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Lecture Overview

Recap SLS

SLS variants
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Stochastic Local Search

Key Idea: combine greedily improving moves with
randomization

As wel | as I mproving ste
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Random steps: move to a random neighbor. 1%

Random restart: reassign random values to all g o
variables. ?

Always keep best solution found so far

Stop when
__7Solution is fouf¥ 5(4‘WW£M
Run out of time (return best solution so far)
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Runtime Distributions
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Lecture Overview

Recap SLS

SLS variants
Tabu lists
Simulated Annealing
Beam search
Genetic Algorithms
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Tabu lists

To avoid search to
Immediately going back to previously visited candidate
To prevent cycling

Maintain a tabu list of the(kJast nodes visited.
Don't visit a poss. world that is already on the tabu list.

Cost of this method dep
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Simulated Annealing
Keyidea:Change the degree

Annealing: a metallurgical process where metals
are hardened by being slowly cooled.

Analogy: start with a high ~‘temperature": a high
tendency to take random steps

Over time, cool down: more likely to follow the scoring
function

Temperature reduces over time, according to an
annealing schedule
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Simulated Annealing: algorithm

Here's how it works (for maximizing): h

(You are in node 1. Pick a variable at random and a
new value at random. You generate

If it is an improvement i.e., WG >)/I[t4§ - adopt it.

If it |snt an improvement, adopt it probabilistically
—> Jifference and a temperature

parameter, 7. \/) CAY% \,\@\3/ L W) - L@)QO
we move t@/vith probability ‘
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If it Isn't an improvement, adopt it probabilistically
depending on the difference and a temperature
parameter, /.

we move to 17’ with probabilityr(hm?'h(”)j?/i)
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Properties of simulated annealing search
A

One can prove: If 7 decreases slowly enough, then
simulated annealing search will find a global
optimum with probability approaching 1

Widely used in VLSI layout, airline scheduling, etc.
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Lecture Overview

Recap SLS

Population Based
V Beam search
V Genetic Algorithms
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Population Based SLS

Often we have more memory than the one required
for current node (+ best so far + tabu list)

Key Idea: maintain a population of & individuals
At every stage, update your population.
Whenever one individual is a solution, report it.

ety
All searches are independent @_:,@»
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Simplest strategy: Parallel Search W(s@
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