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[Abstract]

Local search has been used to solve various combinatorial optimization problems. One of the most
important factors in local search is the method of generating a neighbor solution. In this paper, we propose
neighbor generation strategies of local search for permutation-based combinatorial optimization, and compare
the performance of each strategies targeting the traveling salesman problem. In this paper, we propose a total
of 10 neighbor generation strategies. Basically, we propose 4 new strategies such as Rotation in addition
to the 4 strategies such as Swap which have been widely used in the past. In addition, there are Combined!
and Combined2, which are made by combining basic neighbor generation strategies. The experiment was
performed by applying the basic local search, but changing only the neighbor generation strategy. As a result
of the experiment, it was confirmed that the performance difference is large according to the neighbor
generation strategy, and also confirmed that the performance of Combined2 is the best. In addition, it was

confirmed that Combined2 shows better performance than the existing local search methods.

» Key words: Neighbor generation, Local search, Permutation-based combinatorial optimization,
Traveling salesman problem, Simulated annealing
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I. Introduction
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II. Related Works

1. Local Search

7P 71RAQ A gA T o g oY e er] B
o] lct. Y e=27] FA2 AR 25 olZSiE U=
1 ARfshEC o 209 oSS AAfslE A7t & &
Aot WS vhe H383MT Y e =27] &M J|HE 3
A+ 7HA] B0l EARITHE]. shte Steepest-ascent
AY @27 gAllo]nf T 5= First-choice 919
27] gAllo|t}. Steepest-ascent AE @ 27| B A2 o
Ashol] dish 2= olRdls & 7MY £2 siz o]t
MshECt £2 sli7F EAfsHA] ¥ow meafile Fg
=t} First-choice QY @ 27] HAl2 o] 35)E shtgt
Adstal dixRfshEtt £0H viZ o]5sHA "ot & 7HA|
Hzlo] 1Y e er] g R e A F|AsHof| =E5HA] X
Stal A1 FJAsho] otk 2AIEC] .

A9 @27 JAlo] X|F z|Alet FAIE siEsH] Hsh
CHeRRt A1 &A 7 Eo] s7dstlen, tiasiel A
A TivoR BRE AaE AlEeolElE of'ddo] qlth

2 EMO Steepest-ascent 9Y @ 27| Aut Zro]

< oldlE & 7P £2 oldliz olEsiE 1 st
FMshECt £A] dtiete olEsk "ok AlggolE=

282 First-choice 915 Q27| X} oA 2



Neighbor Generation Strategies of Local Search for Permutation-based Combinatorial Optimization 29

shLEO] o] 2slut A st SR ECt o £0W btz o]
oA Hct o, FAfiECt £A] QItt siojete SHEA
o ozl 4 it

oldel B A gAY
Sk olgall 873

=0l thall & ==ollA ARt

MES NQF| 2 Ax 9Jx|uh

Steepest-ascent A9 @ 27] Ry} EFE
ol%slE Ev A2 79 olRslES ofEA e AIA]
of thgh 7l 12247t Qlofof gt wWafA] shto o]

2oll& oz XS XIsst= First-choice 9E 2
27] g} Algo]EE of'd7o] o]xsl A8 Al
tieh 2akE A5t Ol Bo Aget oz wsteich
ol ale} £ =poliis olgal Ay M) aulg %
517] sl X1 &AM 7195 % First-choice 919 2 27]
A} Algelolel ofgal e ALRs1%irt,

45} S1S o2 o JLesel Aglels o
P Y52 Fig. 1ot Zoh 9A 27608 Tl =
(NS Tstart Zroz x7|gkeicy, J2]u £ S
wEe UpiA] Chgat Zo] o] 232 viEslel o S,
oI%aHE Sl A4St 2 GObValuelo] 2Bl
urh o SohY, 5 2A% ol of Alcte o] 232 of
ERIT7-821)). TioF o] 3t PR A gk
7o) &5 2 o|5P] FrH~108191). ot el Aol
27 442 ofuldic, 18l 1 eEg wisle 2w
7 &40 Tmin)uo Atk Alagtos Mgtk

gae BE

o H1 ol

2 £71

© Algorithm SimulatedAnnealing
. current < Make an initial solution
T < Tstart
© while stopping criterion is not satisfied do
next < Generate a neighbor solution
AE < ObjValue(next) - ObjValue(current)
if AE < 0 then
current < next
else
current < next only with probability e
T < Update temperature
if 7 < Tmin then 7 = Tmin
! return current
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Fig. 1. Basic Simulated Annealing Algorithm
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III. Neighbor Generation Strategies
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IV. Experimental Results

1. Experimental Environment
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Table 1. Experimental Data

Data # of Cities Optimal
brazil58.tsp 58 25395
eil76.tsp 76 538
rat99.tsp 99 1211
pri136.tsp 136 96772
kroA150.tsp 150 26524
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kroB200.tsp 200 29437
pr264.tsp 264 49135
pr299.tsp 299 48191
lin318.tsp 318 42029
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Table 2. Parameter Settings for SA

'\;figrebgoyr Tstart Tmin a
Swap 1000 1 0.999999
Inversion 1000 1 0.999999
Edgelnsertion 1000 1 0.999999
BlockInsertion 1000 1 0.999999
BlockSwap 100 1 0.999999
Rotation 1000 1 0.999999
RandomShuffle 1000 1 0.999999
GreedyOrdering 1000 1 0.999999
Combined1 1000 1 0.999999
Combined2 100 1 0.999999
2 A7 & AP Intel Core [7-6700K CPU

4.0GHz, 8GB RAM % Windows 10 648]E 2HA|A| PC
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Table 3. Experimental Results for FCHC

Data Swap Inversion Edgg Bloc.k Block Rotation Random Greeqy Combined|Combined
Insertion | Insertion Swap Shuffle | Ordering 1 2
brazil58.tsp 36370.4| 27528.2| 29943.2] 26240.4| 264134 26387.8| 34361.4| 26904.0] 25699.0| 25464.6
eil76.tsp 779.0 606.8 613.2 565.6 560.8 565.6 678.8 573.0 562.4 552.8
rat99.tsp 2174.0 1418.8 1479.6 1299.4 1273.2 1292.8 1777.6 1350.6 1258.8 1237.2
pr136.tsp 189761.6| 113929.4| 133912.6| 102896.4| 101039.8| 104506.8| 163477.0| 102565.2| 101959.2| 100751.8
kroA150.tsp 55897.2| 30766.8| 37244.0] 28432.8| 27566.0 289768 51016.6| 28102.8| 27957.6| 27009.8
u159.tsp 96779.0 49729.2| 57296.4] 45071.4| 44120.2) 45515.0) 84849.0| 47660.2| 44993.2| 435424
kroB200.tsp 64240.6| 34621.0| 44942.4) 31407.4| 32587.4) 31869.4| 61047.2| 32849.4| 31231.2 30384.6
pr264.tsp 218864.6| 57762.6| 106589.8) 54707.8) 61538.8| 54831.8| 193934.0) 54744.4| 53471.8| 505744
pr299.tsp 131563.2| 57631.8| 71479.0] 52832.6| 62828.6| 52676.6| 116560.8/ 55697.4| 51280.4| 50582.8
lin318.tsp 109536.0| 49885.6| 69852.8| 45993.6| 54217.4] 45533.6| 108531.6| 47462.2) 446122 436358
Average 90596.6| 42388.0 55335.3| 38944.7| 41214.6| 39215.6| 81623.4| 39790.9| 38302.6| 37373.6
Table 4. Experimental Results for SA
Data Swap Inversion Edgg Bloc.k Block Rotation Random Greeqy Combined|Combined
Insertion | Insertion Swap Shuffle | Ordering 1 2

brazil58.tsp 26456.0) 25725.0/ 25614.0f 25415.0| 25582.0f 25435.0f 27506.0f 253950 25395.00 25395.0
eil76.tsp 562.8 538.8 541.2 538.4 542.8 541.4 573.0 545.8 538.0 538.0
rat99.tsp 1334.2 1258.0 1249.8 1269.0 1249.2 1232.8 1372.8 1223.6 1218.4 1215.8
pr136.tsp 115402.0| 100862.6| 101970.4| 100213.2| 101505.4| 99642.8| 119309.4| 97089.6] 979852 98518.8
kroA150.tsp 32230.0| 27562.8| 28128.6| 28013.4| 27531.6| 27479.0| 34171.0) 27150.4] 26855.2| 26687.0
u159.tsp 50117.2| 44331.4| 43873.0| 44802.6| 44897.0) 43151.4| 52729.0( 42794.2| 42795.4| 42546.0
kroB200.tsp 37570.8| 31301.4| 31566.2| 31205.0f 32182.4) 30854.2| 39465.4| 31006.4| 30030.8) 29666.4
pr264.tsp 89765.0) 53334.0) 55562.2| 53367.6| 59187.8] 51368.0| 103889.4| 49909.6| 51523.6| 49135.0
pr299.tsp 67871.0) 52307.6| 52030.2| 52987.4| 61378.8) 51014.8) 72224.4] 51849.0| 49913.8) 488228
lin318.tsp 61741.0f 45383.8| 48635.4| 45561.0| 54583.6| 44428.8) 66198.4| 45784.6| 43714.6| 42886.4
Average 48305.0) 38260.5| 38917.1| 38337.3| 40864.1| 37514.8| 51743.9| 37274.8| 36997.0 36541.1
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Table 5. Comparison of Basic SA(Combined2) with Other Algorithms

Basic SA(Combined?2) HVNS(2018) [11] RNN-SA(2021) [10]
Data Optimal
Best Average Worst Best Average Worst Best Average Worst
brazil58.tsp 25395| 25395.00 25395.00 25395.0) 25425.0| 25592.7| 25664.0f 25395.0f 25440.4) 25622.0
eil76.tsp 538 538.0 538.0 538.0 545 .4 552.6 566.5 544 .4 549 .2 556.0
rat99.tsp 1211 1211.0 1215.8 1223.0 1240.4 1241.3 1242 .4 1219.2 1229.3 1232.7
pr136.tsp 96772| 97729.0 98518.8/ 99208.0 97979.1 97985.8) 98012.8| 96922.4] 100335.2| 101924.3
kroA150.tsp 26524 26528.0) 26687.00 26990.0) 26943.3| 26947.2| 26962.6| 26821.8) 27008.2| 27330.0
u159.tsp 42080| 42396.0| 42546.0| 42960.0| 424362 42467.6] 424676 421628 42547.7| 427155
kroB200.tsp 29437| 29489.0| 29666.4) 29979.0) 30447.3| 30453.2| 30472.4| 29825.2| 30033.0 30247.7
pr264.tsp 49135 49135.0 491350 491350/ 51155.4| 51197.1| 51364.2| 49197.3| 49375.8| 49779.6
pr299.tsp 48191 48639.0) 48822.8) 49349.0| 50271.7| 50373.1 50778.9| 48811.5| 49003.9| 49137.7
lin318.tsp 42029 42457.0) 42886.4) 43225.0| 439241 43964.9| 44128.4| 428625 43041.1] 43167.1
Average 36131.2| 36351.7) 36541.1] 36800.2| 37036.8/ 37077.6| 37166.0f 36376.2| 36856.4] 37171.3
Table 5= Combined29] A3 ZAutet 71& AL [11] =4, X9 &M 7] o0 2= 71EA 9] First-choice A4
2 [10]& A& H|wst Zojc}. AHS 95t 488 A7t} Q27 EAlgl A8 olElE ofJdalS AMRSIT AlY
Aste] [11]9] 3% i =0l Best shE A717HK]| 9 A, 2 =2olld AEAl AAIRE GreedyOrderingatt
29 AJ7to] 7]z o] It oS 501, brazilb8.tsp7}  Rotation©] 7]E9] o] 25l A AEHTH Lpets &
401 %, rat99.tsp7t 828X, lin318.tsp7t 1734% So|c}. 015199 11, BlockSwap TSt 7390 et a1tAd 4~ Q)
o= & AFOA Best sl A7I7HXQ] AQ AIXTHLDY o= =RIsidoh. xEA o= GreedyOrdering}
4 Wo] A3y Zlo g HoIt} [10]2 5388 A|7to] & ¥ Inversion & ZA%st o3l 284 A2kl Combined?2
Al=lo] QIA] ot W} F—Q—O} 72 AZeh ARE Yol 7F VY St e RSk e, o] Auk=VIE A
duh} £ 52 AL 4 9lestolck Table 5ol 7 7Sl usiAE BH 948k sRlst,
tlole H= gk (Average)a T EZUES & 2 APoME 712AQ A EA due|EuteR e
EA] 2 o]z mASIGI O, Best il & AA5H o]zl A o] wef 4t Hee EHE 4 e
ol cfeliMe 2EAZ BAISHIC £ FRlsioick. o2 53l 710 Ko} g W ol
Table 501 ©|5}H pri36.tspet ulb9.tspa ARt 2 dues & Aot 5% 4% H& St 4t =
+ OlolEfof] glojA Combined29] 7d50] 71 4t &2 & S Aoz o 4 o o gz &
= % 2 Ao AAEQ gkl )lojA = Combined? of 2upAQl o] zal A/ Alfe2 g Al ts
o 50l 7MY st [101 [11]9] o2 Asol & o 2 27t M52 4e85taAL ofct. HiA 9] o
222 o 4 otk 0lF Bl 71l Aol g 2 9 B oo T & 7|9t 28 FRst 2] AL
2l5g Agoitebs At ol%al A4 AL sl Bo=K oy Bl mhe 2 o2 A4 Mol =4
of &30l W} et Hss RE & g e = MEleit. 3oz s 2 =ZolA At o]z
g 4 9k A ekt 71E0) Al e PRl 94 A Hateg
Aoz ofd gapyt WASH=AIE RISt of&
2] &% 7|9t 2% A|Mg} 2A®0k ohz} AYbEQl &
V. Conclusions and Future Work G et EAll A8 7hs et olkell A8 Aol Hisi
HE WAg 7V East ot
£ =Rolde 2 7lv 2% HNaE o3t Al
Alof] QlojA] thefet o]zl A4 Al=hS AAIsHATE o
BHQl 2% 75 2% A5t 2 28 ouy BA
£ &l olxsll W WHFEY Hee 145 E HlustHd
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