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Introduction

Introduction

@ The Traveling Thief Problem (TTP) is a paradigmatic
multi-component problem.

@ In multi-objective variants of the TTP we aim to obtain a
diverse set of solutions.

@ Developing algorithms for these problem is a challenging
problem.

@ Different types of optimizers behave differently for different
instances of the problem.

@ It makes sense to evaluate the suitability of adaptive
approaches.

v
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Introduction

Introduction

@ Propose an adaptive hybrid TTP optimization algorithm.

@ The algorithm is based on the probabilistic application of
variation operators.

@ We build on previous work that use dynamic programming
(DP) for multi-objective TTP.

@ Evaluate the efficiency of the introduced operators.

@ Evaluate scalability. TTP instances of up to 33810 cities
and 338100 items.
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Introduction

The two components of TTP are the TSP problem and the
knapsack problem.

In TTP, a thief has to travel n cities and go back to the
origin.

In each city, he may get one or more items for his
knapsack, which has a maximum capacity.

Items add value to the bounty collected by the thief but
also add a weight.

The weight reduces the speed of the thief.
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Introduction

Single-objective TTP
@ Maximize the revenue which is calculated adding the
values of all stolen items and deducting the cost of renting

the car that depends on the time to complete the tour.

-

Bi-objective TTP

@ Maximize the gain obtained from the items taken by the
thief during the tour, constrained on the maximum capacity
of the knapsack.

© Minimize the time spent on the tour.

A\
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TTP problem

Definitions

TTP problem

@ 7= (m =1,7m0,...,7mp) represent a tour such that «; = j iff j
is the ith visited city of the tour.

@ p; ;. Profit for taking object j in city /
@ w;; Weight of object j in city /.
@ p = (p21---p2k>---1Pnd---Pnk)- Packing plan of the thief

M. R. Bonyadi, Z. Michalewicz, and L. Barone. The travelling thief problem: the first step i the transition from theoretical problems to realistic problems. In 2013
IEEE Congress on Evolutionary Computation (CEC). pp. 1037-1044. IEEE. 2013.

-
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TTP problem

TSP(7)

KS(m)

TTP representation.
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TTP problem

Definitions

TTP objectives
n k n k
9(m.p)=>_> pipis, St D> Wpx < C (1)

i=2 [=1 i=2 [=1
b o) = ( o ) T @

@ g(m, p): Gain obtained from the items taken by the thief
during the tour

@ h(m, p): Time spent on the tour.
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TTP problem

Related work

Separate the tour improvement stage and the item packing
stage

@ CoSolver algorithm [Bonyadi et al:2014].

@ Cooperative Co-evolution approach [Mei et al:2016].

@ Two-Stage Memetic Algorithm (TSMA) [Mei et al:2014].
@ CS2SA [ElYafrani and Belaid:2016].
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TTP problem

Related work

Hyperheuristics

@ GP-based heuristic evolution [Mei et al:2015].

@ Hyperheuristic approach based on low-level heuristics
[ElYafrani et al:2018].

@ Algorithms portfolios for TTP based on TTP “features”
[Wagner et al:2018].
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TTP problem

[ Reference ][ Year [ Type Opt. | Max. n [ Max. items |
This work 2022 Bi-Obj 33810 338090
[5] 2021 Bi-Obj 33810 338090
23] 2019 Bi-Obj 51 500
[45] 2019 Single 280 2790
[9] 2018 Single 33810 338090
[11] 2018 Single 783 7820
[43] 2018 Bi-Obj 101
[42] 2018 Single 33810 338090
[2] 2017 Bi-Obj 100 1000
[32] 2017 Single 76 225
[31] 2016 Single 100 150
[27] 2016 Single 100 150
[8] 2016 Single 33810 338090
[12] 2015 Single 85900 858990
TABLE T
DESCRIPTION OF INSTANCES TREATED IN THE LITERATURE.
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Multi-objective Evolution by Variation (MOEV)

Algorithm 1: Multi-objective Evolution by Variation
(MOEYV)

Input: Matrix of distances for TSP. Items profit, weights and maximum
capacity of knapsack.
OQutput: Set of non-dominated solutions P S.
Initialize population of non-dominated solutions (PS)
fori=1,..., N, do
Select a TTP solution x from the PS
Select variation operator o based on some predefined criterion
Applying variation operator o to x to create TTP solution &
Compute subset of partial solutions Z from evaluating a:
foreach 2 € Z do
Add =z to PS
If |PS| > M remove solution from PS
end foreach
end for
return PS
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Multi-objective Evolution by Variation (MOEV)

MOEYV initialization

@ Solutions found using the very efficient Lin-Kernighan
method.

@ We use the Lin-Kernighan-Helsgaun (LKH) solver.

Initial packing plan solutions
@ Three different initialization schemes evaluated.

© Sort the p; « values according to the profit and the
profit/gain ratios.

© Divide the the items into g sets and apply DP to each set
with a maximum weight <.
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Multi-objective Evolution by Variation (MOEV)

MOEYV operators

TSP operators

@ Partial tour transposition (PT).
© Swap (SW) of two positions in the permutation.
© Permutation rotation (PR) restricted PR (RPR).

@ Bit-flip operator (BF).

© Greedy fill (GF).

© Profit (Pl) and weight improver (WI) methods.
© Packing routine heuristic (PRH).

© Dynamic programming (DP) algorithms.
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Multi-objective Evolution by Variation (MOEV)

TSP operators

Profit improver operator (PI)

@ Searches for a change to the packing plan component that simultaneously
improves the two objectives of the problem.

Rotation operator (PR)

@ Makes a rotation of / positions in the sub-sequence comprised by 75, 73, . . ., Tn.
@ It can be applied clockwise or anticlockwise.
@ Exploits the fact that only two neighbor distances will be affected as a result of a

rotation.
i

PRH operator

@ A variation of the PRH technique
@ Each time the operator is called, a random 1 < o < 6 is selected.
0 The candidate packing plan p is constructed using «
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Multi-objective Evolution by Variation (MOEV)

[ Op. | VM ]| Op. | VM | WP || Op. | VM | WP |
PDP IDP
1 BF 10 profit 1 14 | weight 1
2 PT 11 profit 2 15 weight 2
3 SwW 12 distance 1 16 profit 1
4 PR 13 distance 2 17 profit 2
5 RPR 18 ratio 1
6 GF 19 ratio 2
7 PRH 20 PRH 1
8 WI 21 PRH 2
9 PI
TABLE II
OPERATORS INCLUDED BY THE DIFFERENT VARIANTS OF THE
ALGORITHM.
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Multi-objective Evolution by Variation (MOEV)

Adaptive schemes for application of operators

@ MOEVg,4: In each iteration the operators are selected
following a uniform probability.

@ MOEV 44 The probability of application of each operator
is updated after s iterations proportionally to the cumulative
average number of non-dominated solutions produced by
the operators.

@ MOEV pgapt, - Similar to MOEV a0 but probabilities are
restarted to uniform values after every 2s iterations, i.e.,
the algorithm alternates s iterations of exploitation with s
iterations of exploration.
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Experiments

Instance Benchmark

TTP function benchmark, originally proposed as part of the

GECCO-2019, and used in the experiments.
Instance i n| k[ bound [ typecorr. [ w ]| R
a280-n279 280 1 bd strong 1
a280-n1395 280 5 uncorr. ~ 5
a280-n2790 280 | 10 uncort. 10
fnl4461-n4460 4461 1 bd strong 1
fnl4461-n22300 4461 5 strong = 5
fnl4461-n44600 4461 | 10 uncorr. 10
pla33810-n33809 33810 1 bd strong 1
pla33810-n169045 33810 5 strong = 5
pla33810-n338090 || 33810 | 10 uncorr. 10
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Experiments

Experiments

Parameters of the algorithm

@ Population size: This was selected according to the PF
size defined for the GECCO-2019 challenge.

@ Maximum number of generations: g = 1000.
@ Window size for DP variants: w = 150.
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Added non-dominated solutions
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Added non-dominated solutions
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Added non-dominated solutions
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Algorithm n279 nl395 n2790 | n4460 | n22300 | n44600 | n33809 | nl169045 | n338090
MOEV g, 4 0.8971 | 0.8111 | 0.8789 | 09162 | 0.8003 | 0.8624 | 0.9017 0.7993 0.8682
MOEV 4gapt 0.8983 | 0.8080 | 0.8785 | 09167 | 0.8021 0.8636 | 0.9006 0.8010 0.8682
MOEV Adapt, 0.8992 | 0.8085 | 0.8787 | 09161 0.8028 | 0.8628 | 0.9003 0.8003 0.8679

HPI 0.9184 | 0.8284 | 0.8360 | 0.9336 | 0.8230 | 0.8824 | 0.9230 0.8109 0.8742
Jomar 09161 | 0.8241 | 0.8864 | 09323 | 0.8188 | 0.8741 0.8356 0.7281 0.8513
NTGA 0.9059 | 0.8141 | 0.8809 | 0.9136 | 0.8076 | 0.8241 0.8819 0.7640 0.7776
SSteam 0.8927 | 0.7900 | 0.8632 | 0.8534 | 0.7863 | 0.8562 | 0.8230 0.7675 0.8514

TABLE IV

RESULTS OF THE COMPARISON BETWEEN MOEV VARIANTS AND STATE OF ART ALGORITHMS

Results for all instances.




Rank Algorithm

Score

1 HPI 26
2 Jomar 13
3 MOEVAdapL 7
4 NTGA 4
5 MOEV g, 4 2
6 | MOEV g4apt,. 2
7 SSteam 0

TABLE V

JOINT RANKING OF THE EVALUATED ALGORITHMS.
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Conclusions

Conclusions

Conclusions

@ Introduced adaptive schemes for bi-objective TTP.

@ Evaluation of TTP variation operators in terms of the
number of non-dominated solutions and the computational
time.

@ Competitive results have been obtained, particularly for
large instances.
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