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The Set
Orienteering
Problem



Problem Description

Maximize the profit of visited clusters

— vehicle routing.

— Each customer is associated with a value and is part of
a set of customers (cluster).

— Route length cannot exceed a specified (Tmax).

— |t takes visit to collect the

associated with the

— Route must start from and return back to it.



Problem Visualization
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Visualization - Random Dataset
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Feasible Solution
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ractical Application
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The AMMH
Algorithm




Overall Scheme

Algorithm 1 Owerall Scheme

1: S + ConstructinitialSol(), S* + ) — |nitial Solution Construction
2: for r + 1 to RESTARTS do

3: S ¢ LocalSearch(S) —————— Neighborhood Exploration
4: if Z(S) > Z(5*) then

A S5*« S

fi: end if

T: S5+ SR-2() ————— Solution Reconstruction

8: end for

9. return S*




Solution
Construction
Algorithm




Solution Construction

Algorithm 2 ConstructinitialSol

1: Sunvisited < P, S + |depot, depot]

2: do

3 Jeasible_insertions + ||

4: for set in S, npisited dO

5: for node in set do

6: for pos «+ 1 to |S| —1 do

7: ¢ + CalculateCost(node, S, pos) |Ogic
8: if C(S)+ ¢ <=t.-maz then .

0: feasible_insertions. Insert([node, set, pos, ¢f) . added_pI’Oflt/added_COSt
10: end if

11: end for Use Of

12: end for

13: end for

14:  if |feasible_insertions| > 0 then

15: OrderDescending(feasible_insertions, Z)

16: selected_move < Select Random(feasible_insertions, 1)

17: UpdateSolution(S, selected_move)

18: Sunvisited- Remove(selected_move/1])

19: end if

20: while | feasible_insertions| > 0
21: return S
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Local Search Operators

Outer Insertion

Introduce a nhode into the
solution

Move an inner hode to a new
position in the solution.

In-Out Swap

Interchange between an outer
and an inner node

Remove a node from the
solution

Selection criterion:
M*profit + cost




Neighborhood
Exploration
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Tabu Policy




Tabu policy - Promises

Promises-based policy is a

variation of the Tabu Search Restriction:

The set will be re-accessible to
Whenever a set is removed the operators if current
from the solution, a new

solution's objective is greater
promise is defined - equal to than the promise.

the solution's

Promises are after a certain number of iterations.



Neighborhood
Exploration
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Intensification Procedure

Basic Intuition

In depth exploration of high quality regions, by
applying and methods.

Aim

of elite or promising solutions.




Intensification Procedure - Outline

Optimal insertions-deletions

Customer Insertion-Deletion (CID)
Profit Increase

Shortest Path Problem

Optimal node selection given set sequence >

TSP Heuristic

Optimal set sequence given node selection



Customer Insertion-Deletion (CID)

Parameters

. max humber of insertions
. max humber of deletions

Matheuristic
Method

Process

Solve the problem of
and deletions to

insertions
, aiming at




Shortest Path Problem




Shortest Path Problem




Shortest Path Problem




Shortest Path Problem

Suitable Algorithms

— - O(VE)
— - O(E+VliogV)

(using Topological Sorting) - O(V+E)




Shortest Path Problem

Enhanced Solution




Traveling Salesman Problem
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Traveling Salesman Problem

OO OC
' C:)



Traveling Salesman Problem



Traveling Salesman Problem

Heuristic:

— Very effective heuristic capable of solving to
problems with up to a million nodes

— For the problem scale of our test cases - a few hundreds
of nodes - LKH usually obtains the optimal solutions

(less than a CPU second)



TSP hevristic

N7




TSP hevristic

Enhanced Solution




Intensification Procedure - Outline

Optimal insertions-deletions

Customer Insertion-Deletion (CID)
Profit Increase

Shortest Path Problem

Optimal node selection given set sequence >

TSP Heuristic

Optimal set sequence given node selection



Intensification Procedure

When is it executed?

— When a new best solution is found.
— When the gap between the current

and the best solution is smaller than
a threshold g.

— When promises are reinitialized.
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Overall Scheme

Algorithm 1 Owerall Scheme

1: S « ConstructInitialSol(), S* + ) — Initial Solution Construction
2: for r + 1 to RESTARTS do

3: 8§ ¢ LocalSearch(§) ——— Neighborhood Exploration
4: if Z(S) > Z(5*) then

5: S5*« 85

6 end if

T: S + SR-2() —————  Solution Reconstruction

8: end for

9. return S*




Solution
Reconstruction




Adaptive Logic

— The algorithm uses a structure that
takes advantage of

— This structure is a
— These solutions are stored during the Local Search

iterations and are used in the
stage.



Adaptive Logic

. A collection of elite solutions, sorted by
their value of the objective function.

The of whether a solution will be inserted to the Pool
depends on:

— The of the solution

— The non-violation of an with the solutions

currently present in the Pool.

: Discovery of features that
distinguish high quality solutions.



Solution Reconstruction

— The exploitation of Pool solutions begins with the
extraction of

— : sequences of 3 to 6 nodes

— The most frequently appearing node chains are
encountered applying a procedure.



Chains Collection Procedure

Solution Pool

Sol 1: 0 -> 495 -> 85 —> 30 -> 103 > &7 > 22 > &6 —> 42 >
Se —>= 10% -> 48 > 32 -> 130 -> 16 —-> 84 —> 45 —-> 81 -> 31 -=>
104 - 82 —->= 90 —> & —» 105 —-» 72 —-= T& —-=>= 37 —>= 40 —-= 57 -=
15 - 54 —-> 108 —-> ©4 -> 41 -> 123 -> &3 —> 17 —-> 99 -> 29 -—-=>
73 —> 125 -> 115 —-= 10 -= 92 -> 0

Scol 2: 0 -> 5 —-> 8% > 30 = 103 -= &7 —-> 22 —-> 66 —> 42 >

¢ —-> 109 -> 48 —> 32 -> 130 -> 1l& —-> 127 —-> 50 -> 55 —-» B2 -=
27 - %0 -6 - B —-> 43 > 105 —-> 72 -> B85 —-> 19 ->= 113 -=>
40 -> 97 -> 15 -> 54 —-> 108 -> ©4 —-> 41 -> 123 —-> 17 ->= 599 -=
73 —= 1253 -> 115 -> 10 -> 52 -> 0

Sol 3: 0 -> 45 —-> B85 > 30 ->= 103 -> &7 —-=> 22 -> 6o —-=>= 42 >
¢ —> 10% -=>= 48 —> 32 -> 130 -> 1l —-= 127 -> 30 —-=» 55 —-» B2 -—-=
27T -> 90 -> 6 > 103 —> 72 -= T7¢ > 37T -> 113 > 40 -> 97 ->
15 -> 54 -> 108 -> ©4 -> 41 -> 123 ->» &3 —-> 17 -=> 99 -=>= 29 -=>
125 —-=>= 73 -> 115 -> 10 -> 52 -> 0



Chains Collection Procedure

Solution Pool

Sol 1: 0 -> 495 -> 85 —> 30 -> 103 > &7 > 22 > &6 —> 42 >
Se —>= 10% -> 48 > 32 -> 130 -> 16 —-> 84 —> 45 —-> 81 -> 31 -=>
104 - 82 —->= 90 —> & —» 105 —-» 72 —-= T& —-=>= 37 —>= 40 —-= 57 -=
15 - 54 —-> 108 —-> ©4 -> 41 -> 123 -> &3 —> 17 —-> 99 -> 29 -—-=>
73 —> 125 -> 115 —-= 10 -= 92 -> 0

Scol 2: 0 -> 5 —-> 8% > 30 = 103 -= &7 —-> 22 —-> 66 —> 42 >

¢ —-> 109 -> 48 —> 32 -> 130 -> 1l& —-> 127 —-> 50 -> 55 —-» B2 -=
27 - %0 -6 - B —-> 43 > 105 —-> 72 -> B85 —-> 19 ->= 113 -=>
40 -> 97 -> 15 -> 54 —-> 108 -> ©4 —-> 41 -> 123 —-> 17 ->= 599 -=
73 —= 1253 -> 115 -> 10 -> 52 -> 0

Sol 3: 0 -> 45 —-> B85 > 30 ->= 103 -> &7 —-=> 22 -> 6o —-=>= 42 >
¢ —> 10% -=>= 48 —> 32 -> 130 -> 1l —-= 127 -> 30 —-=» 55 —-» B2 -—-=
27T -> 90 -> 6 > 103 —> 72 -= T7¢ > 37T -> 113 > 40 -> 97 ->
15 -> 54 -> 108 -> ©4 -> 41 -> 123 ->» &3 —-> 17 -=> 99 -=>= 29 -=>
125 —-=>= 73 -> 115 -> 10 -> 52 -> 0



Chains Collection Procedure

Sol 1: 0 —-> 45 —-> B89 —>= 30 —->= 103 —->6&7 —> 22 > 66 )= 42 —=

S¢ —-=>= 10% -> 48 —> 32 -> 130 -> 1lg —-> 84 —> 45 —-> {81 —-> 31 —-=
104 -> B2 -> S0 - & —-> 105 -» 72 -> T&6 —-» 37 —-> 40 ->= 97 -=
15 —->= >4 —-> 108 > &4 —-> 41 —-> 123 -> &3 —> 17 -=> 55 -> 259 -=>
73 > 125 -> 115 —->= 10 -> 52 -> 0

S0l 2: 0 -> 5 —> 89 —> 30 —-> 103 —::—:: 42 —>

96 —> 109 -> 48 -> 32 —> 130 —> 16 -5 127 =2 50 == 55 -> 82 ->
27 -»> G0 -> € -> BE -> 43 —> 105 -> T2 —-> 85 —-» 19 —> 113 ->
40 -> 97 —-> 15 —> 54 —> 108 -—> 64 —> 41 -> 123 —-> 17 -> 99 —>
73 -» 125 -> 115 -> 10 -> 92 —-> 0

Sol 3: 0 —-> 45 —->= 85 > 30 —->= 103 —}—} 42 —=
¢ -» 109 -> 48 -> 32 -» 130 -» 16 ->» 127 -> 50 -»> 55 -» B2 -=>
27 - 50 -> 6 —-= 103 = 72 -= 76 ->» 37 —-> 113 > 40 —-> 57 -=>
15 ->» 54 -> 108 -> &4 -> 41 -> 123 -> &3 —-> 17 -> 99 ->= 29 -=
125 > 73 —-> 115 —> 10 -> 592 -> 0

Chain frequency: 3



Chains Collection Procedure

Sol 1: O -> 4% -> 8% -> 30 -> 103 -=> &7 -> 22 -> 66 —-> 42 -=>

9¢ ->» 10% -> 48 -> 32 ->» 130 -> 1l& -> B84 -> 45 ->» 81 ->» 31 -=
104 ->» 82 -» %0 -»> & —-» 105 -» 72 - T7& —-» 37 ->» 40 -»> 97 -=

15 —> 24 —-> 108 > 64 > 41 —-> 123 -> &3 > 17 -> 55 -> 259 =
73 - 125 —-> 115 -= 10 -> 52 —->= 0

Sol 2: 0 -> 5 -> 8% -> 30 -> 103 -> &7 -=>= 22 -> &6 -> 42 -=>
9¢ —>= 10% —-> 48 > 32 -> 130 -> 1l& -> 127 -> 50 —-> 55 —-> B2 -—-=>

Solution Pool 27 =90 ->¢ ->86->43 = 105 -> 72 -> 85 —> 19 —> 113 ->

40 —-> 97 -> 15 -> 54 —> 108 -> &4 —> 41 -> 123 -> 17 —-> 99 -=
73 - 125 —-> 115 -= 10 -> 52 ->= 0

Sol 3: 0 —-> 45 —-> 8% —> 30 —-> 103 —-> &7 -= 22 ->» 66 —> 42 =
S¢ -> 109 -> 48 -> 32 -> 130 -> 1¢ -> 127 -> 30 -> 3535 ->» B2 ->
27 == 80 ->= 6 == 1053 ->» 72 -=> 76 == 37 -= 113 -> 40 -> 97 -=>
15 —> 54 -> 108 -> 64 —->» 41 —-> 123 -> &3 —-> 17 —-> 9% —->= 29 -=
125 -> 73 == 115 -> 10 -> 92 -> 0

l

0—459-89-30-103-67-22-66—42-96-105-48-32-130-16-84-45-81-31-104

-82-90-6-105-72-T76—-37-40-57-15-54-108-6€4-41-123-63-17-55-25-73

Text -125-115-10-92-0-0-5-85-30-103-67-22-66—42-96-1059-48-32-130-1¢

-127-50-55-82-27-90-6-86-43-105-72-85-15-113-40-597-15-54-108-6&

1 4-41-123-17-5%5-73-125-115-10-592-0-0-45-85-30-103-67-22-66—42-5

Representatlon 6—105-48-32-130-16-127-50-55-82-27-50-6-105-72-76-37-113-40-57
-13-324-108-64-41-123-63-17-5959-25-125-73-115-10-592-0



Chains Collection Procedure

0-49-89-30-103-67-22-66-42-96-109-48-32-130-16-84-45-81-31-104
-82-90-6-105-72-76-37-40-97-15-54-108-64-41-123-63-17-99-29-73
-125-115-10-92-0-0-5-89-30-103-67-22-66—-42-96-109-48-32-130-16
|nput E7-22—EE (string to match)  —127-50-55-82-27-90-6-86-43-105-72-85-19-113-40-97-15-54-108-6
4-41-123-17-99-73-125-115-10-92-0-0-495-89-30-103-67-22-66-42-9
6-109-48-32-130-16-127-50-55-82-27-90-6-105-72-76-37-113-40-97
~15-54-108-64-41-123-63-17-99-29-125-73-115-10-92—-0

Process String matching algorithm (Boyer-Moore-Horspool)

Output Frequency: 3

(Text)



Chains Collection Procedure

— This procedure is executed for every chain of nodes,
and those that appear are

— Out of all accumulated chains, the
sequences are qualified and used at the next stage.

— At the final step, the chosen chains will be employed by
the



Reconstrucion Algorithms

- SR-I
- SR-2
- SR-35



Reconstruction Algorithm SR-1

— Exactly

— But, It only takes into account the that
appear in the of the most



Reconstruction B -
Algorithm SR-2 4/

— of Tmax capacity. Troe)

— Chains are into the bin until it is full. M”Tm

— The chains are to a single
sequence. v

- heuristic is applied to this sequence. S

— Nodes of are serially : V

Shortest Path Algorithm

— algorithm is applied, reducing
the cost of the created solution.

— |n case of , hodes are deleted
following a criterion. True |

MNew Solution

/ 1

False
Feasible? = Delete nodes greedily




Reconstruction
Algorithm SR-3

— Insertions are performed at a
— Todo that, a Is assighed to each chain.
— Upper cost bound for the solution is set to

— A ssingle node of each set is stochastically
selected, to be kept into the solution.

— and algorithms are applied.

— |n case of . hodes are deleted
following a criterion.

Empty Solution

\l/-

Select Chain

|

Cost>15*
Tmax?

False

True J/

Remove Duplicate Sets

)

TSP Heuristic

!

Shortest Path Algorithm
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AMMH Results



Intensification Procedure value

Instance n W pE Diffsr  Diffsotang Diffiime

115ratb75. RND 575 0.4 gl 0.47 0.24 1.18 Enhancement of best solution: 0.58%
115rat575_ RND 575 0.6 gl 0.00 0.55 3.25

1150574 574 06 g2 (.69 1.82 1.80 . o
1924657 RND 657 04 g2 0.00 e 170 Enhancement of average solution: 1.49%
132d657 657 0.4 g2 0.44 1.27 0.35 . . .

1324667 657 08 gl 135 1.36 118 Increase in computational time: 2.64%
1450724 724 06 g2 1.20 3.62 (.96

157rat783_ RND 783 04 g2 1.10 1.37 1.20

157rat 783 783 0.6 g2 1.14 3.55 0.62

157rat783 783 08 gl 1.35 1.97 1.33

201pr1002_RND 1002 06 gl (.40 0.71 4.00

201 pr1002 1002 0.6 g2 1.52 3.86 (.56

212ul060_RND 1060 04 gl 0.10 0.62 1.95

212u1060_ RND 1060 0.6 g2 0.15 0.16 3.55

212u1060 1060 04 gl -0.37 2.08 0.25

212u1060 1060 0.8 gl (.90 1.51 2.04

21 7Tvm1084 1084 0.4 gl 0.45 2.99 -0.08

217Tvim 1084 1084 0.6 g2 0.92 4.67 (.81

217Tvin 1084 1084 0.8 g2 1.46 1.62 3.08

53gil262_RND 262 0.6 g2 0.00 0.07 12.75

20rd400_RND 400 04 g2 0.00 (.54 2.79

80rd400 400 08 gl (.82 (.83 3.97

80pch442 RND 442 04 gl 0.26 0.00 2.95

89pch442_ RND 442 04 g2 0.00 (.26 3.29

99493 493 0.8 g2 0.63 (.85 7.50

Averagoe (.58 1.49 2.64



SR algorithms comparison

Instance Best No pool SR1 SR2 SR3
Gap Gap Gap Gap
1187rl5934_T40_pl 2053 . 0.038 0.058 0.000 0.01%8 .
E'{'H]El]-l:.ﬂ_TEﬂ_pF 911 0.001 0.002 0.000 0.001 SRZ and SR3 algorithms produced
235pcbl17T3_ RNXD._T60.p2  58BBT7 0.028 0.000 0.072 0,004 the best results with SR2 being the
25041291 _T40_p2 29520 0.103 0.061 0.111 0,000
261r11304_T60_p2 48198  0.005 0.057 0.012 0.000 best.
265r11323_T80_p2 61850 0. 000 0.139 0.084 0.043
Tonrwl3T9_.RND._T60_pl 1367 0.001 0.001 0.001 0,000
2808 1400_T40_pl R4 0.000 0,000 0.000 0,000
287u1432_T60_pl 1052 0.000 0.002 0.001 0.001
31681577 T80 _pl 1398 0.001 0.001 0.001 0,000
331d1655-RND.T40.p2 64684 0.141 0.195 0.259 0.000
Jo0vmlT48_RND_T60_p2 RE203 0.000 0.000 0.000 0. 000
364ul817 T80 p2 82443 0.067 0.178 0.109 0,000
378rl1889.T40_p2 49869 0.821 0.646 0.000 0.335
421d2103.T60_pl 1410 0.002 0.001 0.000 0.001
431u2152_T80._p?2 96430  0.600 0.587 0.000 0,098
464u2319 RND _T40_pl 1569 0.007 0,007 0.001 0,000
470pr2392_ RND_T60_p2 120627 0.255 0,125 . 0,034 | 0.000
4%usal097_RXD_T40_pl 1096 0.000 0,000 0.000 0,000
608pch3038_T80_pl 2709 0.012 0,003 0.000 0,000
633E3k.0_T40_pl 1578 0.015 0.023 0.000 0.008
7393795.T60_p2 140880 1.908 1.640 . 0.000 @ 0,222
893fnl4461_ TS0 _pl 3804 . 0001 . 0.006 0.000 0,001

Average . 0.174  0.162 0.032




Summarized final results

Table 3: Algorithms comparison on data set

Cl . MASOP VNS BRRKGA AMMH
Nlustering Type  w i
i Bst L Gap  #DBst L Gap  #DBst t Gap #New Dst i Gap
0.4 £l 41 T304 (0.1R 41 20.9 .7 41 12.3% 023 0 48 1035  O.0h
' g2 36 BO.98  0.54 449 20.4 0.8 40 1257 0.24 T 40 13.61 007
Original 0.6 gl J7 4532 0.24 5 4 dad. 1.0 & 11 20060 .44 12 ol 20091 LK
g2 37 Hl.04 (.15 34 35.2 0.9 34 20.67 0.32 11 50 21.08  0.00
0.8 Kl 37 J0.0606 030 A .l .7 J 28.29 064 L al 22.95 LN
g 37 J80.27 0.12 11 D2.5 (.6 34 28,30 061 11 49 2985  0.01
0.4 gl Sl O7.83 1.29 43 BO.8 0.7 4 46.04 1056 13 51 19.72 0.
' g 31 121.85 (.BG 33 BT .4 (.8 i . 45.78 (LB 16 a5l 29.90 (LM
Random 0.6 gl 42 K448  0.13 35 147.6 0.5 31 G4.96  OL.T6 y 51 2752 0.0
d 44 sB4.00 017 J1 145.3 (.4 a1 63,30 0.52 11 50 J2.58 (LN
0.8 gl fl L36.21 (.00 Bl 2308 0.0 43 69.24 007 0 5l 21.56 0.00
L ol 148.5% (.00 ol 233.4 (.0 44 67.7 L1 (M3 [ ol 21.306 (LN
Total / Average 470 B.06 032 453 05,02 (LGOD 439 J9.99 (.48 LK 603 22.62  0.01

603/612 (98%) best
102/612 (17% ) new best



Large Datasets

— The available SOP datasets were relatively small.

— The high efficiency of AMMH even at the largest of them,
led us to create new and even bigger datasets.

— The new instances contain up to 3038 nodes and 633 sets.
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