @, s,, 17, and 7, are angle, height, width, shift and irregularity parameters in the /" function,

respectively.
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Fig. 3. GMPB fitness value surface in the 10th and 11th environments with five promising regions under 2D decision vari-
ables

4.2 Performance Evaluation

In this paper, Survival time (ST) [8] is selected as performance metrics due to it ability to quantify solution ro-
bustness.

ST is the maximum the number of successive environments starting from environment t during which the fit-
ness value of the solution remains acceptable. The definition of ST is illustrated in the following equation:

0, if fOx) < u

ST(x) = -
) 1+ max {Z | max{Vi e{l,2,...0}: [ (x)2 ,u}, otherwise

(16)

Where u is a user defined quality threshold to evaluate the acceptability of X, fen (;c) is the fitness value of the

solution x in the ¢ + i environment.

4.3 Parameter Settings

The parameter Settings of GMPB and MROOT-AC are shown in Table 1. This paper conducts experiment on
problem instances with different number of promising regions (m), quality thresholds (x), and dimensions (d).

Table 1. Parameter setting of the GMPB and MROOT-AC
(The default parameter values are highlighted when several values are used in experiments.)

Parameter Symbol Value Parameter Symbol Value
Quality threshold I 40, 45, 50 Dimension d 2,5,10
Promising regions m 10, 25, 50, 100 Height o U [P Prn]

Shift severity S, U1, 15)/(sqrt(d)) Width w? U Wi Winax]
Height severity hi Uul1,15] Height range [Pisins Prnax] [30, 70]
Width severity o U 0.1, 1.5] Width range [Winin> Winax [1,12]
Center position c” U [Lb, Ub]* Rotation angle [Fnins Fmax] [=, 7]

Change frequency f 2500 Angle 40 U [Fnins Fmax]
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Sub-population size p 5 Angle severity 0 7/ 9
Environment number T 100 Parameter n” U [Homins> Nimax]
Rotation matrix R® GS(NI(0,1)" Parameter 7 7”0 U [Toins Tonas]
Computational budget 0 112 7 range [Mmins Momax) [10, 25]
1 severity n 2 7 severity p 0.05
T range [Tin> Tonas) [0, 0.4] Search range [Lb, Ub] [-50, 50
Convergence threshold Toom 0.5(Ub—-Lb)/ “(/; Exclusion threshold Dexer 0.5(Ub-Lb)/ ”\’/;9
Summit threshold Poomver 5 Sleep threshold Finin 0.75
Difference coefficient c 0.1 Learning factor ¢, and ¢, 2.05
Stop evals f*r Random threshold pc 0.5

4.4 Algorithms

In the experiments, this paper use the multi-population framework for all multi-population based methods [9] and
the proposed LNPSO optimizer. The performance of the MROOT-AC algorithm is compared with four ROOT al-
gorithm, ROOT-SHV, ROOT-CRE, ROOT-RB and ROOT-LNPSO. ROOT-SHYV [8] uses the estimated shift and
height severity values in the collected promising region information to select the next solution to deploy. ROOT-
CRE [9] is selects the next solution by collecting the robustness of promising regions. ROOT-RB [29] is to select
the optimal solution deployment among reliable promising regions. ROOT-LNPSO [26] is to deploy the global
optimal solution found by LNPSO in the search space after environment change.

4.5 Experimental Results and Analysis

To comprehensively validate the competitiveness of the algorithms MROOT-RC proposed in this paper, their per-
formance is compared with that of the benchmark algorithms ROOT-SHV, ROOT-CRE, ROOT-RB and ROOT-
LNPSO in solving problem instances generated by GMPB with different dimensions d, numbers of promising
regions m, and quality thresholds values u. Table 2 present the results of each algorithm, with the algorithms ex-
hibiting optimal performance highlighted by horizontal lines beneath the data.

The experimental results in Table 2 clearly show that the MROOT-AC algorithm significantly outperforms
the four comparison algorithms in all test scenarios. Fig. 4 shows the box plots of the average survival time of
the five algorithms under different promising regions, and it can be seen from the figure that the average survival
time of MROOT-AC is due to other algorithms, which further intuitively verifies the superiority of the proposed
algorithm. In addition, with the increase of the number of promising regions, the average survival time of all
algorithms shows an increasing trend, this is due to the increase in the number of robust solution regions with
better quality in landscapes with a large number of promising regions.

Fig. 5(a) shows the change trend of the average survival time of the five algorithms under different dimen-
sions. It can be clearly seen from the figure that with the increase of the dimension of the problem space, the
average survival time of the algorithms gradually decreases, and when the dimension is 10, the average survival
time of each algorithm has little difference. This is because as the dimension increases, the problem instances
generated by GMPB are more complex, and it is more difficult to search for solutions in the high-dimensional
space. Fig. 5(b) further shows the average survival time variation of the five algorithms under different accept-
able thresholds. The results show that the average survival time of the solution decreases significantly with the
increase of the quality threshold, this is due to the fact that increasing u, the region containing robust solutions
shrinks, the maximum possible survival time decreases, and finding robust solutions becomes more challenging.
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Table 2. Mean survival time (and standard error) of the five algorithms on GMPB with different dimension (), promising

region (m), quality threshold (x) values (The highlighted entries are significantly better.)

d Algorithms
# " MROOT-AC ROOT-CRE ROOT-LNPSO ROOT-RB ROOT-SHV
10 4.52(0.49) 422(0.49) 4.10(0.80) 3.75(0.56) 3.69(0.72)
40 25 6.12(0.99) 4.59(0.05) 4.40(0.54) 4.83(0.68) 4.51(0.45)
50 7.98(1.02) 433(0.33) 5.14(0.46) 5.39(0.55) 4.53(0.39)
100 8.20(0.83) 5.37(0.32) 6.44(0.90) 6.06(0.15) 7.52(1.05)
10 4.11(0.80) 3.51(0.34) 3.14(0.43) 3.03(0.35) 2.54(0.30)
s s 2 4.39(0.58) 3.61(0.57) 3.36(0.44) 3.35(0.56) 3.27(0.47)
50 5.16(0.66) 3.92(0.76) 3.44(0.22) 3.19(0.19) 3.62(0.11)
100 6.30(0.80) 4.70(0.66) 4.79(0.88) 438(1.03) 5.53(0.70)
10 2.78(0.41) 2.36(0.25) 232(0.25) 2.01(0.15) 1.51(0.22)
w 2 3.12(0.24) 2.55(0.19) 2.52(0.13) 2.24(0.25) 2.17(0.29)
50 3.69(0.22) 2.80(0.26) 2.66(0.22) 2.31(0.08) 2.87(0.33)
100 4.60(0.49) 3.30(0.17) 3.18(0.34) 3.99(0.16) 3.50(0.16)
10 2.67(0.09) 1.87(0.09) 1.68(0.03) 1.43(0.11) 0.79(0.19)
40 25 3.44(0.40) 2.03(0.10) 1.76(0.18) 1.47(0.10) 0.85(0.15)
50 3.72(0.53) 2.24(0.22) 2.11(0.03) 1.89(0.27) 0.95(0.34)
100 3.76(0.23) 2.23(0.23) 2.21(0.08) 2.08(0.36) 1.14(0.14)
10 1.82(0.16) 1.59(0.11) 1.45(0.02) 0.89(0.15) 0.75(0.23)
s a5 2 2.10(0.09) 1.83(0.11) 1.70(0.04) 1.61(0.39) 0.82(0.17)
50 2.61(0.46) 1.90(0.17) 1.87(0.02) 1.66(0.27) 0.92(0.13)
100 2.82(0.50) 1.96(0.18) 1.92(0.10) 1.66(0.28) 1.05(0.02)
10 1.26(0.04) 1.21(0.06) 1.22(0.10) 0.39(0.03) 0.34(0.03)
w 2 1.82(0.22) 1.29(0.06) 1.68(0.12) 0.89(0.12) 0.39(0.12)
50 2.05(0.25) 1.43(0.11) 1.73(0.14) 0.91(0.15) 0.31(0.09)
100 2.21(0.25) 1.49(0.13) 1.77(0.12) 1.34(0.42) 1.00(0.02)
10 1.49(0.07) 1.46(0.39) 1.45(0.19) 0.05(0.02) 0.54(0.11)
40 25 1.54(0.06) 1.51(0.14) 1.47(0.14) 0.13(0.04) 0.57(0.14)
50 1.71(0.13) 1.70(0.23) 1.56(0.17) 0.16(0.09) 0.71(0.17)
100 1.88(0.20) 1.74(0.46) 1.61(0.22) 0.26(0.02) 0.86(0.22)
10 1.39(0.27) 1.14(0.08) 0.98(0.04) 0.02(0.04) 0.54(0.16)
o a5 2 1.41(0.49) 1.40(0.16) 0.96(0.10) 0.05(0.01) 0.55(0.18)
50 1.75(0.40) 1.27(0.17) 1.25(0.21) 0.06(0.04) 0.55(0.41)
100 1.75(0.40) 1.56(0.13) 1.08(0.07) 0.09(0.03) 0.26(0.01)
10 0.69(0.03) 0.63(0.16) 0.62(0.16) 0.02(0.01) 0.26(0.03)
o 2 0.81(0.14) 0.67(0.11) 0.58(0.06) 0.04(0.01) 0.38(0.06)
50 0.78(0.11) 0.60(0.06) 0.61(0.16) 0.04(0.01) 0.51(0.16)
100 0.67(0.04) 0.64(0.11) 0.62(0.22) 0.05(0.00) 0.23(0.01)
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Fig. 4. Average survival time by running the five algorithms on the GMPB test function in problem instances generated by
GMPB with different numbers of promising regions and the default parameter settings from Table 2 for the rest of the param-

eters
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Fig. 5. Trend of the average survival time of the algorithm as a function of the dimension and quality threshold

4.6 Ablation Experiment

MROOT-AC includes two main parts: an adaptive population control mechanism and a multi-solution archive
management mechanism. To further illustrate the role of the multi-solution deployment in MROOT-AC, ablation
experiments are conducted in this subsection.

MROOT-AC and its variant, ROOT-AC with only a single solution deployed is experimented on the GMPB
problem with different promising regions, dimensions and quality thresholds, and the results are shown in
Table 3. The average survival time of MROOT-AC is better than that of ROOT-AC in all cases. This is because
MROOT-AC stores all the solutions that meet the quality threshold in the archive when deploying solution, and
deploys them to increase the diversity of solutions. It increases the possibility that the solution deployed in the
current environment can still satisfy the next environment.
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Table 3. Mean survival time (and standard error) of MROOT-AC and its variant ROOT-AC on GMPB with different dimen-
sion (d), promising region (m), quality threshold (x) values (The highlighted entries are significantly better.)

Algorithms Algorithms
m i m I d
MROOT-AC ROOT-AC MROOT-AC ROOT-AC
2 4.52(0.49) 3.63(1.46) 2 6.12(0.99) 3.80(0.91)
40 5 2.67(0.09) 2.26(0.11) 40 5 3.44(0.40) 2.67(0.25)
10 1.49(0.07) 1.17(0.23) 10 1.54(0.06) 1.39(0.21)
2 4.11(0.80) 3.22(0.41) 2 4.39(0.58) 3.27(0.41)
10 45 5 1.82(0.16) 1.63(0.09) 25 45 5 2.10(0.09) 1.81(0.21)
10 1.39(0.27) 0.94(0.17) 10 1.41(0.49) 0.92(0.14)
2 2.78(0.41) 2.16(0.20) 2 3.12(0.24) 2.41(0.18)
50 5 1.26(0.04) 1.14(0.08) 50 5 1.82(0.22) 1.51(0.11)
10 0.69(0.03) 0.60(0.15) 10 0.81(0.14) 0.67(0.09)
2 7.98(1.02) 3.90(0.36) 2 8.20(0.83) 7.33(0.31)
40 5 3.72(0.53) 2.76(0.35) 40 5 3.76(0.23) 3.05(0.48)
10 1.71(0.13) 1.44(0.14) 10 1.88(0.20) 1.54(0.34)
2 5.16(0.66) 3.56(0.04) 2 6.30(0.80) 5.72(1.40)
50 45 5 2.61(0.46) 2.26(0.45) 100 45 5 2.82(0.50) 2.53(0.22)
10 1.75(0.40) 1.09(0.28) 10 1.75(0.40) 1.24(0.11)
2 3.69(0.22) 2.58(0.08) 2 4.60(0.49) 3.58(0.10)
50 5 2.05(0.25) 1.71(0.21) 50 5 2.21(0.25) 2.05(0.31)
10 0.78(0.11) 0.68(0.07) 10 0.97(0.04) 0.86(0.08)

5 Conclusion

This paper proposes the Multi-solution Robust Optimization Over Time Algorithm with Adaptive Population
Change (MROOT-AC). Firstly, the LNPSO is used as the optimizer to speed up the process of finding solutions.
Secondly, in order to avoid the occurrence of premature population, APCM is introduced to increase the diversity
of the population. Finally, the MSAM is used to deploy multiple solutions after the environment changes to avoid
the high switching cost caused by the frequent switching of the deployed solutions.

MROOT-AC has significant advantages in solving dynamic optimization problems, but its performance is not
ideal when solving high-dimensional problems. Improving the performance of MROOT-AC on high-dimensional
problems will be future work.
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