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Greedy Frog Leaping Algorithm for 01 Knapsack Problem

GAO Si-qi  XING Yu-xuan XIAO Nong LIU Fang
(School of Computer,National University of Defense Technology,Changsha 410073, China)

Abstract 01 knapsack problem(0lkp) is a classic combinatorial optimization problem and appears in many models of
real world problem,such as cargo loading.budget control.resource allocation,financial management,and so forth. Many
scientists have studied on this area for several decades and achieved a rich harvest. Even though 01kp has been re-
searched for many years,it has been proved to be an NP complete problem,thus finding the best solution is not easy. In
recent years,many original and improved intelligent algorithms was proposed to address 01 knapsack problem, for in-
stance,chemical reaction optimization algorithm,genetic algorithm, particle swarm optimization algorithm,shuffled frog
leaping algorithm,artificial bee colony algorithm,hill climbing algorithm and simulated annealing algorithm. This paper
studied on many intelligent algorithms and 01 knapsack problems,and proposed greedy frog leaping algorithm (GFLA)
to solve 01kp. Different from original shuffled frog leaping algorithm,GFLA always updates global best solution during
each memeplex process,such that global exploration would employ the latest global best solution to expand the search
space. In addition to traditional global exploration and local exploitation,aiming at 01kp,it proposed a greedy scheme at
fitness computing stage,including drop and add two steps. At drop step.if the knapsack is over-weighted, then the item
with minimum value density is removed from the knapsack and the solution is updated. At add step.if there is still space
for the knapsack to load items,then items with minimum weight which have not been loaded are put into the knapsack
and solution is also updated. Drop and add steps adopted in our work greatly improve greedy frog leaping algorithm’s a-
bility to address 01kp. This paper conducted the experiments on benchmarks,and compared the results with chemical
reaction optimization algorithm, genetic algorithm,quantum-inspired evolutionary algorithm,chemical reaction optimiza-
tion with greedy strategy. All experimental results show that greedy frog leaping algorithm obtains the best solutions in
all cases,which indicates that GFLA is an efficient algorithm to address 01 knapsack problem.
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for i==0 to m—1 do

obtain the i-th memplex as memple x;

for iter<=0 to memlters—1 do
obtain the local best frog in memplex; as Py,
obtain the local worst frog in memplex; as Py,
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temp
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Table 1 Results on different datasets
100 items 250 items 500 items
best solution average time/ (s/run) best solution average time/ (s/run) best solution average time/ (s/run)
ACO 585 581.2 1.015 1530 1523.6 2.301 2930 2917.4 4. 650
GA 585 582.9 1.102 1535 1524.9 2.475 2935 2921.3 4.968
QEA 587 583.2 0. 906 1537 1526. 8 2.502 2935 2925.5 4.572
CROG 590 584.1 0.814 1539 1529.7 2.276 2940 2928.9 4. 386
ABC 609 605.5 0.173 1526 1509. 3 0.393 2970 2935.3 0.736
GFLA 619 619.0 0.511 1567 1567.0 1.176 3116 3115.9 2.204
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Fig. 2 Convergence comparison between ABC and GFLA
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