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Abstract. Real-world combinatorial optimization problems are
often stochastic and dynamic. Therefore, it is essential to make opti-
mal and reliable decisions with a holistic approach. In this paper, we
consider the dynamic chance-constrained knapsack problem where
the weight of each item is stochastic, the capacity constraint changes
dynamically over time, and the objective is to maximize the total
profit subject to the probability that total weight exceeds the capac-
ity. We make use of prominent tail inequalities such as Chebyshev’s
inequality, and Chernoff bound to approximate the probabilistic con-
straint. Our key contribution is to introduce an additional objective
which estimates the minimal capacity bound for a given stochastic
solution that still meets the chance constraint. This objective helps
to cater for dynamic changes to the stochastic problem. We apply
single- and multi-objective evolutionary algorithms to the problem
and show how bi-objective optimization can help to deal with dy-
namic chance-constrained problems.

1 INTRODUCTION

Many real-world combinatorial optimization problems involve
stochastic as well as dynamic components which are mostly treated
in isolation. However, in order to solve complex real-world problems,
it is essential to treat stochastic and dynamic aspects in a holistic ap-
proach and understand their interactions.

Dynamic components in an optimization problem may change the
objective function, constraints or decision variables over time. The
challenge to tackle a dynamic optimization problem (DOP) is to track
the moving optima when changes occur [21].

Moreover, uncertainty is pervasive in a real-world optimization
problem. The source of uncertainty may involve the nature of data,
measurement errors or lack of knowledge. Ignoring uncertainties in
solving a problem may lead to obtaining suboptimal or infeasible so-
lutions in practice [16].

Chance-constrained programming (CCP) is a powerful tool to
model uncertainty in optimization problems. It transforms an in-
equality constraint into a probabilistic constraint to ensure that the
probability of constraint violation is smaller than a limit predefined

1 The University of Adelaide, Australia, email: hirad.assimi @adelaide.edu.au

2 The University of Adelaide, Australia, email: 0s-
car.harper @student.adelaide.edu.au

3 The University of Adelaide, Australia, email: yue.xie@adelaide.edu.au

4 The University of Adelaide, Australia, email:
aneta.neumann@adelaide.edu.au
5 The University of Adelaide, Australia, email:

frank.neumann @adelaide.edu.au

5

by the decision-maker [3]. CCP has been applied successfully in dif-
ferent domains such as process control, scheduling and supply man-
agement where safety requirements are concerned [11].

Evolutionary algorithms (EAs) have been applied to many combi-
natorial optimization problems and demonstrate a high capability in
solving hard problems, including a wide range of real-world appli-
cations [18, 4]. Multi-objective EAs deal with several (conflicting)
objectives and provide a set of solutions which are non-dominated to
each other with respect to the given objective functions [7, 24, 23].

In addition to solving problems with conflicting objectives, several
studies have indicated that transforming a single-objective optimiza-
tion problem to a multi-objective optimization problem may lead to
obtaining better solutions. This transformation leads to obtaining a
set of non-dominated solutions instead of a single solution. There-
fore, each individual in the Pareto front contains helpful information
which can improve the performance of the algorithm in exploring the
search space [20, 24, 23].

1.1 Related work

EAs are a natural way to deal with DOPs because they are inspired by
nature which is an ever-changing environment [21]. The behaviour
of EAs has been analyzed on a knapsack problem with dynamically
changing constraint [25]. They carried out bi-objective optimization
with respect to the profit and dynamic capacity constraint. They pro-
posed an algorithm to track the moving optimum and showed that
handling the constraint by a bi-objective approach can be beneficial
in obtaining better solutions when the changes occur less frequently.
Their studies have been extended to analyze the EA behaviour depen-
dent on the submodularity ratio of a broad class of problems [26].

Chance-constrained knapsack problem (CCKP) is a variant of the
classical NP-hard deterministic knapsack problem where the weights
and profits can be stochastic [13]. Approximation algorithm in com-
bination with a robust approach, has been applied to CCKP to find
feasible solutions for a simplified knapsack problem [15].

Recently, Xie et al. [27] integrated inequality tails with single and
bi-objective EAs to solve CCKP. To estimate the probability of con-
straint violation, they used popular tail inequalities. They investi-
gated the behaviour of Chebyshev’s inequality, and Chernoff bound
for approximation in CCKP. They also carried out bi-objective op-
timization with respect to the profit and probability of constraint
violation when the capacity is static. Doerr et al. [9] have investi-
gated adaptations of classical greedy algorithms for the optimiza-
tion of submodular functions with chance constraints of knapsack
type. They have shown that the adapted greedy algorithms maintain
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asymptotically almost the same approximation quality as in the de-
terministic setting when considering uniform distributions with the
same dispersion for the knapsack weights.

1.2  Our Contribution

In this paper, we consider the dynamic chance-constrained knapsack
problem (DCCKP) with dynamically changing constraint. We also
assume that each item in the knapsack problem has an uncertain
weight while the profits are deterministic. For the dynamic compo-
nent, we follow the settings defined in [25]: the knapsack capacity
changes over time every 7 iterations with a predefined magnitude.
Moreover, for the stochastic component, we follow the approach and
settings proposed in [27] which employs inequality tails to estimate
the violation in probabilistic constraint.

Therefore, the goal in this study is to re-compute a solution of
maximal profit after a dynamic change occurs to the capacity con-
straint, while the total uncertain weight can exceed the capacity with
a small probability. To benefit from the bi-objective optimization, we
cannot directly apply the second objective used in previous studies
because they only considered either dynamic or stochastic aspect of
the optimization problem in isolation for the second objective func-
tion. Therefore, we introduce an objective function which deals with
uncertainties and caters for dynamic aspects of the problems. This
objective evaluates the smallest knapsack capacity bound for which
a solution would not violate the chance constraint. This objective also
can keep a set of non-dominated solutions to be used for tracking the
moving optimum. This objective makes use of tail inequalities such
as Chebyshev’s inequality and Chernoff bounds to approximate the
probabilistic constraint violation.

To solve DCCKPs, we apply a single objective EA, a modified
version of GSEMO [12] and NSGA-II [8], where the last two com-
pute a trade-offs with respect to the profit and the newly introduced
objective for dealing with chance constraints. Our experimental re-
sults show that the bi-objective EAs perform better than the single
objective approaches. Introducing the additional objective function
to the problem helps the bi-objective optimization algorithm to deal
with the constraint changes as it obtains the non dominated solutions
with respect to the objective functions.

The rest of this article is organized as follows. In the next sec-
tion, we define the DCCKP and introduce the two tail inequalities
for quantifying uncertainties. Afterwards, we introduce the objec-
tive function for dealing with DCCKP and develop the bi-objective
model. Next, we report on the behaviour of single objective and bi-
objective baseline EAs in solving DCCKP. We show that bi-objective
optimization with the introduced second objective can obtain better
solutions on a wide range of instances of the DCCKP. Finally, we
finish with some concluding remarks.

2 DYNAMIC CHANCE-CONSTRAINED
KNAPSACK PROBLEM

In this section, we introduce the problem and provide Chebyshev
and Chernoff tail inequalities to estimate the probability of chance
constraint violation in the problem.

2.1 Problem Formulation

The classical knapsack problem can be defined as follows. Given n
items where each item ¢, 1 < ¢ < n has a profit p; and a weight w;
and a knapsack capacity C'. The goal is to find a selection of items of

maximum profit whose weight does not exceed the capacity bound.
A candidate solution is an element = € {0, 1}" where item ¢ is cho-
sen iff z; = 1. In this paper, we consider the stochastic and dynamic
setting for the knapsack problem where each weight is chosen inde-
pendently according to a given probability distribution. Furthermore,
the capacity bound C' changes dynamically over time.

The search space is {0, 1}"™ and we denote by P(z) = > ., pis
the profit and by W (z) = """ | w;x; the weight of a solution z. We
investigate the chance-constrained knapsack problem where the goal
is to maximize P(x) under the condition that the probability that the
weight of the solution is at least as high as the capacity is at most a.
Formally, we define this constraint as

PrW(z)>C) <«

where « is a parameter that upper bounds the probability of exceed-
ing the knapsack capacity (0 < o < 1).

Furthermore, the knapsack capacity in our problem is dynamic
and changes over time every 7 iterations. We call 7 the frequency
of changes which denotes after how many iterations a change occurs
in the knapsack capacity with the magnitude of changes r according
to some probability distributions.

2.2 Tail Bounds

Chebyshev’s inequality tail can determine a bound for a cumulative
distribution function of a random design variable. Chebyshev’s in-
equality requires to know the standard deviation of the design vari-
ables and gives a tighter bound in comparison to the weaker tails such
as Markov’s inequality. Therefore, it can be applied to any distribu-
tion if the expected weight and standard deviation of the involved
random variables are known. The standard Chebyshev inequality is
two-sided and provides tails for upper and lower bounds [2]. As
we are only interested in the probability of exceeding the weight
bound, we use a one-sided Chebyshev inequality which is also known
as Cantelli’s inequality [6]. For brevity, we refer to the one-sided
Chebyshev as Chebyshev’s inequality in this paper.

Theorem 1 (One-sided Chebyshev inequality). Let X be an inde-
pendent random variable, and let E(X) denote the expected weight
of X. Further, let 0% be the variance of X. Then for any A € R,

we have
2

ox
Pri(X —E(X)) > Al < T

Compared to Chebyshev’s inequality, Chernoff bound provides a
sharper tail with an exponential decay behavior. In order to use Cher-
noff bound, it is essential that the random variable is a summation of
independent random variables. Chernoff bound seeks a positive real
number ¢ in order to find the probability where the sum of indepen-
dent random variables exceeds a particular threshold [19]. Therefore,
Chernoff bound for an independent variable X can be given as fol-
lows based on theorem 2.3 in [17].

Theorem 2. Let X = 3" | X; be the sum of independent random

variables X; € [0, 1] chosen uniformly at random, and let E(X) be
the expected weight of X. For any t > 0, we have

PriX > (14 t)E(X)] < exp (—%E(X)) .
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3 BI-OBJECTIVE OPTIMIZATION FOR
DCCKP

In this section, we introduce a new objective-function to transform
the single-objective optimization problem into a bi-objective opti-
mization problem. We also describe (1+1)-EA and POSDC as base-
line single and bi-objective EAs.

3.1 Bi-objective Model

We redefine DCCKP by introducing a new second objective function
to transform it into a bi-objective optimization problem. Therefore,
we introduce (C™) as the stochastic bound as our second objective
function. This objective function evaluates the smallest knapsack ca-
pacity for a given solution such that it satisfies the predefined limit
on the chance constraint. Therefore, the fitness f(z) of a solution =
is given as
f(@) = (P(2),C" ()

where

C*(z) = min {C | s.t. Pr[W(z) > C] < o}
is the smallest weight bound C' such that the probability that the
weight W (z) of x is at least C' is at most a.. Using this objective
allows to cater for dynamic changes of the weight bound of our prob-
lem. In bi-objective optimization of DCCKP, the goal is to maximize
P(z) and minimize C* (). Hence, we have

F(@') = f(@)if P(2') > P(a) A C"(2) < C" ()

for the dominance relation of bi-objective optimization for two solu-
tions namely x and =’. Evaluating the chance constraint is computa-
tionally difficult [1]. It has been shown that even if random variables
are from a Bernoulli distribution, calculating the probability of vio-
lating the constraint exactly is #P-complete, see Theorem 2.1 in [14].
Because it is difficult to compute C* exactly, we make use of the tail
inequalities to calculate the second objective function. For Cheby-
shev’s inequality, the stochastic bound is given as follows.

Proposition 1 (Chebyshev Constraint Bound Calculation). Let
E(W(x)) be the expected weight, 0‘2/‘/(35) be the variance of the

weight of solution x and « be the probability bound of the chance
a(l—a)

constraint. Then setting C1 (z) = E(W (z)) + % im-
plies Pr[W (z) > Cf(z)] < a.
Proof. Using Chebyshev’s inequality, we have
i ()
O"Z,V(m) + A2’
= E(W(z)) + X which implies

)\ _ O'W(Z>\/a(1 — Oé)
(6%

Pr(W(z) = E(W(z)) + A] <

We set C7 (x)

Hence, we have

Pr[W(z) > Ci(x)]

Pr [W(a:) > E(W (z) + ‘W}

U‘zfvm

(aw(m)\/a(l—a))2

IN

O"Q/V(ac) +
=a

which completes the proof. O

We consider w; € U[E(w;) — 6, E(w;) + 8] and >}, x; denotes
the total number of chosen items in a solution, then the stochastic
bound based on Chebyshev’s inequality for uniform distribution is

given as follows
/ A
oW (z) = 1) 77'51 .

We substitute \ as

Therefore, we have

Ot () AL M)

Moreover, to derive the second objective function by making use of
the Chernoff bound, we have:

=E(W(z)) +

Proposition 2 (Chernoff Constraint Bound Calculation). Ler w; €
U[E(w;) — 6, E(w;) + 6] be independent weights chosen uniformly
at random. Let E(W (x)) be the expected weight of x and « be the
probability bound of the chance constraint. Then setting

Cz (z) = E(W(z))

—0.660 | In() — , | In*(r) — 91n(c

)3

implies PriW (z) > C5(x)) <

Proof. We consider w; € U[E(w;) — 6§, E(w;) + ]. Then, to satisfy

Chernoff bound summation requirement, we normalize each random

weight into [0, 1] which y; denotes the normalized weight of item.

w; — (]E(wl) — 5)
20

i " w; — (B(w;) — 6
ST S JEIC IR

Since y; is symmetric, then the total expected weightof Y is E(Y') =
% >0, @;. Then, the total weight of a solution is given as

— (Szn:icz
i=1

Yi = € [07 1]

= szxz =20Y (z) + E(W(x))

We set
Cs =E(W(z)) +b

where

b= —0.666 | In(a) — , | In*(a) — 91n(a

Dot

Hence, the probability of violating the chance constraint. for a so-
lution is given as

Pr[W(z) > C3 ()]

=Pr [20Y (z) +
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where
b

T 2BE(Y(2)

Using Chernoff bounds, we have

t

< e~y E0 )
We have
—0.66 (ln(a) - \/ln2 (a) = 9In(a) >0, a:l>
t= Z?zl o, .
We use
—0.66 In(c) b

instead of ¢ which results in

PrY(z) > (1+t)E(Y(2))]

< Pr[Y(z) > (1 4+ OE (Y(z))]
(—0.66)% In? o
(2E(Y (2)))?
< exp | —5—5 —oosmay B (Y(2))
2+ 2( 213&??(1;0))')
( (=0.66)* -Ina - In )
= exp 7
—8E (Y(x)) + 5(0.66In )
<a

The last inequality holds as
—4 Xn: x; + é(0.661n @) < (=0.66)° Ina
i=1 3 B

which completes the proof. O

Note that the introduced additional objectives as C7 and C5 cal-
culate the smallest possible bound for which a solution meets the
chance constraint according to the used tail bound (Chebyshev or
Chernoff). The terms added to the expected total weight guarantee
that a given solution meets the chance constraint.

3.2 POSDC Algorithm

We adapt the algorithm proposed in [25] for our bi-objective op-
timization. We call the adapted algorithm, Pareto Optimization for
Stochastic Dynamic Constraint (POSDC) which deals with DCCKP.
POSDC (see Algorithm 1) is a baseline multi-objecitve EA which
tracks the moving optimum by storing a population in the vicinity
of the dynamic knapsack capacity. POSDC keeps a solution (z) if
C*(z) is in [C' — n, C + n], where 7 determines the storing range.
Therefore, POSDC has two subpopulations which include feasible
and infeasible solutions (S = S~ U S™). Keeping an infeasible sub-
population helps POSDC to be prepared for the next change in the
dynamic constraint.

ST+ {zeS|C—-n<C*(z)<C}
St {zesS|C<C*(x)<C+n}.

Algorithm 1: POSDC

1 Generate x € {0, 1}" uniformly at random
2 if C —n < C*(z) < C + 1 then

3| S«u=
4 else
5 while S = @ do
6 repair an offspring (y) by (1+1)-EA
7 T4y
8 ifC —n<C*(y) <C+nthen
9 | S« =
10 while (not max iteration) do
11 if change in the capacity occurs (after 7 iterations) then
12 x < best solution in S
13 Update S~ and S with respect to the shifted
capacity
14 if S = o then
15 ‘ Sz
16 choose = € S uniformly at random
17 y < create an offspring by flipping each bit of x
independently with the probability of %
18 if(C—ngC*(y)<C)/\(§ﬂz€S_:ztpospcy)
then
19 | 57« (ST Uy)\{z € S |y =rosnc 2}
20 elseif (C < C*(y) <C+n)APze ST : 2 =pospc y)
then
21 ‘ St « (SJr U y) \ {Z S S+|y > POSDC Z}

22 return best solution

POSDC generates the initial solution uniformly at random, if the gen-
erated solution is out of the storing range, then (1+1)-EA (see Algo-
rithm 2) repairs the solution and stores it in the appropriate subpopu-
lation. (1+1)-EA is a single-objective baseline EA which is described
later.

POSDC uses a mutation operator to explore the search space and
find trade-off solutions. POSDC maintains a set of non-dominated
solutions with respect to P(x) and C*(z) in its subpopulations. The
best solution in POSDC at each iteration is the solution with the high-
est profitin S~ ; If S~ is empty, POSDC prefers the solution with the
smallest C* in S™.

Note that if we can compute the solutions exactly, some solutions
in S can be feasible. However, because computing C* in exact is
difficult, we designate the optimum as the solution with the highest
profitin S~

3.3 Single Objective Approach

We only use simple baseline algorithms to make a fair comparison
between the single-objective optimization and bi-objective optimiza-
tion. (1+1)-EA and GSEMO [12] are their equivalent counterparts if
we consider identical objective functions because they use the same
mutation operator. In this study, we adapt POSDC as a variant of
GSEMO to tackle both dynamic and chance-constrained components
of the problem. Therefore, we show the efficiency of bi-objective op-
timization by comparing POSDC with (1+1)-EA (see Algorithm 2).

(1+1)-EA generates one potential solution uniformly at random;
In each iteration, an offspring =’ is produced by flipping each bit of
z with probability 1/n [10]. The offspring z’ replaces x if it is fitter
with respect to the fitness of a solution which is as follows,

fasn(@) = (max{0, a(z) — a}, P(z))
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Algorithm 2: (1+1)-EA

1 generate z € {0, 1}" uniformly at random

2 while termination criterion not satisfied do

3 y < create an offspring by flipping each bit of x
independently with the probability of %

4 | if fai1)(y) = f141)(z) then
5 ‘ Ty

6 return x

where a(z) denotes the probability of chance constraint violation
based on Chebyshev’s inequality or Chernoff bound derived for
CCKP with uniform distribution in [27] as follows,

LD

ebyshev = d > < '
Prcnebysh Pr[W(z) > C] < 23" L xi +3(C —E(W(x)))?

Prchemoft = PT[W(m) Z C]

<o |- 3(C —E(W(x)))*
= 45 (36" 2 +C—E(W(x))) )

The fitness function f(; 1) is in lexicographic order which means
that first, the algorithm searches for a feasible solution according to
the chance constraint and optimizes the profit afterwards. We have,

fasn (@) = fain ()
= (max{0,a(z’) — a} < max{0, a(z) — a})
vV ((max{0, a(z") — a} = max{0, a(x) — a})
A (P(z') > P(z)))

Table 1. Corresponding weight and profit interval for knapsack problems

benchmark
type weight (w;)  profit
Uncorrelated [1,1000] [1,1000]
Bounded strongly correlated  [1,1000] E(w;) +¢

When a change occurs in the dynamic constraint, the individual
() may become infeasible, and its probabilistic constraint violates
«. Therefore, (1+1)-EA mutates x to find a feasible solution for the
newly given constraint and optimizes the profit afterwards.

4 EXPERIMENTAL INVESTIGATION

In this section, we define the setup of our experimental investigation;
we apply the bi-objective optimization with the introduced objectives
and compare it with the single-objective optimization.

4.1 Experimental Setup

For this study, we use the binary knapsack test problems introduced
in [22] and later developed for dynamic knapsack problem in [25].
We consider two types of uncorrelated and bounded strongly cor-
related test problems. The latter is more difficult to solve because
the profit correlates with the weight [22]. Note that in our chance-
constrained setting, for bounded strongly correlated instances, we
consider the correlation between the expected weight and the profit.
Table 1 lists the corresponding weight and profit for each type of
knapsack instance where ¢ denotes a constant number [22].

For the Dynamic parameters of test problems, we define r which
determines the magnitude of changes. we consider changes accord-
ing to the uniform distribution in [—r, 7] where r € {500, 2000} to
consider the small and large magnitude of changes in the knapsack
constraint, respectively.

Also, the parameter 17 for POSDC has been considered equal to r
to cover the interval of the uniform distribution entirely for storing
desirable solutions [25].

Another dynamic parameter is the frequency parameter of 7,
which determine how many iterations there are between dynamic
constraint changes. We set 7 € {100, 1000} to observe fast and slow
changes in the constraint, respectively.

For stochastic parameters, we set « € {0.01,0.001,0.0001} to
consider loose and tight probability of chance-constraint violation
probability. We also set 6 € {25,50} to assign small and large un-
certainty interval in the weight of items with uniform distribution. To
ensure that the weights of items subject to uncertainty are positive,
we also add a value of 100 to all weights to avoid negative values.

We use dynamic programming to find the exact optimal solution
with maximal profit P(z™) for the deterministic variant of the knap-
sack problem. Therefore, we record P(z*) for every dynamic capac-
ity change for each knapsack instances based on r and 7.

To evaluate the performance of our algorithms for DCCKP, we
consider the offline error which represents the distance between the
algorithm best-obtained solution in each iteration with respect to
P(z"). Let  be the best solution obtained by the considered algo-
rithm in iteration ¢. The offline error for iteration ¢ is given as

P(z*) — P(x) ifPr[W(z) >Cl<a

i =

(1+Pr[W(z) > C]) P(z*) otherwise.
Note, that every solution x not meeting the chance constraint receives
a higher offline error than any solution meeting the chance constraint.
The total offline error

6
> 21121 ¢l

ITE
is the summation of offline error at each iteration divided by the num-
ber of total iterations (10°).

4.2 Experimental Results

We combine the parameters of r, 7, @ and, J to produce DCCKP test
problem instances for uncorrelated and bounded strongly correlated
with different types of complexities. For instance, a test problem with
r = 2000, 7 = 100, & = 0.0001 and § = 50 represents the most dif-
ficult test problem; because the magnitude of dynamic change in the
knapsack capacity is large and the capacity changes very fast every
100 iterations. Also, the allowable probability of chance-constraint
violation is very tight, and the uncertainty interval in the weight of
items is big.

We apply POSDC and (1+1)-EA integrated with Chebyshev and
Chernoff inequality tails to DCCKP instances. Specifically, we in-
vestigate the following algorithms:

e (1+1)-EA with Chebyshev’s inequality: (1)
e (1+1)-EA with Chernoff bound: (2)

e POSDC with Chebyshev’s inequality: (3)
e POSDC with Chernoff bound: (4)
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T T 5 e% (1+1)-EA-Chebyshev (1) (1+1)-EA-Chernoff (2) POSDC-Chebyshev (3) POSDC-Chernoff (4)
Mean Std  Stat Mean Std  Stat Mean Std  Stat Mean Std  Stat
500 100 25 001 423251 47550 209,39 40 428823 481.60 109,307 400 148556 177.13 109 209 4 138190 183.45 1P 2(H) 3(9
500 100 25 0.001 5537.00 56570 207,309 4(5) 445791 51251 1(+> 3¢ ! o400 316258 392,02 1Y) 200 4 156159 21073 1P 2(H) 3(H)
500 100 25 00001  9869.75 91278 207 3() 49 4590.04 51827 1<+> 360 4 785436 797.79 1<+> 205 40 171878 243.25 1<+> 2(+) 3(H)
500 100 50 0.0l 486210 51238 209,300 400 491624 54020 1(9.3) 400 226692 28186 1V, 200 4¢) 206241 29198 109, 2(H) 3
g 500 100 S0 0001  7684.09 74216 207,30 40 525278 59348 1636040 544218 61659 100,294 241463 34682 109,200, 300
S 500 100 50 00001 1443549 1539.90 20730040 555046 621.60 10, 360400 13477.00 129140 1(0,200.40)  273043 40021 109,209 3(H)
£ 500 1000 25 0.01 29845 12234 2930040 242596 10279 10300400 100426 4861 109,909 460 89622 7777 109209, 3)
g 500 1000 25 0.001 424041 28622 200,300 4C) 265549 10846 109, 5<+> 400 200027 13049 19,200 400 112594 10226 1<+>‘,z<+>‘3< )
500 1000 25 0.0001 847751 1091.61 2(7) 30 W) 283703 11976 10,300 4 752605 817.63 1), 9 4‘ ) 133174 12631 10F) 2(H) 3(H)
500 1000 50 0.01 334210 17828 20, 30 407319527 14883 1), 30 45 1904.68 83.35 1<+> 2<+> 4171930 130.07 1<+> 2(+) 3+
500 1000 50 0.001 6440.80 61199 20 ,3(= > 40 363398 16528 1Y 3‘“ 4 5282.87 38055 1Y) 200 4() 216280 167.66 1(F) 2(H) 3(H)
500 1000 50 0.0001 1197596 2404.11 2~ >,3<> U 308310 193.16 1<+> 30 4 1165285 2129.08 1), 9 A 255544 20120 1<+> 20+ 3<+>
500 100 25 001 3287.08  390.63 2,30 4 333350 389.40 1V.3(9) 40 152305 16613 1D 209 40 1400.05 12534 1D 209 30
g 500 100 25 0.001 476394 78009 20 ,3(= ! 4350995 42848 1) 3 4(5) 325130 45450 1P 20 400 158387 142.56 1) o) z(“
S 500 100 25 0.0001  9387.44 206047 20 " ,309, W) 367483 446.95 19,39 4 784342 145053 19, ), L4 174545 156.64 1<+>72<+>‘5< )
£ 500 100 50 001 399890  528.67 20, 3< 0,40 405263 51641 1) 3< )40 232744 29044 169, 2‘“ 40 2107.63 21029 10 2(H) 39
$ 500 100 S0 0001 709219 134832 20,37 4() 440588 575.40 1<+> 3 400 551623 90614 100200 40D 246545 25471 109,90 30
‘@ 500 100 50 0.0001 1374381 396429 20~ >,3(*>,4<*> 473665 62525 109,39 40 1203638 312407 10,200 4( ) 279044 28847 1(F) 2(H) 3(H)
£ 500 1000 25 0.01 197176 244.69 20 3() 4(2) 189249 231.54 19, 30) L4 823.88  116.26 1<+> 2<+> 49 73056 60.10 109, 2<+> 30
?“5: 500 1000 25 0.001 345536 48691 200300400 206378 24758 109,300 400 226575 28837 10V, 200 400 90561 7411 109 209 3(H
€ 500 1000 25 00001 693191 132875 207),3(), 4 aees 2662 1) 300400 570088 949.12 104, 20 4 1059.64 7937 109 2(H) 3(+)
g 500 1000 50 0.1 260466 35122 20,300 400 253921 30230 100,300 400 151394  197.83 1<+>,2<+>,4< ) 135832 12078 109) 2(H) 39
500 1000 50 0.001 520771 87615 20 ,3(= ! o4 288368 33521 1) 300 4(5) 404439 603.89 1P 20 45 1694.02 14532 1(F) 20 3(H
500 1000 50 0.0001  9534.51 2279.76 2~ >,s< >,4< ) 318234 36682 109,309 400 883199 1787.84 1,20 4C) 199019 16330 1(H) 209 3(H)
Table 3. Statistical results of total offline error for (1+1)-EA and POSDC with large change in the dynamic constraint
r T § a (1+1)-EA-Chebyshev (1) (1+1)-EA-Chernoff (2) POSDC-Chebyshev (3) POSDC-Chernoff (4)
Mean Std  Stat Mean Std  Stat Mean Std  Stat Mean Std  Stat
2000 100 25 0.0l 594881  569.75 209,30 4 601858 560.15 1) 3(7) 4 193158 366.87 100 209 4 190930 381.82 1(H) 2(+) 3
2000 100 25 0.001 6387.66  508.07 20,30 4) 607430 57759 1) 3 ), L4 313397 466.62 1) 2() 45 2009.58  388.93 1(H) 2(+) 3(+H)
2000 100 25 00001 10237.76 59411 2(7)3C ), L4 617077 579.85 1<+> 39400 701005 698.68 10,20 400 210231 40286 109,20 30
2000 100 50 0.01 6328.16  563.72 2< ) ’;< ),40) 639928 59411 1)) 3 4O 247640 41013 100,200 40 237800 43097 1¢9), 2(+) 3
® 2000 100 S0 0001 819835  556.15 D340 659278 58225 109,300 400 496366 60348 1020 400 260197 45421 10990 3(+)
52000 100 50 00001 15154.74  668.43 2< ), ,302 ) L4 679426 59057 1<+> 30 40 1210277 742.79 1<+> 270,40 280632 46727 1P, 2<+> 3H)
£ 2000 1000 25 0.01 3027.71 37745 20 3< ),405) 2966.82  374.67 1<*>,3< ’,4< ) 97446 188.68 1(H) 2(H) 4 874.60 190.49 1(H) 2(+) 30
2 2000 1000 25 0.001 442957 50295 20 .30 J 4G 312019 38LI9 19,300 40D 255649 36179 19,20 4D 104090 21060 10H), 209 309
2000 1000 25 0.0001 865049  843.44 2(7) 3(- ) L4 325502 41614 1D 300 4 695935 732.40 1<+> 2 ;47 118647 23549 1(H) 209 3(H)
2000 1000 50 0.01 371496 44243 20 3< ) 4< ) 355883 43243 1 37 4 170427 27078 100 209 4 151322 27861 1(H) 2+ 3
2000 1000 50  0.001 646463 66472 200 .30 > 407 387278 476.96 1<+>,3< )40 469795 56523 109,200 400 184529 32204 1(H),2(H) 3(H)
2000 1000 50 0.0001 13380.75 1349.08 2~ ), 309, 4< ) 415955  509.55 1(F), 3<+> 49 12017.35  1151.98 1< *) 2‘ ) 400 2138.14  367.74 1<+>,2<+>,3<+>
2000 100 25 001 4560.36 18597 209 30 4() 456883 19734 1), 3(9) 40 184056 8426 109 200 4 171251 12338 109 2(F) 3()
T 2000 100 25 0001 578427 31936 20 V300400 471832 18973 100,300 400 370555 leses 10,200,400 189619 9579 109,20+ 3
g 2000 100 25 0.0001 12130.92 1256.94 2< ), .30 >4< ) 487927 180.63 1Y) 3(H) 4 917787 92821 1<+>,2< >,4< ) 2063.82  79.10 1(H) 2+ 3(H
£ 2000 100 50 001 533706 16682 200,300,400 520189 17682 100,300,400 274554 5200 100,200,400 248425 5408 107,200 300
¢ 2000 100 S50 0001 883424 74673 2< V300400 565389 18406 100,300 40 645292 51265 109200400 286214 4248 109,20 30
@ 2000 100 50 0.0001 19641.09 2649.89 2 1300400 S9s713 20454 100,300 400 1518904 202002 109200407 320505 5824 109, 904 3
£ 2000 1000 25 0.01 250830 26464 20,30 4< ) 239056 23331 100,30 40 963.19 99.04 109, 2<+> 4 82844 4506 109,209 3(H
?‘-”) 2000 1000 25  0.001 412010 55729 20 ,30- ) ,407) 258126 264.54 1<+> 30940 256842 347.75 1<+> 209 4 1010.08 5855 1(H) 2(+) 3(+)
T 2000 1000 25 00001 855048 160226 2 u ,30), A 274504 28197 14, 3<+> 40 651839 1139.10 109,200 400 116333 7229 10 2(H) 3(H)
g 2000 1000 50 0.1 330284 39553 20930040 310347 33652 100,300 40 173235 21193 1¢ J 2<+> 49 149503 11831 109,209 3()
2000 1000 50 0.001 633426  1019.02 2~ ) .30 ! ,407) 345532 379.88 1<+> 3<+> 4 458294 71791 1<+>,2< >,4< ) 184494 15435 1(F) 2(H) 3(+H)
2000 1000 50 0.0001 1288038 2979.96 2(— >73<*>,4< ) 375797 409.95 1Y 300 4 1004745 2229.63 10,200 4 215425 18500 1(H) 2(H) 3(H)
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Table 4. Statistical results of total offline error for NSGA-II with large change in the dynamic constraint (r = 2000)

T é « uncorrelated bounded-strongly correlated
NSGA-II-Chebyshev (5) NSGA-II-Chernoff (6) NSGA-II-Chebyshev (5) NSGA-II-Chernoff (6)
Mean Std  Stat Mean Std Stat Mean Std  Stat Mean Std  Stat

100 25 001 221577 29597 3%, 4 6 213059 27940 3™ 4(7) 5() 2390.79  189.51 37 4 6™ 223428 19474 3(7) 4(7) 59
100 25 0.001 350935  421.03 3%),4(5) 6(7) 226836 289.77 3(), 4™ 5<+> 4399.93  374.16 31, 4< ).6(7) 241683 148.89 3(9) 4 5(+)
100 25 00001 740177  621.03 3™ 4 6(7) 238785 29026 3™ 4™ 5() 9648.37 1205.88 3™ >o< ) 265275 16696  3(H) 4() 5(+)
100 50 0.01 2828.78  329.66 3<’),4(’)¢6<*> 2637.66 327.82 30D, 4<*> f”) 334250 23454 3 ) 4< ) 6™ 3042.16 20033 3, 4< > 5()
100 50 0.001 5358.32 552,16 3¢ 47 6() 290599 35218  3(*) 4(*) 501 6993.80  744.54 3, 4 ,6(7) 343987 21547 3(H) 4t ) ,5(H)
100 50 00001 1239267 67771 3% 4 67 315029 392.47 3+> 44) 5 15160.00 241827 3™ 4(7) (=) 379848 23952 3(F) 4 5()
1000 25 0.01 127593 15745 3~ ) i >76<> 117070 157.26 3™ 4~ > 5() 112335 150.54 3(5), 40 ) 60 1009.96 11548 3, e > 5(*)
1000 25  0.001 284491  318.58 3™ 47 6(7)  1333.13  168.23 3<+>,4 *) 5<+> 272667 39287 3,400 6 119856 12226 3(H), 4() 50
1000 25 0.0001 722872  700.04 3<*>,4(’>,6(’> 149580 180.51 3(H) 400 5(+) 6597.74 121095 3™, 4<*> 67 136020 150.56 3(H) 40 5(H)
1000 50 0.01 201638 23356 3(7),4(7) 60 181249 22210 3 4 *> 5(*) 1872.84 23735 3™ 407) 6 1682.10 184.08 3™ 4< <) 5+
1000 50  0.001 496778 537.00 3% 409 (0 215347 26598 3<+>,4*> 5(+) 4679.54  753.61 3<*),4(’>,6(’) 2032.80 215.07 3 40 5(+)
1000 50 0.0001 1219294 117498 3™ 40 6() 244742 30657 3(H) 4 5(H 988544 235072 3™ 4(7) () 234247 25388 3P ,4< ) 5(H)

Each algorithm initially runs for 10* warm-up iterations before the
first change in the capacity occurs and continues for 10° iterations.
Tables 2 and 3 report the performance of single-objective and bi-
objective optimization by the average and standard deviation of to-
tal offline error for 30 independent runs. Lower total offline error is
better because it shows the algorithm was closer to the P(z™*) for
each iteration. Note that when the problem becomes more uncertain,
the feasible region (without violating the probabilistic constraint) be-
comes more restrictive and the offline error will be increased.

Statistical comparisons are carried out by using the Kruskal-Wallis
test with 95% confidence interval integrated with the posteriori Bon-
ferroni test to compare multiple solutions [5]. The stat column shows
the rank of each algorithm in the instances; If two algorithms can be
compared with each other significantly, X () denotes that the cur-
rent algorithm is outperforming algorithm X . Likewise, X (™) signi-
fies the current algorithm is worse than the algorithm X significantly.
Otherwise, X *) shows that the current algorithm is not different sig-
nificantly with algorithm X. For example, numbers 1) 30 4(=)
denote the pairwise performance of algorithm (2). The numbers show
that algorithm (2) is statistically better than algorithm (1); it is not
different from algorithm (3) and it is inferior to algorithm (4).

Table 2 lists the results when r is 500. We observe that when the
environment of the problem becomes more complex, finding a so-
Iution which has a close distance to the optimal solution is harder.
As T decreases, J increases and « becomes tighter, the offline error
for both (1+1)-EA and POSDC increases. However, as the problem
becomes more difficult to solve, POSDC obtains solutions with a
lower total offline error and lower standard deviation in comparison
with (1+1)-EA. We also find that the algorithms which use Chernoff
bound outperform other algorithms which use the Chebyshev’s in-
equality.

Table 3 lists our results when 7 is 2000. We observe that POSDC
can obtain better solutions in comparison with (1+1)-EA. When we
consider a bigger magnitude of changes in the constraint bound, the
population size of non-dominated solutions in POSDC is bigger than
when 7 is 500; because 7 is equal to 7, POSDC covers a bigger range
of solutions which leads to a bigger population.

Therefore, when the changes occur faster (smaller 7), POSDC has
less time to evolve its population. POSDC only mutates one indi-
vidual chosen randomly in its population, leading to a lower chance
of choosing the best individual for the mutation in its population.
In contrast, (1+1)-EA only handles one individual, mutates and im-
proves it on all iterations. Introducing our second objective function
for the bi-objective optimization approach helps POSDC to tackle
all these drawbacks and outperform its counterpart single-objective

approach; because trade-off solutions contain more information in
principle of finding better solutions.

For further investigation of our bi-objective optimization, we also
apply the Non-dominated Sorting Genetic Algorithm (NSGA-II) [8],
which is a state of the art multi-objective EA when dealing with
two objectives. We run NSGA-II with a population size of 20 using
Chebyshev and Chernoff inequality tails which are algorithms (5)
and (6), respectively in Table 4. Table 4 shows the results of NSGA-
II when r is 2000 for uncorrelated and bounded strongly correlated
instances and compares the performance of NSGA-II with POSDC.
For brevity, we only report stats of comparison between NSGA-II
and POSDC.

To have a fair comparison, we modify NSGA-II to keep the best-
obtained solution for the given knapsack bound C' in each iteration.
Table 4 shows that in most of the instances, NSGA-II performs as
good as POSDC when using the Chernoff bound. However, POSDC
can outperform NSGA-II in instances where 6 = 25 and aw = 0.01,
which is the most straightforward instance. The main difference be-
tween NSGA-II and POSDC is the selection mechanism. NSGA-II
uses the crowding distance sorting to maintain diversity through the
evolution of its population. This comparison can point out the possi-
ble research line to further investigate state-of-art non-baseline EAs
and multi-objective EAs solving DCCKPs.

5 CONCLUSIONS

In this paper, we dealt with the dynamic chance-constrained knap-
sack problem where the constraint bound changes dynamically over
time, and item weights are uncertain. The key part of our approach
is to tackle the dynamic and stochastic components of an optimiza-
tion problem in a holistic approach. For this purpose and to apply bi-
objective optimization to the problem, we developed an objective C*
which calculates for a given solution x the smallest possible bound
for which z would meet the chance constraint. This objective func-
tion allows keeping a set of non-dominated solutions with different
C™ where an appropriate solution can be used to track the optimum
after the dynamic constraint bound has changed. As it is hard to cal-
culate the bound C*(z) in the stochastic setting exactly, we have
shown how to calculate upper bounds for C* (z) based on Chernoff
bound and Chebyshev’s inequality. We evaluated the bi-objective op-
timization for a wide range of chance-constrained knapsack prob-
lems with dynamically changing constraint bounds. The results show
that the bi-objective optimization with the introduced additional ob-
jective function can obtain better results than single-objective opti-
mization in most cases. Note that we also applied NSGA-II to the
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problem to point out possible improvements by using state of the art
algorithms. It would be interesting for future work to extend these
investigations. In addition, our approach is not limited to dynamic
chance-constrained knapsack problems and the formulation can be
adapted to a wide range of other problems where we would formu-
late a similar second objective to deal with the chance constraint.
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