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Abstract

In this paper, we propose a Self Organizing Feature Map
(SOFM) Type Neural Computation Algorithm for the Travelling
Salesman  Problem(TSP). The actual best sohtion to the TSP
problem is computatinally very hard. The reason is that it has
many local minim points. Untif now, in neural computation field,
Hopield-Tank type algorithm is widely used for the TSP. SOFM
and Elastic Net algorithm are other attempts for the TSP. In order
to apply SOFM type neural computation algorithms to the TSP, the
object function forms a cuclidean norm belween two vectors. We
propose a Largrangian for the above request, and induce a leamning
equation. Experimental results represent that feasible solutions
would be taken with the proposed algorithm.

.M &

Travelling Salesman Problem(TSP)Y2 N9 =A@ 2% AH
8H= 2{Ctol A2 B ot BHR A, AL AlZH] =Aj9 =Xt No|
Xepeg SISt NP-Compete ®NS2| stuolct of BXe= N
SAIY A8 QUNE HIRABU BRI BISA Sl 2o AN
of go U EAolct ofEA 22 aNo| g2 FBEA oY
(Rugged Landscape)OlAf AN 2aXE 3= SRE= HH22 A
ol oitt HAE siX o= B H@UlE sich wEtA ZARMQ My
HANE H=d TUNRE E X 2N gaFozt M2
E3W (Simulated Annealing)@gfol Y0, sz AAs2yg
AFZE weto] UCH3NB). 015 & YoX! Simulated Annealing'®
Heolst w2 2o mAMEd Fo| BRI MY
TSPol X&sto] H=® XA Y&E8 A= 2e=
Hopfield-Tank2 S & A2 A 10 cityo]sie zteiet 2HIAE
4 22 HEE W2 ¥ Hopfield-Tank2Y S 22 A0
W HYsto| city®] 7t & HR Feasible?t s{8® F317[J} ojafe
a0 AcHsial.

Hopfield-Tank 2 0i2(0f AIZH2]2YUHF AIBsl0] TSPERE o
gpt ol  SOFM(Self Organizing Feature Map)t22/&2t
Durbin~Wilshow 212|822 @22 Elastic Net ol 9lch
SOFMYIEEE® AIB% TSPENMUS SOFMUREF X2
U= Weight vectore] NERYE 0|88 #4{(B.Angeniol, H.Ritter
§)22M o YaelFo uis] ulas Ciysot W2 2Xof oisiof
N 2oy 2ME Weight VectorB HRAIY & U= Aol AUk
Elastic Net W2 SOFMY22/F/0f Weight Vectord] Hel® = 8t
L2l Energy 22 HOisiol ®C el 22sil O/RER o= 4
HesA SOFMYRES Weight vector HYRAYE d4Nez &
c} sl ot myol AUct skxiCh SOFMAR2F 2 Elastic Net F
UDRJ/ER  Weight Vector?l City Locatione® RHE= oY
Vector?} 59 Dimension® Vector Spaceo] ${A[8}7] ME20] Kalman
Filter™ ®Y, & ¥ Vector Clusterd) BAO2 Weight Vector?}
HX|st= malo] Al2tXix] Qti=CHe THR{o| Uch oA HAMQ city
24 0f Weight Vector?t #3122 &£ Yo Cio city?t &3

oF A% olalel My A2E FHUYI ofR ROt ofizt ojaet
ciA® o7 A Weight Vectorll S0} AIBR H® # Ut
Weight Vector® X|N7H= FAM2(7t £ CAl 7o) HAIZIR) o
&, Network S&c| Xot@ nf 4 ASH ojuz} of SHYS Y
o 45 UCHENG].

SOFMYt 22|53} Elastic Net ¥22/5H0| ot SR JiXlE:
Jtah 2 Olf Weight Vector?} EXsH= ${4 Bto| JiExor
ool welBziol7] MIolch WetM Weight VectorB2t2t ¢° WE
R pasta U 9e Fde] AR YYAow NXNK of
o 7|3 SOFM ¥ 22@oiL} Elastic Net ¥i2iFo2 TSPRAE
S8l SN oA ¥ + Atk

™ fRofMt= ol2ist KMF 8l YA City Locationh ZAl8t
£ Index Matrix® S2I810| Weight Vector@2tZ ¢/® W& IUR
w2812 Index Matrixl HEA|7|% Permutation Matrixi 9j8to]
Weight Vector®t City Location2e] 344 ANsigich o Weight
Vector®E Permutation Matrix 87| #{8 S Paramter Matrix
o  Componentl® ololstA  siol, ofrjof 2iZstol i@
Hopfield-Tank Modelo|Lt Simulated AnnealingW¥HAIA AHEE!
Perfect Matching BA{2] Lagrangiantl4! AN Traveling 22{B |
HYTE 8 * UG FUS RSAUNC ® APojME = I8
o g Ysigicr REH A& Y20 KR AU LEep]
gisl ofxl oL@ S UG YIAER HLINAC

. TSP S48 93t S, R

JiBe| TSPENE #8 RAg¢l Perfect Matching Haj22
M 2t £A} Atole] A2 Mauix® Hoist ¥ JIx B4 M=K
£ Zgsio] RE SIYch oY Kagt4o] YHi Hopfield-Tank
YN YL MY P e YA ARY ¢ U2U, SOFM
2 Yol A XNSHE KRAYLR M= oPof Yol B O
2{gct waty TSPENY SHY+E Ha eyl UL gdas ot
7] AsiME SHULE CHRI o] = HElo Yo ¥HR ol
of stct,

n-1

PR I Rt PT 2. o
A (OIM n2 S8 4, ¢( W)k Permutation & H8 Weight
qE wol oo YHSE SAlS index, wy'E Weight 98 W,

o sl YEORM AR M N Al 127 Index7t i¥
A AR 7Pl Index® IR Yol uiASHT Paramter?} BCt

Tz & #(W)HR S AN Bk, YRS N o
go= yxEch

- . !
Tym=A

P @)
A (2)01M Matrix A= 2xn Matrix BA SAj9] HA| wE(x, y)d
#or o/Ro{X A2of MM Column Vectorts j WH =Alg] (x,
VARS X3 Yoo, s ¢( W) BEOIAE  Index
Matrix P2} sl Column WE| AMolct

- 983 -



TSPENE A8 2t 2UE Yuinjoz

O 2 AR ot YRYy A

Q@ EBAA F AR Y2 Y ¢ AR A

Q@ YR SAY I =AY AN F

of Re =AJL Index Matrix0f 2% Z¥ =lof 222 Weight
Matrix?} Index Matrix®} FAHEH YE)R LIEIIDN ¥ =GR o
SeioR FAxA A2 ClRY P2 $4 AWxAYo2 R HCL

[ ]

n=1
PN ws' — 2517 =0 )

i

A= olflofE 0< w;'<lo| Yeeht wexez @A
ﬁgﬁt}. mety TSP $P Largrangian® CHRZ Yol MY 4

i‘ 2 n=in-1 ‘ e
L= Zlx, )~ F. +4Z 2w = 21" @

A ()OIM At Largrangian Multiplier0lCh.
Weight WES] 2 22 w9 Index Matrix®] iM% Row, j¥
X CoulmnAtole] #AE CHB Ych

a=l ——
Py’ = u(? Ma™ wy'—e)= wy'A W}, m) &

oiJlokM My= 6 (k—D(1+e)—cold, ¢, e’ HPAE o
oo @4, mE  whel NME sUet MG UK Folol

Aw .me w2 whel MEs sud getd 1/ wy'd U8
N3 Uoixiop dsiol 08 R Boich

. SOFM84l2] &g WA §=
SGE WO KAYSE WM P8 Lagrangian AHB2I0|
83 U2 EnvopyRlez g

H= —a"'log.);exp(—éﬁ./az) ®

of #+i Largrangian| {28l 3 18l e gof Jiat &
S8 8= 2tk & MM =Al9 Sof g2t ejagtxigto] @a3ztol
M2 g ot N2 US NKNER| &40l Energy Contowd| B3}
2 gAa¥0 Afuc vy 2 HAY FUE UolY 5 A=K
eict,

G WHAR @A MNP Y (Gradient Descent Rule)@
H@slo] 8 ol g=otct

wy't = wy' — aH

&w,,

.-.=w5-,’aa:€!i

a wh ]
exp(~%,/0%  ag;
gexp(—-'{’../;’“’) 0 W5‘
AL ;
4 (molM ——:7: F8171 #fof 2IA —;%L,i Foie
&

L ;
’aTL' = - 2( auz+ dy.z)( ﬁb‘ﬂ"&- Piy' 2 pﬂ')«m( 1)'5.' pb")

= wy' — 7log .e

3L, _ 3L, dpy _ ax,
Fws b8 dwg ,f( w;', m) ®
3
A GINM —‘fln %—:m f( w;, m) geel my A iy
AN Yooz O Yol IA Y S U
P
' = __;
FP Fi @

3L,
A ©0f of% -5-;;:7%: &I gol s #ol

":—;327 = =2a( a1, + a,’X Wen'+ wy_ =2 wy")
—24a( ﬂ [ w.,’)
=20 a,,, + @y )( Wiie1 4 Wi ()"zz{dﬁb_
+4(ay! + auz)a wy +2&a wy'
=—2a( {{ Hu + ﬂz: W wysr'+ Wy )+ b))
— (2 @+ au?) +2) wy)
(10

A (100kA

( a"2+ Qo )( Waey 4wy ) +4 9‘&. an

%= 2 an + au) +4
g pou ue wae CI@3 Yol SOFMEE waAlel Hal @
B
exp(~%£,/0%

we't! = wy' + 72alog Ei."exp( %70 )(x,-— wy')
12y
A (2= 33U J2 Hayo] YR FBWEBE EY(Rugged
Landscape)of ool R4 siazol SYUBRU Weight el W27t

olasime Mo AAER A=A Y BV UL MR 4 02
= HEst YYoR ol WA UY ¢ USR ¥ 43 sojor B

ch.

v. O|= 2zt B4 ot WHAe £33

olzl P8l Yor WM HC MO HAN(Global Minimm Point
om MU HU SiEd &0l ofF Ut YLE olge AL
ge gasige o8 woiel.

Cy41 = Cx — auksg‘n[ el
€y = Cy*Ug ™ dk
w = e { Xy Xyt ool ) a3

Al 13)0IA o= & ZH(Observable Process) xy # CIOIEL 3}
3 u 2 22Ul Alaolol, dy = 27 A3 (Desirable Process),
ate UY AT 01H(Constant Adaptive gain)0|C}.

of7lofM u, = 12 $32 dy = ¢’ rue + fi2 29 S

= tjolEl 4180} ®ch ¢, 9t dy 2t Y Batof ERCIE o2
2 4B g geigel ¢ ZR)t ok ojof mat
WA MM CiR2 gl
win = wy ~ el el
€y = Wy = Xy
Xy =w +n (14)
A a9olM x, = dolet He o, w'E wol 81X @Y 46 n,
X B2 A8 Ae W (0= ARt @2} 19 WANBOl 2
At WHHS B CHEE SN
p (0 as toco
OlX et ol £HY HYUR F2 CFAlof oslo] Peich
lim sup + 3 Hed < Be't + Eo (0h
newo n k=)
< Be'l ‘
ol sl f+8 kG wyMof HBsy| gisiol R gof
Fokker-Plank Y349] YEHZ2 £3%ch o 24 BHojx Y2 WL
39! Fokker-Plank ¥HAIX §ai 341 ojAfo| ¢ oi Y= ©IE
+ Ut ZraercH4l.

w0y = wy' - af L +ﬁ—-@ﬂ1 s

of WaMol YetHe! Brownian BSH V@ B 4+ YCH 32 &
ABoM WA LY 5 U= BB AUXII} Weight Vectordl Ui
Hom MUY 4 YUCh Fokker-Plank YHA oM Brownian £
2 14 Holy @3 2n WOl Yol MAY USSR HAYYNR
Ciet Yol &8 ¢ UCHA. = (x— w,¥ ¥} 38 ol&
WS AT Qg Bez axe

wi'™ = wy' + (O~ wi')+o(Dsgnlx— wi) 16)
4 160N a(Hi= tof gt Bxga Yiolol A= on Yst Bt
¢le4 58 ol sen( - )2 1.0 K2 -19) UF Hi Sigmeid Y
olch

V. MY d

= =BolM Roiet YDBBE 10 city ring® WAL, 10 city
random WAL, 14 city random @R, 20 city ring® H&], 20 city
random HWAISOl distol SUMCL 2 =AIFY A SEER

- 984 -



CL 0.1 B2 yof wUen CRY UEeEMo ©a AEES %
¥ sigich
1. 2 ParamierB§ EJ(8H8ITH Mawix P!, P, W
PM;' o 6, p¥a Component®® CHE 2 ¥t
p‘ion = pd = w'= pm=8(i-) an
Y apoid Pig', 2 Epoch M9 j WA SAfof it
Index Matrix2A j #Af Coulmn§ Mot 28 @a= Ply
#oh PM;'s j 9 SAI0l Of® Permutation Matrix® Index
Matrix ¥ 818} Al7|=0 ASECH
2 city jlci®t wy'''® 28 koldistol Mefa oty Wy
Mg B et
3 & WHAR B4 Y 2’8 Nomalize®iTh

]
o Wy

ol2M Motz 0< wy'<lof oSS
4.i=arg max , wy' ' W ARSI ; WA cityol 8 Permutation
Matrix PM;™! # 380y i Of SAo] 08 Index, i ™
M=Alof H8H Index® ofoiBich
5 SAel Wiy, Matrixo} cisio] CiSE F8Ch
Pit‘l'lps = PMj(-i'I P!v5
6 .ojulel Index Energy E,‘{M ES GXD(":&,‘/O'Z)! P;”‘,,

of cistol perch
7. MK jodfstol 2~58 HHRSiC)

8. ®X Epoch t+1 A2 2 Index Fnergy Evmax’ ' 9 Index?!
max® F510{ MK Index Energy Emex' o HlZ8H01 Cf
R0l M2} Index Matrix® PeCh

Eml&lz Emi Pl'l PMml‘H Pt
[ Eml+l( E f Pt+l — P!
9. 0|8 N8iX Epoch?t S 7iX| ghedict

Reter |tngols zel NE ol&E ci@a Wl
o)) =122 Epoch &

i

. ixnex .
o(f) _{xi(xg 0.0
B8 =0.15 A=0.0025

2 MolM 12 M4 Epoch $0(A B Epoch = A|Of random
S MEE 20100 x= MA Epoch £ 1/10 Alofo] Random®t
A MEE $0/Ch Ring22 WA B SAIY AP 2 City?tx 27|
Random® WAIOlAl Ring WXIE ot Wwoof CY 0,11 3z &

of City®0! RandomstH w{AI& A$ 22 @0l 20 City 7%l A
L2 -l {2

vigd 2

= =FolMi= olxl ztat ¢47 YRE SOFMYAIe] TSPR
N o8 Yn2Es Ao off ¢ Lagrangian® RE SIYUR
of S B et QaEEel EUHE BUc M Ynne
SN £7F N2B B P FLARIZ Aol N Frieinz
Yo w2} 88 P2 5+ U208 Largrangian Multiplier® 213
% §2 20l YW USZS Feasibled H{ FY 4 YCh M
o QIRIARE I ANl mAlds ol Yyt 14 Mol
e 48 Aoz I AMNE WX LY $ U %ol Y
ch e gotet el oMU slafss 2y Y Y A
2 otuiof #lad ANsof Jrte SAINE B3 ¥ Mook O of
= A ANOM 1A HolR g9 270t e IF & ol
ofEl Ztst B0t YAt © otR WA AIZIBE ojof g =ct
W yelol st AME o + AV wRBolch of AP Epoch B
2oy B3 ¥ A3 0 UE 92 gHo ot NS WY 5 ok
Hqotel gt/ TSPENS E88% o BN =F XBY
Aol Y22 YueFe B3 |4 ¥ 2o HxHS i
2 4BS wol= P MY o oo

- 985 -

gkt

{11 HRitter K.Schulten “Convergence Properties of Kohonen's
Topolegy Conserving Maps : Fluctuations, Stability, and
Dimesion Selection” Biol.Cybern. 60,55~71 (1988)

12) T.Kohonen 'Self Organization and Associative Memory'
Springer~Verlag 3rd printng 1989

{31 E. Domany J.L.van Hemmen K.Schulten (Eds.) ‘Models of
Neural Networks' Springer-Verlag 2nd printng 1992

4] van Kampen Stochastic Processes in Physics and Chemistry
North-Holland .1981. Armsterdam

[5] C. Darken JMoody "Note on Leaming Rate Schedule for
Stochastic Optimization ™

[6] AGersho "Adaptive Filtering with Binary Reinforcement” [EEE

Trans.Inform. vol IT-30, 2March 1884

7] L. Botton P.Gallinari A Framework for the Cooperation of
Leaming Algerithm” pp781 - 788

[8] S.Y.Kung Digital Neural Networks Prentice Hall, Englewood
Cliffs, N.J. 1993

[8] H.Ritter K.Schulten TMartinetz 'Neural Computation and
Self~Organizing Maps' Addison Wesley Publishing
Company, 1992.

ECR) a2
10City Ring® 27/6i&l 100 Epoch #5532

PP R u..._.-.m,._._,.!

vi e

a3 g4
100 Epoch REA
£ 3ol 0902072

R

- 7"
; \
i
{
* \
o "
ol / |
i / N
) of P -
- I I K- S

57 LY I T R T t B k73 (1] (1Y 1
ag s ‘a" 6

14 City Random Z719{X| 400 Fpoch SG#E2

£ 2ol 090534

R SN
r

~
-

oy 7 ay 8
400 FEpoch &&#2

» |
|
e ] (Rl

- 2 10
20 City Random Z7{t§X] 400 Epoch M&3 2t
& o} 0900072



