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Introduction

Introduction

@ Optimization algorithms are often designed and tested on
benchmark problems.

@ Benchmarks are useful to investigate facets of difficulty but
have limitations.

@ Real-world problems usually have multiple components
that interact.

@ Solution representation might not be straightforward.

@ Developing algorithms for these problem is a challenging
problem.
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Introduction

Introduction

@ Investigate a bi-objective variant of TTP, an example
multi-component optimization problems.

@ Incorporate dynamic programming (DP) as a local
optimization operator of population-based approaches.

@ Evaluate the efficiency of the DP-based 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.

@ ltems 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.

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.
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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(m)

KS(p)

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

Previous approaches

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

Previous work

Bi-objective approaches

@ Comparison of greedy approach, an independent sub-problem algorithm, and
NSGA-II for instances of up to 100 cities and up to 10 items per city [Blank et
al:2017]

@ Combination of a dynamic programming approach and evolutionary search for a
class of bi-objective TTP [Wu et al:2018]

-

Packing Routine Heuristic (PRH)

(e

@ PRH [Faulkner et al:2015] assigns a score s; ; = # to item p; ;.
19T ™n

@ PRH has been acknowledged as an important component of successful
algorithms [Wagner et al:2018]
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Hybrid evolutionary-DP search

Hybrid evolutionary-DP algorithm (MO-DP)

Main idea: Hybrid algorithm
@ Apply dynamic programming (DP) as an operator that
improves the quality of the solution.

@ DP can find an optimal packing plans for small instances of
the problem but it requires a high computational time.

DP application

@ |Initialization of the packing plans
© During the evolution as a local optimizer
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Hybrid evolutionary-DP search

Hybrid evolutionary-DP algorithm (MO-DP)

Applied as a local optimizer

@ A packing plan for the solution already exists.

@ Key question is how to select the candidate items to be
optimized

@ The capacity constrained is that of the currently selected
items.

. ot
ltem selection

@ Methods based on item importance computation.
© Methods based on item pre-selection.
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Hybrid evolutionary-DP search

Hybrid evolutionary-DP algorithm (MO-DP)

Parameters of the method

Window size (WS): Number of items selected as
candidates.

Value metric (VM): This can be the profit or a
distance-based metric computed from the TSP tour.
Weight proportion (WP): Proportion of weight from the
original solution that is set as maximum capacity.

Intensity (In): Number of times DP is applied to the same
solution.
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Hybrid evolutionary-DP search

Complementary 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.

PRH operator

| \

@ A variation of the PRH technique
@ Each time the operator is called, a random 1 < o < 6 is selected.
@ The candidate packing plan p is constructed using o
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Hybrid evolutionary-DP search

Hybrid evolutionary-DP algorithm (MO-DP)

Algorithm 1 Hybrd evolutionary-DP algorithm (MO-DP)
1: Initialize population of non TTP non-dominated solutions
(Pop)

2: for i =1 to 1y, do

3 Select a solution & from Fop

4:  Create solution & applying DP operator to

5:  Create subset of non-dominated candidate solutions
from evaluating

6:  Add non-dominated solutions to Pop

7 Using a pre-defined criterion, remove solutions from
Pop so |Pop| =M

8: end for
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Hybrid evolutionary-DP search

DP operators

@ DP20: In = 20.

@ Rot_PP_DP10: First a rotation operator is applied. Then, the packing routine
heuristic is used to initialize the packing plan. Finally, DP is applied,

@ Rot PP_DP10_PI: First a rotation operator is applied. Then, the packing routine
heuristic is used to initialize the packing plan. Subsequently DP is applied,
In = 20. Finally, a profit improver algorithm is applied.

@ DP10_PI: DP is applied, /In = 10. Then, a profit improver algorithm is applied.
@ DP_30_PI: DP is applied, /n = 30. Then, a profit improver algorithm is applied.
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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 | corr.
a280-n279 280 1 bd strong 0.1
a280-n1395 280 5 uncorr. ~ 0.5
a280-n2790 280 | 10 uncort. 1.0
fnl4461-n4460 4461 1 bd strong 0.1
fnl4461-n22300 4461 5 strong = 0.5
fnl4461-n44600 4461 | 10 uncorr. 1.0
pla33810-n33809 33810 1 bd strong 0.1
pla33810-n169045 33810 5 strong = 0.5
pla33810-n338090 || 33810 | 10 uncorr. 1.0

R. Santana and S. Shakya Dynamic programming operators for the bi-objective TTP



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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TABLE Il
HV RESULTS FOR DIFFERENT VARIANTS OF DP OPERATORS

VM [ In [ WP [ [ 0279 [ nl395 | nZ790 | ndd460 [ n22300 [ nd4600 | n33809 | nl60045 | n338000
o 1 1 09175 | 08001 | 0.8676 | 0.8774 | 0.7866 | 0.8580 | 08145 07676 | 0.8512
ra 1 2 09012 | 0.7967 | 0.8664 | 0.8860 [ 0.7851 | 08587 | 08303 07673 | 0.8510
profit 1 1 08527 | 0.7869 | 0.8630 | 0.8185 | 0.7835 | 08582 | 07911 07670 | 0.8510
profit 1 2 08785 | (.7886 | 0.8637 | 0.8347 | 0.7838 | 0.8583 | 07950 [ 07669 | 0.8509
ra 0| 1 09177 | 0.8052 | 0.8759 | 0.9094 | 0.7988 | 0.8639 | 08769 | 0.7720 | 0.8527
Ty 0| 2 0.8985 | 0.8015 | 0.8716 | 0.9003 [ 0.7933 | 08606 | 08714 0.7691 0.8518
profit 0|1 08236 | 0.7858 | 0.8636 | 0.8287 | 0.7836 | 08583 | 0.805] 0.7671 0.8509
profit 0| 2 0.8570 | 0.7863 | 0.8632 | 08410 | 0.7840 | 08583 | 0.8099 0.7671 0.8509
weights || 100 | T 08638 | 0.7861 | 0.5635 | O.8020 | 0.7842 | 0.8384 | 0.7893 07673 | 0.8510
weights || 10 | 2 07859 | 0.8632 | 0.8231 | 0.7841 | 0.8583 | 07938 0.7671 0.8509
profit 0|1 07850 | 0.8631 | 0.8015 | 0.7832 | 08582 | 07873 07669 | 0.8509
profit 0| 2 07960 | 0.8635 | 0.8221 | 0.7849 | 08583 | 07913 07670 | 0.8510
ratios 0| 1 08171 | 0.7852 | 0.8626 | 0.7995 | 0.7833 | 08582 | 07878 07669 | 0.8509
ratios 0| 2 0.8691 | 0.7983 | 0.8650 | 0.8287 | 0.7850 | 08583 | 07952 0.7671 0.8509
PRH 0| 1 08513 | 0.7858 | 0.8635 | 0.8094 | 0.7849 | 08584 | 08145 07680 | 0.8509
PRH 0| 2 0.8862 | 0.8026 | 0.8689 | 0.8770 | 0.7839 [ 08584 | 0.8479 | 07706 | 0.8522
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TABLE 111

RESULTS OF THE COMPARISON BETWEEN ALGORITHMS THAT INCORPORATE THE DP VARIANTS AND THE STATE-OF

“THE-ART ALGORITHMS

Algorithm 0279 1395 n2790 nd460 [ n22300 | nd4600 | n33809 | nl69045 3 3R0N)
HPI 09404 | 0.8254 | 0.8860 | 09339 0.5229 {1.8825 0.9229 08107 08748
Jomar 0.9387 | 0.8241 | 0.8864 | 09327 0.8187 0.8743 0.8356 07279 0.8521
NTGA 09307 | 0.8141 | 0.8809 | 09140 | 0.8076 | 0.8242 0.8819 0.7638 07788
DP20 0.9257 | 0.8064 | 08785 | 09150 | 0.8064 0.8697 0.8960 07795 08575
Rot_PP_DP1} 09201 | 0.7949 | 0.8682 | 0.8348 0.7831 0.8581 0.8458 0.7949 0.8664
Rol_PP_DP10_P1 0.9205 | 0.7967 | 0.8682 | 0. 6 .7831 0.8581 (.8464 0.7954 0.8671
DP10_PI 0.9262 | (.8061 | 0.8780 | 09130 0.8038 0.8663 0.8896 07762 0.8556
DP_30_P1 0.9256 | 0.8065 | 0.8787 | 09153 0.8079 | 0.8716 | 0.8984 07831 08594
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Experiments

Experiments

Joint ranking of the DP-based and the state-of-the-art algorithms.

Algorithm [

HPI 26

Jomar 13

DP_30_PI 5

Rot_PP_DP10_PI | 4

NTGA 3

Rot_PP_DP10 2

DP20 1

DP10_PI 0
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Conclusions

Conclusions

Conclusions

@ Introduced variants of DP that incorporate more
information about the TTP characteristics.

@ The use of DP as a variation operator can lead to more
accurate approximations of the Pareto front.

@ Some of the DP variants are competitive with the best
contenders for the bi-objective TTP.
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