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[Abstract]

The traveling salesman problem(TSP) is one of the most famous combinatorial optimization problem.
So far, many metaheuristic search algorithms have been proposed to solve the problem, and one of
them is local search. One of the very important factors in local search is neighbor generation method,
and random-based neighbor generation methods such as inversion have been mainly used. This paper
proposes 4 new greedy-based neighbor generation methods. Three of them are based on greedy insertion
heuristic which insert selected cities one by one into the current best position. The other one is based
on greedy rotation. The proposed methods are applied to first-choice hill-climbing search and simulated
annealing which are representative local search algorithms. Through the experiment, we confirmed that
the proposed greedy-based methods outperform the existing random-based methods. In addition, we

confirmed that some greedy-based methods are superior to the existing local search methods.

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

1. Local Search
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© 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

©

-AE/T

— = = e
Wy e e

Fig. 1. Basic Simulated Annealing Algorithm
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2. Traveling Salesman Problem
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III. Greedy-based Neighbor Generation
Methods

2 =M Adkste 22Y 718k o] zsl A4 W
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1. GreedyBlockWholelnsertion (GBWI)
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1: Algorithm GreedyBlockWholelnsertion(current)
current : Current solution
* next < current
© i1, i2 < Select 2 random positions
: block < Get the path from next[il] to next[i2]
: next < Make subtour by removing block
from next
6: edge < Find an edge in next except for the
current edge such that the increased length
by inserting block between the edge's cities
is minimal
7: next < Insert block to edge in next
8! return next

g W N

Fig. 2. GreedyBlockWholelnsertion Algorithm
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o] 391 =AP7} A= o] block (b)ek o] [5, 6, 3]°]

g1, o] At ABFol= (c)7F =nt. oA (c)9] A B
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Fig. 3. An Example of GreedyBlockWholelnsertion

2. GreedyBlockEachInsertion (GBEI)
GreedyBlockEachInsertion ¥&112]&-2 Fig. 48} 74o]
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the ZoltH7~921R)).

. Algorithm GreedyBlockEachInsertion(current)

next < current

il, i2 < Select 2 random positions

: block < Get the path from next[il] to next[i2]

: block < Shuffle the cities in block

next <= Make subtour by removing block
from next

¢ for city in block

edge < Find an edge in next such that the
increased length by inserting city
between the edge's cities is minimal

9: next < Insert city to edge in next

10: return next

o 3

Fig. 4. GreedyBlockEachInsertion Algorithm

3. GreedyBlockRotation (GBR)
GreedyBlockRotation 12|52
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S0, block U] 5710] =AI7} ERIRITH 1-left shift,
2-left shift, 3-left shift, 4-left shiftS E3] U= o]%
S 5 M Be A2 A% ol2slz 2RI

2 AFSSHYTH13]. "# of Cities"?} "Optimal Value" ZH&]
o= ZF glofefe] =A] 7l4et 2Ag o] 7]&E o] Qlot.

Table 1. Experimental Data
1: Algorithm GreedyBlockRotation(current) Data # of Cities Optimal
2: next <= current brazil58.tsp 58 25395
3011, i2 < Select 2 random position eil76.tsp 76 538
4: block < Get the path from next[il] to next[i2] rat99.tsp 99 1211
5. k <= Find a k shift left circularly in block pr136.tsp 136 96772
from 1 to [i2 - il] such that the increased kroA150.tsp 150 26524
length by shifting block is minimal u159.tsp 159 42080
6: next < Shift left by k circularly in block in next kroB200.tsp 200 29437
7: return next pr264.tsp 264 49135
pr299.tsp 299 48191
Fig. 5. GreedyBlockRotation Algorithm lin318.tsp 318 42029
4. GreedyRandomlInsertion (GRI) Aol ojd3e x7] &% Tstarte} 3% 2%
GreedyRandomlInsertion ¥12]52 Fig. 61} Z0] Tmin J2]1 2% 7FA 8 o 3o mhel Als Aujol] 2 &}
o7} 912 4 9ok WEpA £ ATolAE Tstart GO

GreedyBlockEachInsertiont 01\}6}11} Aojde =
EAIS 3 SR hS MRtk Zloltk3-dakel). |
N (n-17W7tRle] A7} SAtg 2 elElo] sig 9
Rlof Q= ZAEO0] s_citieso] Z3tHCh olzg=
GreedyBlockEachInsertionit =5}ttt s_citiesof] &Z3h
H EAlE2 FAR 2 A BE (521, s_citiesof] 2t
H EAEZ AlYjstl ABRo7 ghzojZltH621e]). o
Al s_citiesof] ZFE]0] Q= ZF ZA]= s AR AJE
Folo] Az Aol 7MY £ WA= AP TH7~924).

1: Algorithm GreedyRandomlInsertion(current)
2. next < current
3! s_indexes <~ Select k random positions
(1<k<total_city_count)
4: s_cities < Get cities in next[i] for i in s_indexes
5! s_cities <= Shuffle the cities in s_cities
6: next <~ Make subtour by removing cities in
s_cities from next
7 for city in s_cities
8: edge < Find an edge in next such that the
increased length by inserting city
between the edge's cities is minimal
9: next < Insert city to edge in next
10: return next

Fig. 6. GreedyRandomInsertion Algorithm

IV. Experimental Results

1. Experimental Environment
2 A9 A9 folH 2 TSPLIBOA Algsh= 3
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Table 2. Parameter Settings for SA

Neighboring Method Tstart a
GreedyBIoig\évvr\}%lelnsertion 1000 0.999999
GreedyBIoE:gSE;:)hInsertion 100 0.999999

Greedyligéggiota“o” 100 0.999999

GreedyRa?gsIr;Insertion 1000 0.99999

2E AL Intel Core 17-6700K CPU 4.0GHz, 8GB
RAM 2 Windows 10 648]E &FAA| PColA $3YE%
o0, 22752 Python 3.105 AREstA 7HLE M.

2. Comparison of Random-based Methods with
Greedy-based Methods
Table 3 First-choice A8 @ 27] &A(FCHC)9] A
& Zio|t, Table 4= AlE2olHE o'2I(SA)9] Hd
Aolc}. 2} 231 7} ojel 2 ol3) Ay e &
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Table 3 1 Fig. 70] ©J3tH FCHCO|| QlojA 7P &
ZuE B olxsl A4 w2 GRIOH, hgo=
GBEI, GBWI, GBR, Blocklnsertion, Rotation,
GreedyOrdering, Inversion &0 2 UERITH 2 Lo
A AAIgE 47F] =] 718E o] zslf A Wi FCHC

of SlolA 71 DALY Nt o2k A W o

ORI

rlr rlo

a2 2 R |
| = =0 L =
GRI= 2 Hlo 15101] O“ﬂf\i VY E2 AdE Bole 5
o OA
0jQ o8t Y9 walct
43000
== FCHC
42000  SA
41000
¥ 40000
©
> 39000
2
5 38000
2
=)
O 37000
36000
35000
34000
S S S © N égb K &
& & &£ &
© &P S

neighbor generation strategies

Fig. 7. Average Objective Value Comparison Graph of
Neighbor Generation Methods
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3. Comparison with Other Methods
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V. Conclusions and Future Works
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Greedy-based Neighbor Generation Methods of Local Search for the Traveling Salesman Problem

Table 3. Experimental Results for FCHC

Random-based [8] Greedy-based
Pata Inversion Ini"r‘;i‘;n Rotation oggfiigym GBWI GBEI GBR GRI
brazil58.tsp 27528.2 26240.4 26387.8 26904.0 26642.8 25567.6 26194.0 25395.0
eil76.tsp 606.8 565.6 565.6 573.0 565.8 552.4 570.8 538.0
rat99.tsp 1418.8 1299.4 1292.8 1350.6 1310.0 1238.8 1291.4 1211.0
pri13é6.tsp 113929.4 102896.4 104506.8 102565.2 102798.0 98359.2 103856.8 96814.6
kroA150.tsp 30766.8 28432.8 28976.8 28102.8 279240 26953.6 28190.2 26543.6
ul159.tsp 49729.2 45071.4 45515.0 47660.2 45956.2 44257 .8 45754.6 42206.4
kroB200.tsp 34621.0 31407.4 31869.4 32849.4 31496.8 30255.4 31841.6 29823.0
pr264.tsp 57762.6 54707.8 54831.8 54744.4 53091.6 49365.4 53314.6 49472 .4
pr299.tsp 57631.8 52832.6 52676.6 55697.4 52277.4 49207.0 51489.0 48631.4
lin318.tsp 49885.6 45993.6 45533.6 474622 45042.8 43336.2 45148.8 43236.6
Average 42388.0 38944.7 39215.6 39790.9 38710.5 36909.3 38765.2 36387.2
Table 4. Experimental Results for SA
Random-based [8] Greedy-based
Pata Inversion Ini';‘t:i‘;n Rotation Org;fiigyw] GBWI GBEI GBR GRI
brazil58.tsp 25725.0 25415.0 25435.0 25395.0 25415.0 25395.0 25397.2 25395.0
eil76.tsp 538.8 538.4 541.4 545.8 538.0 546.6 538.0 538.0
rat99.tsp 1258.0 1269.0 1232.8 1223.6 1220.0 1224.2 1215.4 1211.0
pr136.tsp 100862.6 100213.2 99642.8 97089.6 97322.0 96828.6 99870.0 96772.0
kroA150.tsp 27562.8 28013.4 27479.0 27150.4 26775.4 26674.8 26791.8 26524.4
ul159.tsp 44331.4 44802.6 43151.4 427942 42575.4 42376.2 43108.0 42080.0
kroB200.tsp 31301.4 31205.0 30854.2 31006.4 29998.4 29622.0 30033.2 29451.2
pr264.tsp 53334.0 53367.6 51368.0 49909.6 49715.6 49168.8 50002.4 49144.0
pr299.tsp 52307.6 52987.4 51014.8 51849.0 48986.6 48812.0 49051.2 48405.2
lin318.tsp 45383.8 45561.0 444288 45784.6 42899.8 43165.6 43262.0 42526.0
Average 38260.5 38337.3 37514.8 37274.8 36544.6 36381.4 36926.9 36204.7
Table 5. Comparison of Greedy-based Methods with Other Algorithms
Greedy-based Combined(2021) HVNS(2018) RNN-SA(2021)
Data Optimal GRI GBEI (81 [7] )
Best Average Best Average Best Average Best Average Best Average
brazil58.tsp 25395( 25395.0| 25395.0| 25395.0| 25395.0| 25395.0| 25395.0| 25425.0| 25592.7| 25395.0| 25440.4
eil76.tsp 538 538.0 538.0 545.0 546.6 538.0 538.0 545.4 552.6 544.4 549.2
rat99.tsp 1211 1211.0 1211.0) 1219.0 1224.2 1211.0 1215.8 1240.4 1241.3 1219.2 1229.3
pr136.tsp 96772|| 96772.0| 96772.0| 96781.0| 96828.6| 97729.0| 98518.8| 97979.1| 97985.8| 96922.4|100335.2
kroA150.tsp 26524 26524.0| 26524.4| 26524.0| 26674.8| 26528.0| 26687.0| 26943.3| 26947.2| 26821.8| 27008.2
ul159.tsp 42080|| 42080.0| 42080.0| 42080.0| 42376.2| 42396.0| 42546.0| 42436.2| 42467.6) 42162.8| 42547.7
kroB200.tsp 29437| 29438.0| 29451.2| 29542.0| 29622.0| 29489.0| 29666.4| 30447.3| 30453.2( 29825.2| 30033.0
pr264.tsp 49135]| 49135.0| 49144.0| 49143.0| 49168.8( 49135.0| 49135.0| 51155.4| 51197.1| 49197.3| 49375.8
pr299.tsp 48191 48331.0| 48405.2| 48569.0| 48812.0( 48639.0| 48822.8| 50271.7| 50373.1| 48811.5| 49003.9
lin318.tsp 42029 42443.0| 42526.0| 42815.0| 43165.6| 42457.0| 42886.4| 43924.1| 43964.9| 42862.5| 43041.1
Average 36131.2|| 36186.7 | 36204.7| 36261.3| 36381.4| 36351.7| 36541.1| 37036.8| 37077.6| 36376.2| 36856.4
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