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e An optimum is a solution which is better than all of its neighboring
solutions.
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e An optimum is a solution which is better than all of its neighboring
solutions.

e A “neighboring solution” is a solution which can be reached with a
single application of a unary search operation.
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e An optimum is a solution which is better than all of its neighboring
solutions.

e A “neighboring solution” is a solution which can be reached with a
single application of a unary search operation.

e A Jocal optimum z* is an optimum which is worse than the global
optimum #*, i.e., f(z*) > f(2*) on minimimization problems.
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Introduction
1A

e An optimum is a solution which is better than all of its neighboring
solutions.

e A “neighboring solution” is a solution which can be reached with a
single application of a unary search operation.

e A Jocal optimum x* is an optimum which is worse than the global
optimum 2%, i.e., f(z*) > f(2*) on minimimization problems.

e Hill climbers will get stuck at any optimum, because they will only
move from one solution to a better solution.
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e An optimum is a solution which is better than all of its neighboring
solutions.
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An optimum is a solution which is better than all of its neighboring
solutions.

A “neighboring solution” is a solution which can be reached with a
single application of a unary search operation.

A local optimum x* is an optimum which is worse than the global
optimum 2%, i.e., f(z*) > f(2*) on minimimization problems.

Hill climbers will get stuck at any optimum, because they will only
move from one solution to a better solution.

They are likely to converge to local optimum, i.e., may not give us
the globally optimal solution.

Simulated Annealing can avoid this, because it sometimes
(proabilistically) also accepts worse candidate solutions.

1, 2]

Tabu Search, introduced by Glover, Glover " %, is another local search

which introduces another, similar approach.
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e Simulated Annealing, in each step, applies the unary search operation
to create a (often randomly modified) copy of the current solution.
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e Simulated Annealing, in each step, applies the unary search operation
to create a (often randomly modified) copy of the current solution.

e Tabu Search scans the whole neighborhood of the current solution
and picks the best neighboring solution as next solution.

e It will pick this solution even if it is worse than the current solution.




Move to Best Solution §\

e Simulated Annealing, in each step, applies the unary search operation
to create a (often randomly modified) copy of the current solution.

e Tabu Search scans the whole neighborhood of the current solution
and picks the best neighboring solution as next solution.
e It will pick this solution even if it is worse than the current solution.

e Problem: This can easily lead to cycles (if the current solution is a
local optimum, the search will go to a worse solution and then
immediately back to the previous one, the local optimum).
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Move to Best Solution §\

e Simulated Annealing, in each step, applies the unary search operation
to create a (often randomly modified) copy of the current solution.

e Tabu Search scans the whole neighborhood of the current solution
and picks the best neighboring solution as next solution.

e It will pick this solution even if it is worse than the current solution.

e Problem: This can easily lead to cycles (if the current solution is a

local optimum, the search will go to a worse solution and then
immediately back to the previous one, the local optimum).

e Solution: Introduce a tabu criterion which forbids certain solutions to
be visited, to avoid re-visiting already seen solutions.

Metaheuristic Optimization Thomas Weise 6/29



e The tabu list stores information about previously visited solutions in
order to avoid visiting them again.
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Tabu List %t)

e The tabu list stores information about previously visited solutions in
order to avoid visiting them again.

¢ Usually does not store complete solutions, but only features of
solutions.

e These features often depend on the search moves:

o If we scan an single-edge-exchange neighborhood of a tour for the
Traveling Salesman Problem, we may simply forbid the removed edge
from being inserted again.

e If we scan a single-bit-flip neighborhood in a MAX-SAT problem, we
simply may forbit the same variable from being flipped again.
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Tabu List %t)

e The tabu list stores information about previously visited solutions in
order to avoid visiting them again.

¢ Usually does not store complete solutions, but only features of
solutions.
e These features often depend on the search moves:

o If we scan an single-edge-exchange neighborhood of a tour for the
Traveling Salesman Problem, we may simply forbid the removed edge
from being inserted again.

e If we scan a single-bit-flip neighborhood in a MAX-SAT problem, we
simply may forbit the same variable from being flipped again.

e More generally: If we reach a new solution pje, Vvia search move move,
we may either forbit the inverse move move or any move touching the
same decision variables.

e Store features of ¢t most recently visited solutions tt is called tabu
tenure or tabu list length).

e Solutions with features from the tabu list are forbidden.

e Choice of tt has big influence on performance.

Metaheuristic Optimization Thomas Weise 7/29



e Tabu criterion may also prevent previously unseen solutions from
being explored.




e Tabu criterion may also prevent previously unseen solutions from
being explored.

e Some of these might be better than the best solution we have found
so far




e Tabu criterion may also prevent previously unseen solutions from
being explored.

e Some of these might be better than the best solution we have found
so far, i.e., very interesting regardless whether they are tabu or not. ..

e Aspiration criteria: criteria that override the tabu criterion and allow
the search to move to a solution even if it is tabu.




Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion

Data: ppew: the new solution to be tested L] We assume a Sim ple Tabu Search
Data: pcu: the current solution
Data: move: the move reaching prest Where

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered
begin

Pbest-T <— create initial solution

DPoesty < f(Ppest.v)

Peur-Y <— Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Drew <— 0

foreach pre: € neighborhood of pcu- do
Peest:y ¢ f(prestz)

If((move & tabu) A ((Prew = 0) V (Prest.y < Prew-y)))V.
(Prest-y < Poest-y)
then
Prew ¢ Dtest
L movey, +— move

Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested
Data: pcu: the current solution
Data: move: the move reaching prest
Data: moves: the move reaching ppew
Output: prest: the best individual ever discovered ° Search— and SOlUtiOn Space are
begin

the same (G = X) and

Pbest-T <— create initial solution

e We assume a simple Tabu Search
where

Dbest-Y < f(Poest.) 2 0 q
P N e where the tabu criterion is the
tabu <— empty list .
while — (shouldTerminate V (peur # 0)) do appl Ied S€a rCh move

Prew <— 0

foreach pi.s: € neighborhood of pc,r do
Presty < f (prest.2)

If((moue & tabu) A ((Pnew = 0) V (Prest.y < Drew-y)))V
(Prest-y < Phest-y)
then
Drew — Drest
\» movep <— move

Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese
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Putting it Together

W

>
<

Dbest <— tabuSearch(f, tt)

Input:
Input:
Data:
Data:
Data:
Data:

[+ the objective function subject to minization
fimplicit] should Terminate: the termination criterion
Prew: the new solution to be tested

Peur: the current solution

move: the move reaching prest

movey: the move reaching ppew

Output: prest: the best individual ever discovered

begin

Pbest-T <— create initial solution

DPoesty < f(Ppest.v)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do

Drew <— 0
foreach pi.s: € neighborhood of pc,r do
Presty <— f(Prest-w)

If((mm/e & tabu) A ((Prew = 0) V (Prest.y < Prew-y)))V.
(Prest-y < Phest-y)
then
Prew ¢ Dtest
L movey, +— move

Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese

e We assume a simple Tabu Search

where

e search- and solution space are
the same (G = X) and

e where the tabu criterion is the
applied search move and

e where the aspiration criterion
is that any solution better than
best currently known solution
Dpest Will always be accepted

Metaheuristic Optimization

Thomas Weise 9/29




Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pcu: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered

begin

Pbest-T <— create initial solution

Dbest-Y < f(Poest.)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Prew <— 0

foreach pest € neighborhood of peur do
Dresey ¢ f (prese-)

(Prest-y < Phest-y)
then
L Prew — Drest
move, <— move
Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu

return ppese

f
! ((move & tabu) A ((prew = 0) V (Ptest-y < Prew-y)))V

| if length of tabu > tt then remove oldest element from tabu

e We start by creating the starting
point of our search (here directly in
form of candidate solution pey.x).

Metaheuristic Optimization
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Putting it Together %\

Dbest <— tabuSearch(f, tt)

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion

Data: pre: the new solution to be tested e We start by creating the starting
Data: pc,: the current solution o a o
Data: move: the move reaching pres: point of our search (here directly in

Data: moves: the move reaching ppew
Output: prest: the best individual ever discovered

form of candidate solution pey.x).

begin ) i
Phest & — create initial solution e This could happen randomly or via
Dbest-Y < f(Poest.) 2 2 q
Pary < Pes a simple logic (constructive
tabu <— empty list h 5o an
while — (shouldTerminate V (peur # 0)) do eu r|St|C)

Prew <— 0

foreach pi.s: € neighborhood of pc,r do
Presty < f (prest.2)

If((mm/e & tabu) A ((Prew = 0) V (Prest.y < Prew-y)))V.
(Prest-y < Poest-y)
then
Prew ¢ Dtest
L movey, <— move
Peur < Prew
if (peur # 0) then
if Peur-y < Phest-y then poest <— peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pcu: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered

begin

Pbest-T <— create initial solution

Dbest-Y < f(Poest.)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Prew <— 0

foreach pest € neighborhood of peur do
Dresey ¢ f (prese-)

(Prest-y < Phest-y)
then
L Prew — Drest
move, <— move
Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu

return ppese

f
! ((move & tabu) A ((prew = 0) V (Ptest-y < Prew-y)))V

| if length of tabu > tt then remove oldest element from tabu

e We compute the objective value
f(pcur-x) of the initial solution and
remember it in variable pcy,.y.

Metaheuristic Optimization
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pcu: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered

begin

Pbest-T <— create initial solution

Dbest-Y < f(Poest.)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Prew <— 0

foreach pest € neighborhood of peur do
Dresey ¢ f (prese-)

(Prest-y < Phest-y)
then
L Prew — Drest
move, <— move
Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu

return ppese

f
! ((move & tabu) A ((prew = 0) V (Ptest-y < Prew-y)))V

| if length of tabu > tt then remove oldest element from tabu

e The initial solution p,, is also the
best solution ppes: We know so far.

Metaheuristic Optimization
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pcu: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered

begin

Pbest-T <— create initial solution

Dbest-Y < f(Poest.)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Prew <— 0

foreach pest € neighborhood of peur do
Dresey ¢ f (prese-)

(Prest-y < Phest-y)
then
L Prew — Drest
move, <— move
Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu

return ppese

f
! ((move & tabu) A ((prew = 0) V (Ptest-y < Prew-y)))V

| if length of tabu > tt then remove oldest element from tabu

e |[nitially, the tabu list tabu is empty,
everything is allowed.
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pcu: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered

begin

Pbest-T <— create initial solution

Dbest-Y < f(Poest.)

Peur-Y < Pbest

tabu <— empty list

while = (should Terminate V (peur # 0)) do
Prew <— 0

foreach pest € neighborhood of peur do
Presty < f (prest.2)

(Prest-y < Phest-y)
then
L Prew — Drest
move, <— move
Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu

return ppese

f
! ((move & tabu) A ((prew = 0) V (Ptest-y < Prew-y)))V

| if length of tabu > tt then remove oldest element from tabu

e |n every iteration, we first check the
termination criterion whether we
should quit.

Metaheuristic Optimization
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Putting it Together

st <— tabuSearch(f, tt)

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion . .
Data: ppeu: the new solution to be tested e We should also stop if all solutions

Data: pc.: the current solution

Data: move: the move reaching pres: surrounding our current solution are
Data: movey: thi ve hi Vo . . o 5
T e s tabu and the aspiration criterion

Output: prest: the best individual ever discovered

begin does not hold for any, i.e., if there is
Phest-Z <— create initial solution .

Poesy <— f(Pbest0) no next solution to move to.

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # () do

Prew <— 0

foreach pre: € neighborhood of pcu- do

Presty < f (prest.2)

If((mm/e & tabu) A ((Prew = 0) V (Prest.y < Prew-y)))V.
(Prest-y < Poest-y)
then
Prew ¢ Dtest
L movey, +— move

Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pcu: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered

begin

Pbest-T <— create initial solution

Dbest-Y < f(Poest.)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Prew <— 0

foreach pest € neighborhood of peur do
Dresey ¢ f (prese-)

(Prest-y < Phest-y)
then
L Prew — Drest
move, <— move
Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu

return ppese

f
! ((move & tabu) A ((prew = 0) V (Ptest-y < Prew-y)))V

| if length of tabu > tt then remove oldest element from tabu

e In each step, we first assume that
there is no solution ppe, we can
move to from pey.
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion

Data: ppew: the new solution to be tested L] We then scan the COmplete
Data: pc,: the current solution o
Data: move: the move reaching prest nelgh bOrhOOd Of pCLlr'

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered
begin

Pbest-T <— create initial solution

DPoesty < f(Ppest.v)

Peur-Y <— Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Drew <— 0

foreach pi.: € neighborhood of pc,- do
Peest:y ¢ f(prestz)

If((move & tabu) A ((Prew = 0) V (Prest.y < Prew-y)))V.
(Prest-y < Poest-y)
then
Prew ¢ Dtest
L movey, +— move

Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese
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Putting it Together

Dbest <— tabuSearch(f, tt)

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pc,: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered
begin

Pbest-T <— create initial solution

DPoesty < f(Ppest.v)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do

Drew <— 0

foreach pi.: € neighborhood of pc,- do
Peest:y ¢ f(prestz)

If((moue & tabu) A ((Pnew = 0) V (Ptest.y < Drew-y)))V
(Prest-y < Phest-y)
then
Drew — Drest
\» movep <— move

Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese

We then scan the complete
neighborhood of pcy,.

This neighborhood is defined by
possible search moves mowve that
can be applied to the current
candidate solution pe,.x (again,
here we assume that G = X).
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Putting it Together

Drest +— tabuSearch(f, tt)

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pc,: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered
begin

Pbest-T <— create initial solution

DPoesty < f(Ppest.v)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do

Drew <— 0

foreach pi..: € neighborhood of pc, do
Peest:y ¢ f(prestz)

If((mm/e & tabu) A ((Prew = 0) V (Prest.y < Prew-y)))V.
(Prest-y < Poest-y)
then
Prew ¢ Dtest
L movey, +— move

Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu

return ppese

| if length of tabu > tt then remove oldest element from tabu

W

We then scan the complete
neighborhood of pcy,.

This neighborhood is defined by
possible search moves mowve that
can be applied to the current
candidate solution pe,.x (again,
here we assume that G = X).

For example, if our candidate
solutions are strings of n bits, a
neighborhood could be any string
that can be reached by flipping a
single bit in peyr.2 (and this
neighborhood would contain n
other solutions prest-2).
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pcu: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered

begin

Pbest-T <— create initial solution

Dbest-Y < f(Poest.)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Prew <— 0

foreach pest € neighborhood of peur do
Dresey ¢ f (prese-)

(Prest-y < Phest-y)
then
L Prew — Drest
move, <— move
Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu

return ppese

f
! ((move & tabu) A ((prew = 0) V (Ptest-y < Prew-y)))V

| if length of tabu > tt then remove oldest element from tabu

e We compute the objective value
f (ptest-x) of the initial solution and
remember it in variable piest.y.
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pcu: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered

begin

Pbest-T <— create initial solution

Dbest-Y < f(Poest.)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Prew <— 0

foreach pest € neighborhood of peur do
Dresey ¢ f (prese-)

(Prest-y < Phest-y)
then
L Prew — Drest
move, <— move
Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu

return ppese

f
! ((move & tabu) A ((prew = 0) V (Ptest-y < Prew-y)))V

| if length of tabu > tt then remove oldest element from tabu

® piest Would be a candidate for the
next step of our search
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion

Prew: the new solution to be tested

Peur: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered

Data:
Data:

begin

Pbest-T <— create initial solution

Dbest-Y < f(Poest.)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Prew <— 0

foreach pest € neighborhood of peur do
Dresey ¢ f (prese-)

If((moue & tabu) A ((Pnew = 0) V (Prest.y < Drew-y)))V
(Prest-y < Phest-y)
then
L Prew — Drest
move, <— move
Peur — Pew

if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese

Ptest Would be a candidate for the
next step of our search if and only if

@ the move move leading to it
from pc,, is not tabu
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Putting it Together I\\\

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pc,: the current solution . .
Data: move: the move reaching pies next step of our search if and only if
Data: moves: the move reaching ppew

® piest Would be a candidate for the

Output: prest: the best individual ever discovered 0 the move move |eading to |t
begin o
Phest-& <— create initial solution from Pcur 1S not tabu and
Dbest.Y — f(Dbest-x) o 3
Perd — Dot @ it is better than the
tabu +— empty list currently best acceptable
while — (shouldTerminate V (peur # 0)) do

Drew +— 0 neighbor ppew

foreach pi.s: € neighborhood of pc,r do
Presty < f (prest.2)

If((moue & tabu) A ((prew = 0) V (Drest-y) < Prew-)))V
(Prest-y < Phest-y)
then
Drew — Prest
\» move, <— move
Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese
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Putting it Together I\\\

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion

Data: ppew: the new solution to be tested L] Dtest WOUId be a Ca ndidate for the
Data: pc,: the current solution g -
next step of our search if and only if

Data: move: the move reaching prest
Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered 0 the move move |eading to |t
begil .
B0 from pc,r is not tabu and

Phest-Z <— create initial solution
Dbest-Y < f(Poest.) on o
e s @ it is better than the
tabu <— empty list currently best acceptable
while — (should Terminate V' (pewr # 0)) do .
Prew — 0 neighbor ppew or
foreach pre: € neighborhood of pcu- do g
Presty < f (prest.2)

if
((move ¢ tabu) A (( )V (Prest-y < Prew-y)))V
(Prest-y < Phest-y)
then
Drew — Prest
\» move, <— move
Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese
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Dbest <— tabuSearch(f, tt)

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion

Data: ppew: the new solution to be tested L] Dtest WOUId be a Ca ndidate for the
Data: pc,: the current solution g -
Data: move: the move reaching pies next step of our search if and only if
Data: moves: the move reaching ppew
Output: prest: the best individual ever discovered c the move move |eading to |t
begin .
Phest-Z <— create initial solution from pCUF Is not tabU and
p e @ it is better than the
tabu <— empty list currently best acceptable
while — (shouldTerminate V (peur # 0)) do )
Prew +— 0 neighbor ppew or
foreach pi.s: € neighborhood of pc,r do H .
Pty e [ (prer) @ it is the first acceptable
if 1
((move & tabu) A ((prew = 0) V (Ptest-y < Prew-y)))V nelgh bor'
(Prest.y < Phest-1 . . 5 o 5
s @ or the aspiration criterion kicks
[Etwti in, which here means that it is
P better than the best solution
if (peur # 0) then
if eur-y < Poesty then Poest <— Peur Phest We have ever seen.
append move, to tabu
| if length of tabu > tt then remove oldest element from tabu
- 2 -
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion

Data: prew: the new solution to be tested e |n this case, we
Data: pcu: the current solution
Data: move: the move reaching pres P -
et e remember it in variable ppe,

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered
begin

Pbest-T <— create initial solution

DPoesty < f(Ppest.v)

Peur-Y <— Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Drew <— 0

foreach pre: € neighborhood of pcu- do
Peest:y ¢ f(prestz)

If((move & tabu) A ((Prew = 0) V (Prest.y < Prew-y)))V.
(Prest-y < Poest-y)
then
Prew ¢ Dtest
L movey, +— move

Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pcu: the current solution

e |n this case, we

Data: move: the move reaching prest I o
Data: moves: the move reaching ppew o remember It in Varlable pnew
Output: prest: the best individual ever discovered and
begin 5 .
Phest-T <— create initial solution e store the move Ieadlng to It
est-) <— f(Poest. . . 0
pree - ) (coming from pc,,) in variable
tabu <— empty list
while — (shouldTerminate \ (peyr # 0)) do movey.
Drew <— 0

foreach pi.s: € neighborhood of pc,r do
Presty < f (prest.2)

If((move & tabu) A ((Prew = 0) V (Prest.y < Prew-y)))V.
(Prest-y < Poest-y)
then
Prew ¢ Dtest
L movey <— move
Peur < Pnew
if (peur # 0) then
if peury < Poest-y then prest <— peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese
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Putting it Together %\

Input: f: the objective function subject to minization

Input: [impiicit] shouldTerminate: the termination criterion

Data: ppeu: the new solution to be tested e After we have scanned the whole
Data: pc,: the current solution o

Data: move: the move reaching pres neighborhood of p.,,, we store the
Data: moves: the move reaching ppew . .
Output: prest: the best individual ever discovered beSt dlSCOVered acceptable SOIUthn
begin Dnew IN Peur- (This could also be

Pbest-T <— create initial solution

Dbest-Y < f(Poest.)

Peur-Y <— Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Prew <— 0

foreach pre: € neighborhood of pcu- do
Peest:y ¢ f(prestz)

nothing 0. ..)

If((move & tabu) A ((Prew = 0) V (Prest.y < Prew-y)))V.
(Prest-y < Poest-y)
then
Prew ¢ Dtest
L movey, <— move
Peur < Prew
if (peur # 0) then
if Peur-y < Phest-y then poest <— peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pcu: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered

begin

Pbest-T <— create initial solution

Dbest-Y < f(Poest.)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Prew <— 0

foreach pest € neighborhood of peur do
Dresey ¢ f (prese-)

(Prest-y < Phest-y)
then
L Prew — Drest
move, <— move
Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu

return ppese

f
! ((move & tabu) A ((prew = 0) V (Ptest-y < Prew-y)))V

| if length of tabu > tt then remove oldest element from tabu

e [f we actually found new acceptable
pOInt pCur
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Putting it Together

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

e [f we actually found new acceptable

Data: pc,: the current solution o
Data: move: the move reaching prest POlnt pcur
Data: moves: the move reaching ppew
Output: prest: the best individual ever discovered ° We CheCk If It is better than
begin .
ez ¢ e Gt sl the best solution ppes: We have
Dbest.Y — f(Dbest-x) 0 q
A ever found and, if so, store it
tabu <— empty list g
while — (shouldTerminate \ (peyr # 0)) do IN Ppest-
Prew <— 0

foreach pi.s: € neighborhood of pc,r do
Presty < f (prest.2)

If((move & tabu) A ((Prew = 0) V (Prest.y < Prew-y)))V.
(Prest-y < Poest-y)
then
Prew ¢ Dtest
L movey, <— move
Peur < Prew
if (peur # 0) then
if Peur-y < Phest-y then poest <— peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese

Metaheuristic Optimization Thomas Weise 9/29



W

>
<

Putting it Together

Dbest <— tabuSearch(f, tt)

Input: f: the objective function subject to minization

Input: [impiicit] shouldTerminate: the termination criterion

Data: ppeu: the new solution to be tested e |f we actually found new acceptable
Data: pc,: the current solution o

Data: move: the move reaching prest p0|nt Pcur

Data: moves: the move reaching ppew

:))ut.put: Doest: the best individual ever discovered ° We store the inVerse Wb Of
egin -
Phest & — create initial solution the move move, leading from

Dbest-Y < f(Poest.) the “old” Peur " e “nen

Peur-Y < Pbest

tabu <— empty list . 5
while — (shouldTerminate V (peur # 0)) do Pcur IN the tabu ||St tabu to

Prew — 0 i
foreach pre: € neighborhood of pcu- do prevﬁnt ,l;ls frolTl gOIng baCk to
Presy <— f(pre) the “old” pcur in the next tt

if
((move & tabu) A ((prew = 0) V (Ptest-y < Prew-y)))V |terat|ons
(Prest-y < Poest-y)
then
Prew ¢ Dtest
movey <— move
Peur < Prew
if (peur # 0) then
if Peury < Phest.y then prest <— peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese
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Putting it Together
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Dbest <— tabuSearch(f, tt)

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion
Data: ppe: the new solution to be tested

Data: pc.: the current solution

Data: move: the move reaching prest

Data: moves: the move reaching ppew

Output: prest: the best individual ever discovered

e [f we actually found new acceptable
pOInt pCur

e We store the inverse move; of
the move mowvey, leading from
the “old" pcur to the “new”
Peur i the tabu list tabu to
prevent us from going back to

begin

Pbest-T <— create initial solution

Doest-y — f (Poest-)

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Prew <— 0

foreach pre: € neighborhood of pcu- do

Peest:y ¢ f(prestz)

If((mm/e & tabu) A ((Prew = 0) V (Prest.y < Prew-y)))V.
(Prest-y < Poest-y)
then
Prew ¢ Dtest
L movey, +— move

Peur $— Prew
if (peur # 0) then
if Peur-y < Poest.y then prest — Peur

append move, to tabu

the “old” pcur in the next tt
iterations.

o |f the tabu list tabu is now
longer than the tabu tenure tt,
we delete the oldest element
from it.

| if length of tabu > tt then remove oldest element from tabu

return ppese
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Putting it Together

Dbest <— tabuSearch(f, tt)

Input: f: the objective function subject to minization
Input: [impiicit] shouldTerminate: the termination criterion

Data: ppew: the new solution to be tested L] Fina”y, If we have met the
Data: pc,: the current solution o o - o
Data: move: the move reaching pes: termination criterion
Data: moves: the move reaching ppew o - o
Output: prest: the best individual ever discovered ShOuldTermlnate or there S|mp|y IS
begin no acceptable solution to go to
Phest-Z <— create initial solution
Poesty — f(poest2) anymore, we return the best

Peur-Y < Pbest

tabu <— empty list

while — (shouldTerminate V (peur # 0)) do
Prew <— 0

foreach pre: € neighborhood of pcu- do
Presty < f (prest.2)

solution ppes: We found so far.

If((mm/e & tabu) A ((Prew = 0) V (Prest.y < Prew-y)))V.
(Prest-y < Poest-y)
then
Prew ¢ Dtest
L movey, <— move
Peur < Prew
if (peur # 0) then
if Peur-y < Phest-y then poest <— peur

append move, to tabu
| if length of tabu > tt then remove oldest element from tabu

return ppese
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o Satisfiability Problems (SAT)
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o Satisfiability Problems (SAT) I*):
e Given: Formula B in Boolean logic
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o Satisfiability Problems (SAT) I*):
e Given: Formula B in Boolean logic with of 7 Boolean variables
= (x17x25"'7xn)
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« Satisfiability Problems (SAT) F:
e Given: Formula B in Boolean logic with of 7 Boolean variables
Z = (x1,22,...,x,), which appear either directly or negated
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o Satisfiability Problems (SAT) I*):
e Given: Formula B in Boolean logic with of 7 Boolean variables

Z = (x1,22,...,x,), which appear either directly or negated in k& “or”
clauses
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« Satisfiability Problems (SAT) F:
e Given: Formula B in Boolean logic with of 7 Boolean variables
Z = (x1,22,...,x,), which appear either directly or negated in k& “or”
clauses, which are all combined with into one “and”

X, X, X5 X,
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« Satisfiability Problems (SAT) F:
e Given: Formula B in Boolean logic with of 7 Boolean variables
Z = (x1,22,...,x,), which appear either directly or negated in k& “or”
clauses, which are all combined with into one “and”
e SAT Goal: find a setting for these variables so that B becomes true

X, X, X5 X,

=

{=]
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Example: MAX-SAT %()

e Maximum Satisfiability Problems (SAT) .
e Given: Formula B in Boolean logic with of 2 Boolean variables
Z = (z1,22,...,2,), which appear either directly or negated in k “or”
clauses, which are all combined with into one “and”
e MAX-SAT Goal : minimize objective function
f (&) = number of clauses which are false.

X, X, X5 X,
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Example: MAX-SAT %()

e Maximum Satisfiability Problems (SAT) .
e Given: Formula B in Boolean logic with of 2 Boolean variables
Z = (z1,22,...,2,), which appear either directly or negated in k “or”
clauses, which are all combined with into one “and”
e MAX-SAT Goal : minimize objective function
f (&) = number of clauses which are false.
o f(¥) =0 = all clauses are true, SAT problem solved

X, X, X5 X,
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o Maximum Satisfiability Problems (SAT) [
e Given: Formula B in Boolean logic with of 7 Boolean variables
Z = (x1,22,...,x,), which appear either directly or negated in k& “or”
clauses, which are all combined with into one “and”
e MAX-SAT Goal : minimize objective function
f(&) = number of clauses which are false.
e f(Z) =0 = all clauses are true, SAT problem solved

¢ Candidate solution: string of 7 bits.




e Let us consider a Tabu Search method for the MAX-SAT problem.




e Let us consider a Tabu Search method for the MAX-SAT problem.

e Neighborhood of candidate solution x: other bit strings assignments
which differ in exactly one bit




e Let us consider a Tabu Search method for the MAX-SAT problem.

e Neighborhood of candidate solution x: other bit strings assignments
which differ in exactly one bit

e Tabu feature: variables




e Let us consider a Tabu Search method for the MAX-SAT problem.

e Neighborhood of candidate solution x: other bit strings assignments
which differ in exactly one bit

e Tabu feature: variables

e Tabu criterion: flipping the same variable again is forbidden for ¢t
iterations




Tabu Search for MAX-SAT %V

e Let us consider a Tabu Search method for the MAX-SAT problem.

e Neighborhood of candidate solution x: other bit strings assignments
which differ in exactly one bit

e Tabu feature: variables

e Tabu criterion: flipping the same variable again is forbidden for tt
iterations

e Aspiration criterion: if flipping the variable would lead to a new
best-so-far solution, we will accept it even if it is tabu
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@ Introduction

@ Tabu Search

® Example 1: MAX-SAT

@ Example 2: Traveling Salesman Problem

@ Iterated Local Search

@ Summary



o Example: Traveling Salesman Problem (TSP)




e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V'

[5-8]




e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V ¥

e Problem instance defined as:
e set V of n, nodesv eV




e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V

e Problem instance defined as:
e set V of n, nodesv €V, eg.,, V ={A,B,C,D,E,F,G,H, I}




e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V

e Problem instance defined as:

e set V of n, nodesv eV,
e set £ =V xV of edges e = 1; 7;




e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V ¥

e Problem instance defined as:
e set V of n, nodesv eV,
e set £ =V xV of edges e = 7; 75, and
e cost function to compute the cost of traveling along an edge e € E




e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V

e Symmetric problem instance defined as:
e set V of n, nodesv eV,
e set £ =V xV of edges e = 7; 75, and
e cost function to compute the cost of traveling along an edge e € E




e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V

e Symmetric problem instance defined as:
e set V of n, nodesv eV,
e set £ =V x V of undirected edges e = 7; v;, and
e cost function to compute the cost of traveling along an edge e €




e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V

e Symmetric problem instance defined as:
e set V of n, nodesv eV,
e set £ =V x V of undirected edges e = 7; v;, and
e cost function to compute the cost of traveling along an edge e €
(with cost(AB) = cost(BA))




e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V
e Symmetric problem instance defined as:

e set V of n, nodesv eV,
e set £ =V x V of undirected edges e = 7; 7;, and
e cost function to compute the cost of traveling along an edge e €

¢ Candidate solutions x € X: permutations of the n, nodes




e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V
e Symmetric problem instance defined as:

e set V of n, nodesv eV,
e set £ =V x V of undirected edges e = 7; 7;, and
e cost function to compute the cost of traveling along an edge e € E

¢ Candidate solutions x € X: permutations of the n, nodes,
eg, x = (A,B,C,D,E,F,G,H,I)




e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V
e Symmetric problem instance defined as:

e set V of n, nodesv eV,
e set £ =V x V of undirected edges e = 7; 7;, and
e cost function to compute the cost of traveling along an edge e €

¢ Candidate solutions x € X: permutations of the n, nodes

e Objective function f is the total tour cost




e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V
e Symmetric problem instance defined as:

e set V of n, nodesv eV,
e set £ =V x V of undirected edges e = 7; 7;, and
e cost function to compute the cost of traveling along an edge e €

¢ Candidate solutions x € X: permutations of the n, nodes

e Objective function f is the total tour cost:

ny—1

f(x) = ) cost(xi%iti) (1)
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e Example: Traveling Salesman Problem (TSP): Find a cyclic path of
minimal costs that visits a set of cities V
e Symmetric problem instance defined as:

e set V of n, nodesv eV,
e set £ =V x V of undirected edges e = 7; 7;, and
e cost function to compute the cost of traveling along an edge e €

¢ Candidate solutions x € X: permutations of the n, nodes

e Objective function f is the total tour cost:

ny—1

f(x) = cost(X%;1) + cost (%, 1) (1)
i=1
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e swap(x,,/): swap the element at index / in permutation x with
element at index j %

e x=(A,B,C,D,E,F,G,H,I)
e swap(x,3,7) = (A,B,G,D,E,F,C,H,I)

e Possible 4-opt move: delete four edges and add four edges
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e x=(A,B,C,D,E,F,G,H,I)
e reverse;(x,3,7) = (A,B,G,F,E,D,C,H,TI)

e Possible 2-opt move ['*!: delete two edges and add two edges




e reverse(x,7,/): Two ways to reverse the subsequence between
indexes 7 and j in permutation

x [0 15-19]




e reverse(x,7,/): Two ways to reverse the subsequence between
indexes  and j in permutation x [ 1°7°)

o x = (A,B,C,D,E,F,C,H,T)

e reverses(x,3,7)




e reverse(x,7,/): Two ways to reverse the subsequence between
indexes  and j in permutation x [ 1°7°)

e x=(A,B,C,D,E,F,G,H,I)
e reverses(x,3,7) = (I,H,G,D,E,F,C,B,A)




e reverse(x,7,/): Two ways to reverse the subsequence between
indexes  and j in permutation x [ 1°7°)

e x=(A,B,C,D,E,F,G,H,I)
e reverses(x,3,7) = (I,H,G,D,E,F,C,B,A)

e Possible 2-opt move ['*?!: delete two edges and add two edges




e reverse(x,7,/): Two ways to reverse the subsequence between
indexes  and j in permutation x [ 1°7°)

e x=(A,B,C,D,E,F,G,H,I)
e reverses(x,3,7) = (I,H,G,D,E,F,C,B,A)

e Possible 2-opt move ['*!: delete two edges and add two edges
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e x=(A,B,C,D,E,F,G,H,I)
e rotatelefts(x,3,7) = (B,C,G,D,E,F,H,I,A)
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e rotateRight(x,7,/): rotate the subsequence between indexes i and
J in permutation x one step to the right® 1 * 2

e (A,B,C,D,E,F,G,H,I)
e rotateRight;(x,3,7) = (4,B,G,C,D,E,F,H,I)

e Possible 3-opt move: delete three edges and add three edges
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e rotateRight(x,7,/): Two ways to rotate the subsequence between
indexes / and ; in permutation x one step to the right® 2

e x=(A,B,C,D,E,F,G,H,I)
e rotateRights(x,3,7) = (1,A,B,D,E,F,C,G,H)
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e For a candidate solution x and an index tuple (7, j), we have learned
that there are seven modification operations

o We always can compute f(x') in O(1):

Af = f(x') — f(x) = —cost(deleted edges) + cost(added edges)
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Neighborhoods Summary %\,

e For a candidate solution x and an index tuple (7, /), we have learned
that there are seven modification operations

¢ We always can compute f(x') in O(1):

e So if we choose one of these neighborhoods for our Tabu Search, we
can scan the neighborhood of a solution by testing all indices 7, 7 and
for each neighbor (which is in (’)(ng)) we get the corresponding tour
length /objective value basically for free. ..
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e Let us consider a Tabu Search method for the Traveling Salesman
Problem.
e We can choose one of the four discussed neighborhoods, or even
multiple neighborhoods.
o |dea 1:
e Tabu feature: edges
e Tabu criterion: adding a removed edge is not allowed.
o ldea 2:
e Tabu feature: indexes i, j
e Tabu criterion: using the same indexes ¢ and j again is not allowed
e |dea 3:
e Tabu feature: objective value




Tabu Search for the TSP §\

e Let us consider a Tabu Search method for the Traveling Salesman
Problem.
We can choose one of the four discussed neighborhoods, or even
multiple neighborhoods.
Idea 1:

e Tabu feature: edges

e Tabu criterion: adding a removed edge is not allowed.
Idea 2:

e Tabu feature: indexes i, j

e Tabu criterion: using the same indexes i and j again is not allowed
Idea 3:

e Tabu feature: objective value

e Tabu criterion: creating a tour with the same length as a previously

visited one is not allowed
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e Tabu criterion: using the same indexes i and j again is not allowed
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Tabu Search for the TSP §\

e Let us consider a Tabu Search method for the Traveling Salesman
Problem.

e We can choose one of the four discussed neighborhoods, or even
multiple neighborhoods.

o |dea 1:

e Tabu feature: edges
e Tabu criterion: adding a removed edge is not allowed.
o ldea 2:
e Tabu feature: indexes i, j
e Tabu criterion: using the same indexes i and j again is not allowed
e |dea 3:
e Tabu feature: objective value
e Tabu criterion: creating a tour with the same length as a previously
visited one is not allowed
¢ Many ideas are possible. ..
e Aspiration criterion: if the new tour would be a new best-so-far
solution, we will accept it even if it is tabu

Metaheuristic Optimization Thomas Weise 20/29
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e We have seen that it might happen that the Tabu Search finds no
acceptable solution to go to anymore.

e What can we do in this case?:

e Restart the algorithm at a new (random?) solution pc,, (while
remembering ppest, Oft course) = This is very harsh, as we throw
away a potentially good solution structure.

e Soft restart: Apply a modification to p,, which the current search
moves cannot do, i.e., move outside of the current neighborhood of

Peur Without throwing it away completely.
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e We have seen that it might happen that the Tabu Search finds no
acceptable solution to go to anymore.
e What can we do in this case?:

e Restart the algorithm at a new (random?) solution pc,, (while
remembering ppest, Oft course) = This is very harsh, as we throw
away a potentially good solution structure.

e Soft restart: Apply a modification to p,, which the current search
moves cannot do, i.e., move outside of the current neighborhood of
Peur Without throwing it away completely.

e This is a common method for local search, not just for Tabu Search.

e It can also be applied to Simulated Annealing, or to Hill Climbers if,
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What can we do in this case?:

e Restart the algorithm at a new (random?) solution pc,, (while
remembering ppest, Oft course) = This is very harsh, as we throw
away a potentially good solution structure.
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We have seen that it might happen that the Tabu Search finds no
acceptable solution to go to anymore.
What can we do in this case?:

e Restart the algorithm at a new (random?) solution pc,, (while
remembering ppest, Oft course) = This is very harsh, as we throw
away a potentially good solution structure.

e Soft restart: Apply a modification to p,, which the current search
moves cannot do, i.e., move outside of the current neighborhood of
Peur Without throwing it away completely.

This is a common method for local search, not just for Tabu Search.

It can also be applied to Simulated Annealing, or to Hill Climbers if,
e.g., they do not find improvements for several steps.

Such searches are called lterated Local Search (ILS) !

They have astonishingly great performance, and several of the best
application-specific optimization methods are based on them * %I,
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e Tabu Search is another highly efficient local search.

e |t is based on the concept of scanning complete neighborhoods and
avoiding to move in a cycle by declaring certain solution features as
“tabu”.

e The concept of search moves here is slightly different from the
algorithms we discussed before and will discuss afterwards, it is
centered around neighborhoods rather than single modifications.
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e Tabu Search is another highly efficient local search.

e |t is based on the concept of scanning complete neighborhoods and
avoiding to move in a cycle by declaring certain solution features as
“tabu”.

e The concept of search moves here is slightly different from the
algorithms we discussed before and will discuss afterwards, it is
centered around neighborhoods rather than single modifications.

e Tabu Search, Simulated Annealing, and many other local search
algorithms can be iterated by making stronger search moves or
restarting them altogether from time to time.

¢ We have also looked into two very well-known, classical problems
from operations research again, Maximum Satisfiability and the
Traveling Salesman Problem.
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