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A Learning based Algorithm for Traveling Salesman Problem

JoonMook Lim - SungMin Bae - JaeJoon Suh
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This paper deals with traveling salesman problem(TSP) with the stochastic travel time. Practically, the travel

time between demand points changes according to day

and time zone because of traffic interference and jam.

Since the almost pervious studies focus on TSP with the deterministic travel time, it is difficult to apply those
results to logistics problem directly. But many logistics problems are strongly related with stochastic situation
such as stochastic travel time. We need to develop the efficient solution method for the TSP with stochastic
travel time. From the previous researches, we know that Q-learning technique gives us to deal with stochastic
environment and neural network also enables us to calculate the Q-value of Q-learning algorithm.

In this paper, we suggest an algorithm for TSP with the stochastic travel time integrating Q-learning and
neural network. And we evaluate the validity of the algorithm through computational experiments. From the
simulation results, we conclude that a new route obtained from the suggested algorithm gives relatively more
reliable travel time in the logistics situation with stochastic travel time.
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Figure 1. Reinforcement learning.
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Step0: Initialize Q( s, )= 0 for each (s,a)
Stepl: Observe a state s
Step2: Repeat the following steps
Step2.1: Select an action a and execute it
Step2.2: Receive a reward r

<Figure 2>} 2t}

Step2.3: Observe a new state g’

Step2.4: Update the Q-value as to the following equation:
Qs,a)<— r+3¥- max , Q(s,a)

where, y is a discount rate

Step25 s<— s

Figure 2. Algorithm for Q-learning.
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Figure 3. An example for TSP.
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Table 1. Change of Q-values in Q-table by learning process

State(s) Q-value
a r it
Denotation ?/?gi(t)gdaggggg [():ousrlzlec?rﬁ wltb‘:}l Iter.1 Iter.2 Iter.3 Iter.4 Final
1 6 100 96 90.6 84.93 14.95 14.95
S(t) {D} D 2 8 100 100 100 100 100 1451
3 7 100 100 100 100 100 14.96
2 4 100® 94 87.7 994 | 9.94% 9.94
{D.1} 1 ®
3 2 100 100 100 100 100 13.34
1 6 100 100 100 100 100 11.04
S(t+1) {D,2} 2
3 3 100 100 100 100 100 7.23
1 2 100 100 100 100 100 8.84
{D.3} 3
2 9 100 100 100 100 100 16.83
1 3 2 100 100 100 100 100 5.6
{D,1,2}
2 3 3 100 93 6.6 6.6 6.6 6.6
1 2 4 100 100 100 100 100 7.6
S(t+2) {D,1,3}
3 2 9 100 100 100 100 100 12.6
2 1 6 100 100 100 100 100 8.7
{D,2,3}
3 1 2 100 100 100 100 100 4.7
1 D 3 100 100 100 100 100 3
S(t+3) {D.1,2,3} 2 D 4 100 100 100 100 100 4
3 D 4 100 4 4 4 4 4
S(t+4) {D1,2,3,D} D
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Table 2. Explanation for change process of Q-values in learning process
No. of Progress of current | N | Rewarg Newstee = ;
Iearhing an episode position ac(t;gm (n Already visited Next Calculation of Q-value(Update)
nodes position
Q, =7(s,a)+¥x min , Q( sy, ag)
D—1 D 1 6 {D.1} 1 =6+0.9xmin {100, 100}
=96.0
1 D—1—2 1 2 4 [{D12} 2 Q, =4+0.9xmin{100} = 94.0
D—1—2—-3 2 3 3 {D,1,2,3} 3 Q, =3+0.9%min{100}=93.0
D—1—2—3—D 3 D 4 |{D,12,3,D} D Q, =4+0.9xmin{0}=4.0
D—1 D 1 6 {D,1} 1 Q, =6+0.9xmin{94.0,100} =90.6
) D—1—2 1 2 4 [{D12} 2 Q, =4+0.9xmin{93.0}=87.7
D—1—-2—3 2 3 3 |{D,123} 3 Q, =3+0.9xmin{4.0}=6.6
D—1—2—3—D 3 D 4 {D,1,2,3,D} D Q, =4+0.9xmin{0}=4.0
D—1 D 1 6 |{D1} 1 Q, =6+0.9xmin{87.7,100} = 84.93
D—1—2 1 2 4 [{D,12} 2 Q, =4+0.9xmin{6.6}=9.94
’ D—1—2—3 2 3 3 |{D123} 3 Q, =3+0.9xmin{4.0}=6.6
D—1—-2—3—D 3 D 4 |{D123,D} D Q, =4+0.9<min{0}=4.0
D—1 D 1 6 {D,1} 1 Q, =6+0.9min{9.94,100} = 14.95
D—1—2 1 2 4 [{D,12} 2 Q, =4+0.9xmin{6.6}=9.94
) D—1—2—3 2 3 3 |{D123} 3 Q, =3+0.9xmin{4.0}=6.6
D—1—2—3—D 3 D 4 |{D,123,D} D Q, =4+0.9<min{0}=4.0
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on FA At 4 Qe Aoz ek (Freeman and
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* BPNNS HE ] AR-E= 90| E(weight)] 35S
A3k G829 23} Lae]E(Back Propagation Algori-
thm)o] 2 &4 A glo] A 28] 7} F(Kim, 1992)
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function ! 1
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1 TL |
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Figure 5. Neural network for calculating Q-values.
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Figure 6. An example of the neural network with input, hidden and output layers for Q-learning.



A Learning based Algorithm for Traveling Salesman Problem 69
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£ AHESIA T
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0.5 f

Input

Figure 9. Transformation function in the output layer
4 of neural network.
-30 -20 -10 0 10 20 30

(2) NN & Shs53} Q-St5 o] =3 24

Figure 7. An example of transformation function used in the Q-sel gl Q'%k_% AREst7] 18k NN Sh 1 2
o 43} NN(Back Propagation Neural Network)ol| A} &5z o 2
9] SgS 9elA AREshe X Tl garE]E(Back Pro
pagation Algorithm)-& AH8-3FHTHKIm, 1992). whe}A], &
o] = NN9 8ol st Qag]So) tjak Ao "35‘1%}7]
2 gt

TSPE 913 Q-8hs5 Farels+ dst7] fsh A, LutbzQl
Q-39 =8 QY = (Framework)oll 4Bl 9} Q-7HS A4 —sﬂ =
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Figure 8. An example of ideal transformation function
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S B e QR B 7 [ ieons
S = 15 7) S 1o .
A5l fEgtel HalA A s Qg ghe olvla Environment
oo mebA, 4] =22 R 2E3oM F9E = Q-
720 0] 9] AFEFE FHAA HER f4) = ax+ b FENY Figure 10. Flow diagram of TSP algorithm using
N2 Q). e er g A3 3l B A= NN and Q-learning.
<Figure 9>l A o1 g9} Zola=1, b=0%] Ax) = » T
o] S E A3 Th <Figure 10>l 4 B%0], NN} Q-3t5-& 283 TSP &L
g5 A4 M YL 0o pe WA wEHoR



70 &5

T3 A0 o] Fo|Fitk
@D TSPY] Q-85 olo] ME= 347 © Z F-¥] Sensors S 53
A 37 o] A E Q2 sl 873 o Effectors 2 H-E Eo}
o= _]_;]_}\]-71-0 o].ﬁLd.o:]Q net«] Eﬂ-}‘% /‘*sgtf}l:]-
@ o] HAEE Q-neto ZHE Q-3hS E=3}al Stochastic
Action SelectorE &-8-3}] A A3 Y 5S F ot
@0110179‘50“4011*1140111] PE2 o) G = g
2 Effectors25-E] 1 o] 433 HAH S ojo] M Eo
EHHYA I do|HEE Y BAGS B85
Q-net®] 73 3}8t5& STk

F

rUl

{e

Of

(B)NNE o] &3 TSPS] Q-85 L&

A A d32]F2 <Figure 11>9] FojA o) ¢ El
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(NN)e] SH5ol o), meps, 2 ot 5o topat d|ojass
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dag]golth of7|A, o Aol AF3E upe} 2-o] Q-net(NN)
9] sk&S Y M= IRy Y e]E(Back propagation algo-

rithm) & AR&-$Heh:

%0, ﬂlﬁ
& rlo
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l

3. FAAE

S F A9 B9l thalA Asgn 8E v
& 9 BOIA] AN NN} QB AR TSP PefEol
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AAE
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2507 9] QAR $5H 0.2 Fold B9 39
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59l sl @ 452 vlmgte] B Agoleh

31 43 1-¢1gwy A%

AAE darglge] HHs ol FHsh=7IE Fobr 7] 28
A] <Table 3>0f =011 217} o] Qo2 WAAZ] A A
A ARE 7M1 AL Qa5 FHe AT gy ¢ad ol
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Table 3. Time data between customers(deterministic case)

o 123|456 7| 8] 9]|10
0| 0|13 7|8 |17 2 17| 1 |18|16| 2
1 (1009 1|21}19| 3 |20| 9| 12|17
2 | 3|13 0|14 14| 7|7 [18] 1 |18] 13
3121|200 6|0 2|6 |1 12| 42115
4 113, 4| 417 02| 7|9 8]2]21
5110 715 5] 0|14 )16 8 14| 6
6 | 5|13 1|3 11|20 0| 7| 7 |20] 14
711410 3|13 1|1520( 0| 11| 20| 10
8 | 151211211 9|10 7] 30| 3]1
9| 1| 79|11y 5 |11 7 |14)12] 0] 2
106 | 9| 4 1711171318 2| 1|0

Stepl: Initialization

X <—current state; {7—@Q(x, ;) for each action i

Step2: Selection of an action

a—Select(U, T), Where Seject( U, T) IS @ Stochastic action selection module

Step3: Execution of the action a

(v, »)—Observation of a new state y and acquisition of a new reward r

Step4: Q-learning

(i) deterministic case: 4%+ ¥xmin{Q(y, &) | k= Actions}
(ii) stochastic case: 4" (1 — )z’ + a[ r+ yxmin { Q(v, &) | k= Actions)]
where, y isa discount rate and « is a learning rate

Step5: Learning of Q-net(Neural Network)

Adjustment of Q-net according to the error Ay
between input x and back-propagation

AU:{ W= U, ifi=a
0  otherwise

Step6: Go to Stepl until A <, where e means a threshold value

Figure 11. TSP algorithm using NN and Q-learning.
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Figure 12. Results of Q-learning for TSP with deterministic
time data.
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Figure 13. Average running time of Q-learning algorithm for
STSP.

A ZEAE 7} <Table 5> B+ v}
| A FAR = A5l tisiA A
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v= T
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Table 4. Optimal convergence and average running time of Q-learning algorithm for STSP

No. of nodes 5 7 10 13 15 20

No. of experimental data set 10 10 10 10 10 5

No. of optimal convergence 10 10 10 10 10 5

Average running B&B algorithm 0.01 0.02 0.07 0.35 0.62 3.59
time(min) Q-learning algorithm 0.08 0.17 0.53 2.83 4.95 28.72
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Table 5. Time data between customers(data in parenthesis mean (mean, standard deviation))

0 1 2 3 4 5 6 7 8 9 10

0 (0,0) (21,2) | (48.13) | (349) | (359) | (58,16) | (20,5) | (58,16) | (60,5) | (55.5) | (20,17)
1 | 4011) | (0,0) (222) | (38,10) | (68,19) | (20,18) | (22,5) | (67,19) | (38,10) | (46,12) | (58,16)
2 25) | (49.13) | (0,0) 202) | (51,14) | (52,14) | (338) | (33.9) | (61,17) | (61,17) | (49,13)
3 | (69,19) | (65.18) | (318) (0,0) (02) | (328) | (46,13) | (256) | (20,19) | (53,15) | (69.5)
4 | (813) | (256) | (256) | (59.16) | (0,0) 212) | (349 | (2010) | (359) | (67,19) | (68.19)
5 | @o11) | 339) | o7 | @87 | (5214) | (0,0 (32) | (55,15) | (36,9) | (51,14) | (30.8)
6 (97) | (2013) | (246) | (42,11) | (6518) | (339) (0,0) (222) | (349) | (6518) | (51,14)
7 | G114) | @111) | (46) | (4813) | (54,15) | (65,18) | (20.17) | (00) | (21,2) | (65.18) | (41,.11)
8 | (5315) | (45.12) | (45.12) | (43,11) | (37,10) | (40,11) | (33.9) | (22,5) (0,0) (202) | (235)
9 | (2010) | 3810) | @412) | @77) | (43.12) | (328 | (51,14) | (47.13) | (27.7) ©00) | (202
10 | (21,2) | (39.20) | (256) | (59.16) | (20,11) | (57.16) | (49,13) | (61,17) | (205) | (30.,8) (0,0)

Table 6. Analysis for the best solution and simulation results

. o Deviation(%) =
A Case 2: d both d
Case 1: considering only average(1) ase 2 consl er!ng o™ average an _
variance(2) ‘ |10
Best route 0—>1—>2—>3—>4—>5—6 0—>1—>2—>3—>4—>5—>6 B
—7—>8—>9—->10—0 —7—>8—>9—->10—0
Average 221.2 229.0 3.53
Minimum 166.9 221.2 32.53
Maximum 260.7 234.4 10.08
Variance 1051.8 22.05 97.90
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