TSP Problem

Given N cities or points in a space with distances {di} btw

cities. The task Is to find the minimum-length closed tour
that visits each city once and returns to Its starting city.

(a) (b)
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A problem In class P or class NP

If there exists an algorithm that solves the

problem in a time that grows only
polynomially(or slower) with the size N of the

problem, the problem is in class P

NP problems are those for which one can test In
polynomial time whether any guess" of the
solution Is right.
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NP complete

If one could find a deterministic algorithm that

solves one NP-complete problem In
polynomial time, then all other NP problems

could be solved in polynomial time.

he TSP problem is an NP-complete problem
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Hopfield neural network for TSP
Biological Cybernetics, 1985

Intelligent Numerical Computation



FIGURE 4.5 Network to solve a four-
city travelling salesman problem. Solid
and open circles denote units that are
on and off respectively when the net-
work 1s representing the tour 3—2-4-1.
The connections are shown only for
unit ns2; solid lines are inhibitory con-
nections of strength —~d;;, and dotted
lines are uniform mhlbltory connections
of strength —v. All connections are
symmetric. Thresholds are not shown.
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Internal representations

Nig = 1 i_f__and c_mly if city ¢ is the ath étop on the tour
The total length of the tour is

-~ 5 Z ds_; nm(n),a+1 + n; a-—l)
tj,a
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Constraints

Z Nig = 1 (for every éity i)

_ Z Nig = 1 (for every stop a)
i
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Energy function

H = %Zfd”jniﬂ(_nj:“‘l‘l+nj:""'1) .

.4

350 ) + - S’
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Mean field eguations

N, = 9(A,) = L+ tanh(A, )
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Hopfield’s Result

3.Bi— k. </"\‘ — £ <\‘ =
/4 -
.6 Lo g et ~
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ok = . --""-. =a k\r"'h‘--..__l. i
0 02040808 + NS A ey —
¥ v e 050608 1 0 02040608 1

Fig, +a—C. a A random tour for 30 random cities. b The Lin-
Kernighan tour. ¢ A typical tour obtained from the analog
network by slowing increasing the eain :
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Advantages and disadvantages
of Hopfield neural networks

Qualified collective decision?
Parallel and distributed architecture
Fault tolerance

VS

Validity: selection of parameters, internal representations
Quality: geometrical feature, combinatorial feature
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Potts neural networks for TSP

» Internal representations
» Mathematical framework
» Mean field annealing

Carsten Peterson - Homepage
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Rewrite this energy function

: - — '8 » 2
E = ::_, L):; l Siru 5_;'1_” 2 VI E E 2 S a
1 u 1 u

5 BT 5.7
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S., be on if the city labelled 1 1s visited at the ath stop in the tour.

Energy function

B
k. = E DI} E SmSj{a+1] “ EE m ;b
) a

1 a#b

33
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Rewrite the energy function

S, = (S Sy 1o S) " €€y ey}

E = ZDuZSla J(a+1)+%2(zsia_l)2
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Z(Z Sia _1)2

_Z((Zs,a) —2Zs,a+1)
_Z(ZS.af—ZZZS.a
S ZZS +22,2,2,5.a51a —ZZZS.a

a i j=i

=22.2.2. 581 2. 2.8 =22, 2. 2 SuSi

a i j#i a i i
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Energy function

S; =(Si1 Siz 1+ SiN)T c{e,
E=2.2.052.5uS 1
i ji
+0‘Z,Z,Z,Sua o
i ji
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Mean energy

=
Vi = (Vig Vi 1000 Vin)

E= ZZDIJZVIa i(a+1)

I =i

2,22 Vi

S
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Mean field equation

E= ZZDIJZVIa i(a+1)

I J=i
@2, 2.2 VaVi
A
dE
Ui, = = _Z Dlj (Vj(a -1) +Vj(a+1)) azvja
dvla J# [E3
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Mean field equation

dE

Ui, = d :_Z Dlj (Vj(a 1)+Vj(a+1)) azvja
Vla J# J#
exp(pu;, )
Zexp(ﬂulb)
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Mean field annealing

' Tla

1.Set S to a sufficiently low value, v. z%,for all1,a

2. Use mean field equation to update all v,

3. Increase £ by an annealing process
4. 1f a halting condition holds exit otherwise goto step 2
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Exercise

Implement the mean field annealing
method for solving the travelling
salesman problem
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Matlab Coding of MFA optimization
for TSP

» Matlab module
» TSP data generation
» MFA
» V_updating
» V2tour_length
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TSP data generation

function D=TSP_data(N)

N: city size
D is a matrix that collect distances between cities
« D(i,i) = 0O for all i
* D(i,j) equals D(j,i)
* D(i,j) measures the distance between cites i and |j
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TSP

(a)

Intelligent Numerical Computation



Energy function

E = IZ; Dlj Zvla j(a+1)
2,02 Vi

i j=i




Call MFA

MFA_Potts(15,D,loop,tscale);

a a+1

a-1
i-1 O\

O
i O 0/2
I+1 O/O\O
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MFA Potts

function MFA_Potts(temp,D,loop,tscale);
temp : temperature

D: distance matrix

loop: 50

tscale: annealing factor
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Annealing schedule

Set beta to a sufficiently small value
Increase beta carefully
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v2tour_ length

function [vd,tour_length]= v2tour length(v,D)
V. state matrix

D: distance matrix

tour_length

vd : each column of v contains only one active
bit
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Mean field equation

dE

Ui, = d :_Z Dlj (Vj(a 1)+Vj(a+1)) azvja
Vla J# J#
exp(pu;, )
Zexp(ﬂulb)
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function [v]=update v tsp(N,temp,A,v,loop,D)

-
function [v]=update_v_tsp(N, temp,A,v,lo0p,D)
v = v+(rand(N,N)-0,5)*10.*-8;
indp=[N 1:N-1]:indn=[2:N 1]
for j = 1:1oop

tempy=y

for 1 = 1:N

%

% updating v(1,:)

end

1t sum( sum(abs( tempv-v))) < 10,.4-8
j=loop+l;

end

end
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Elastic Net

R. Durbin and G. Willshaw,” A dimen-
sional] reductio frame,\;v&rk for {}(r)]lder—

standing cortical maps,” Nature 343
15 Feb (1990)

Elastic Net Tutorial
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Elastic net algorithm

pda 1ng rule:

. .'A Z Au(z &=~ 'w,) + ”('wz+1 — 2w; + W;i—1)

A norrnahzed Gaussian form

 a) = SR w207
U7 Sem(- €= w,l/20%)

A cost fun'ction - _ _
E{'w,} = —0'2 Z log Z exp(— |€* — w;)* /20'2)] + — 5‘ it — wi)?
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MFA unsupervised learning

0., =1If city i 1s visited at the ath stop

39 N A [ (VAN Y AN
S5, -1 a

55, -1
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A hybrid energy function

Discrete Potts variables
Continuous geometrical variables
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Unsupervised MFA Learning

Stepl: derive mean field equation

Step?2: derive the updating rule of
continuous variables
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Revised energy function

0., =11f city 11s visited at the ath stop
1
E = EZZgia“Xi _WaHZ +%(25ia _1)2

A
+EZ(HWa —Wo : + HWa _Wa—le)
a
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6w =, T Yok -w[ +aT T Y6,

a 1 j#i
+— Z(HW a+1

= w )
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Mean Energy

E(v,w) =~ ZZV.aHX B RXIWIAN

a 1 j#i
+— Z(HW a+1

= w )
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Mean field equation

‘.:
|

=—HX -w [ -ad v,

jil

exp(fu;, )
Z exp(ﬂulb)

Intelligent Numerical Computatio

45



Updating rule

+A(2w,—w_,—w_ )=0foralla
solve all w,
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TSP by simulated annealing
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Acceptance probability function

(Sigmoid function) f(x)=
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Kirkpatrick’s
Result -4
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Self-or

ganizing algorithm for TSP

| { N » "
| "'"-.
| | / \ w/'f
] { r -
| { . B »
| \ . i Il
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Step 1: Find the node j. which is closest to city i: for

each node j, compute its potential:
V; = (xi=elY +(x3 = &)
determine j. by competition:

pf

. = minV;.

Step 2: Move node j. and its neighbors

£(G, n) = (1/ V2)- exp(—=n*/G?).

¢l = ¢l + f(G, n)-(xk = ¢;)-

n = infl j = J. (mod V), jo — j (mod M)).

Decreasing the gain G+~ (l—-a)-G.
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Result of SOM



Natural gradient descent

« Amari’s works for independent com-
ponent analysis

w» norm in Riemannian space

|dw||? :Z gij (w)dw;dw;

denotes the square length of a small

incremental vector dw connect-
ing w and w + dw
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natural gradient descent

W1 = Wy ——ntC(wt)Vl(zhwt)
Clw) = G (w)
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Nond_eterministic method

simulated annealing:

» g(x):probability density of state-
space of D parameter - i-1,0)

g(z) = (2nT)~P/2 exp(— L2/ (2T))
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simulated annealing
(b) h(x) :probability density for accep-

tance of new cost function given
the just previous value

|
M) = T op(AETT)

« T'(k):schedule of annealing the tem-
perature T in annealing-time steps

(k) = >
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