CS 581 AArtidice Detetigence

Instructor: Sofus A. Macskassy, macskass@usc.edu
TAS: Nadeesha Ranashinghe (nadeeshr@usc.edu)
William Yeoh (wyeoh@usc.edu)
Harris Chiu (chiciu@usc.edu)

Lectures: MW 5:00-6:20pm, OHE 122 / DEN
Office hours: By appointment
Class page:  hitp://www-rcf.usc.edu/~macskass/CS561-Spring2010/

This class will use http://www.uscden.net/ and class webpage
- Up to date information
- Lecture notes
- Relevant dates, links, etc.

Course material:
[AIMA] Artificial Intelligence: A Modern Approach,
by Stuart Russell and Peter Norvig. (2nd ed)
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PravioasslyioPEoblem-Salving

Problem solving:

B Goal formulation

B Problem formulation (states, operators)
B Search for solution

Problem formulation:
B Initial state

B Operators

B Goal test

B Path cost

Problem types:

B single state: accessible and deterministic environment

B multiple state: Inaccessible and deterministic environment

B contingency: inaccessible and nondeterministic environment
B exploration: unknown state -space
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Pr2viouslyn#imding asolution

Solution: is a sequence of operators that bring you from current state
to the goal state

Basic idea: offline, systematic exploration of simulated state -space by
generating successors of explored states (expanding)

Function General -Search( problem , strategy )returnsa solution , or failure
initialize the search tree using the initial state problem
loop do
if there are no candidates for expansion then return failure
choose a leaf node for expansion according to strategy

if the node contains a goal state then return the corresponding
solution

else expand the node and add resulting nodes to the search tree
end

Strategy: The search strategy is determined by the order in which
the nodes are expanded.
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Pravdousliyydvaluatiosnofh searchestrategies

A search strategy is defined by picking the order of node expansion.

Search algorithms are commonly evaluated according to the following
four criteria:
B Completeness: does it always find a solution if one exists?
B Time complexity: how long does it take as function of num. of nodes?
B Space complexity: how much memory does it require?
B Optimality: does it guarantee the least  -cost solution?

Time and space complexity are measured in terms of:
B b1 max branching factor of the search tree

Bd 1 depth ofthe least -cost solution

B m T max depth of the search tree (may be infinity)
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PravdouslyvniUimintorraedsearahestrategies

Use only information available in the problem
formulation

- Breadth -first

- Uniform -cost

- Depth -first

- Depth -limited

- Iterative deepening
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Nowhheeristiersearch [ATMA Ch. 4]

Informed search:

Use heuristics to guide the search

B Best first

BA*

B Heuristics

B Hill -climbing

B Simulated annealing
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Reviawt daéeeBe&arch

function TREE-SEARCH( problem, fringe) returns a solution, or failure
fringe < INSERT(MAKE-NODE(INITIAL-STATE[problem]), fringe)
loop do
if fringe is empty then return failure
node +— REMOVE-FRONT(fringe)
if GoaL-TEsT[problem] applied to STATE(node) succeeds return node
fringe < INSERTALL(EXPAND (node, problem), fringe)

A strategy is defined by picking the order of hode expansion
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Best-fisstsadrch

ldea: use an evaluation function for each node
Bestimateof ndesi rabi |l i1 tvyo

v Expand most desirable unexpanded node.

Implementation:
fringe is a queue sorted in decreasing order of

desirability

Special cases:
greedy search
A* search
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Gresgglgcsedrch

Evaluation function  h(n) (heuristic)
= estimate of cost from N to closest goal

For example:
Ne ,(N) = straight -line distance from N to Bucharest

Greedy search expands first the node that appears to be
closest to the goal, according to h(n).
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Prapéertes @k Ghe@cbySearch

Complete?
No T can get stuck in loops
e.g., lasi> Neamt >lasi> Neamt >
Complete in finite space with
repeated -state checking .

O(b™) but a good heuristic can give
dramatic improvement

O(b™) 7 keeps all nodes in memory

Optimal?
No.
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A*sgaahnch

CS561

ldea: avoid expanding paths that are already expensive

evaluation function:  f(n)= g(n) + h(n)
where:
g(n) T costsofartoreach n
h(n) T estimated cost to goal from n
f(n) T estimated total cost of path through n to goal

A* search uses an admissible heuristic, that is,
h(n) ¢ h*(n) where h*(n) isthe true costfrom n.

For example: N, (N) never overestimates actual road
distance.

Theorem: A* search is optimal
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A*SSeahdv@xpmple
A >

447=118+329
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Optiraajioy of A {stamdaid proof)

Suppose some suboptimal goal G, has been generated and is in the queue.

Let N be an unexpanded node on a shortest path to an optimal goal G,;.
Start

D N

since h(Gy) =0
since (79 1s suboptimal
since N is admissible
Since f(G2) > f(n), A" will never select (=, for expansion
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Optiraalioy Aof(Ad g nsoire use@ful proof)

Lemma: A* expands nodes in order of increasing f value®

Gradually adds " f-contours” of nodes (cf. breadth-first adds layers)
Contour ¢ has all nodes with f = f;, where f; < f;1,
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f-contours

~+-..... How do the contours look like when h(n) =0?

LLEF I e -
L]
L

~
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Praperbies Of A*

- Complete?
Yes, unless there are infinitely many nodes with f¢ef(G)
- Time ?
Exponential in [relative error in h x length of soln.]
. Space?

Keeps all nodes in memory.

- Optimal ?
Yes i cannot expand f;,, until f; is finished.
A* expands all nodes with f(n)< C*

A* expands some nodes with f(n) = C*
A* expands no nodes with f(n) > C*
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PraxbdbOioélemma: pathkax

For some admissible heuristics, f may decrease along a path

E.g., suppose n' is a successor of n

n g=5 h=4 =9

n’ g'=6 h'=2 f=8

But this throws away information!
f(n) =9 = true cost of a path through n is > 9
Hence true cost of a path through n' is > 9 also

Pathmax modification to A*;
Instead of f(n') = g(n’) + h(n'), use f(n') = max(g(n') + h(n'), f(n))

With pathmax, f is always nondecreasing along any path
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Pramd Oioé lemmaiscoersistency

A heuristic is consistent if
hin) < c(n,a,n’)+ hin')
If /2 is consistent, we have

f(n') = g(n') + h(n')
g(n)+cln,a,n’)+ h(n')

(n
g(n) + h(n)
(n

f(n)

l.e., f(n) is nondecreasing along any path.
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Adnbssibhe hietndstics

E.g., for the 8-puzzle:

hi(n) = number of misplaced tiles
ha(n) = total Manhattan distance
(i.e., no. of squares from desired location of each tile)

7 2 4 1 2 3

5 6 4 5 6

8 3 1 7 8

Start State

hi(S) =776
[2(5) =77 440+43+3+1+0+2+1 = 14
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Domiaasce

CS561

- Lecture 05

If ho(n) = hi(n) for all n (both admissible)

then /1o dominates /i1 and is better for search

Typical search costs:

d =14 |IDS = 3,473,941 nodes
A*(hy) = 539 nodes

A*(hz) = 113 nodes

d =24 |IDS =~ 54,000,000,000 nodes
A*(hl) = 39,135 nodes
A*(hg) = 1,641 nodes

Given any admissible heuristics /1, 5y,
h(n) = max(hy(n), hy(n))

is also admissible and dominates /., /i
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Retaxe@ Preblems

- Admissible heuristics can be derived from the exact
solution cost of a  relaxed version of the problem.

If the rules of the 8  -puzzle are relaxed so that a tile can
move anywhere ,then h,(Nn) gives the shortest solution.

If the rules are relaxed so that a tile can move to any
adjacent square ,then h,(n) gives the shortest solution.

Key point: the optimal solution cost of a relaxed
problem is no greater than the optimal solution cost of
the real problem
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Relaxas problemisq contdd) s

Well-known example: travelling salesperson problem (TSP)
Find the shortest tour visiting all cities exactly once

Minimum spanning tree can be computed in (1)
and is a lower bound on the shortest (open) tour
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V4

Sofar..ar e

Heuristic functions estimate costs of shortest paths
Good heuristics can dramatically reduce search cost

Greedy best -first search expands lowest h
Bincomplete and not always optimal

- A* search expands lowest g+ h

Bcomplete and optimal
Balso optimally efficient (up to tie -breaks, for forward search)

- Admissible heuristics can be derived from exact solution
of relaxed problems
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&. letsicanginuweo nt | nue

- Hill -climbing

- Simulated annealing

. Genetic algorithms (briefly)

- Local search in continuous spaces (very briefly)
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terativenmpreavement

- In many optimization problems, path Is irrelevant;
the goal state itself is the solution.

- Then, state spaccemnp=te epace 0
configurations.
Algorithm goal:
- find optimal configuration (e.g., TSP), or,
- find configuration satisfying constraints
(e.g., n -gueens)

- In such cases, can use iterative improvement
algorithms . keep acsrenhgl €t &t e, a

to improve it.
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terativepmpreveaienplexample:
Traeeinsplsajespersoncproblem

Start with any complete tour, perform pairwise exchanges

Variants of this approach get within 1% of optimal very
quickly with thousands of cities
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teatavepmpreveaienplexample: n-
queesens

Goal: Put n chess-game queensonan n x n board, with no two
gueens on the same row, column, or diagonal.

A Here, goal state is initially unknown but is specified by
constraints that it must satisfy.

Move a queen to reduce number of conflicts

= =

Almost always solves  n-gueens problems almost instantaneously
for very large n, e.g., n =1 million
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Hilkloliionvlyi oy dred gradgientcescent /descent)

| terativel yvamaxionfi zeumr ent st at e,
by successor state that has highest value, as long as possible.

“Like climbing Everest in thick fog with amnesia”

function HILL-CLIMBING( problem) returns a state that is a local maximum
inputs: problem, a problem
local variables: current, a node
neighbor, a node

current < MAKE-NODE(INITIAL-STATE[problem])

loop do
neighbor+<— a highest-valued successor of current
if VALUE[neighbor] < VALUE[current] then return STATE[current]
current «— neighbor

end
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Hilclolionbing

Note: minimizing a Avalueo
equivalent to maximizing i v(n),

thus both notions are used interchangeably.

Not I onmextrenhizaton o : fektrerda (minima or
maxima) of a value function.
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Hilclolionbing

Useful to consider state space landscape

uhjecti\‘e function lobal maximum

Problem: depending on initial state,
may get stuck in local extremum

shoulder

local maximum
"flat" local maximum

»state space
current

state
Random-restart hill climbing overcomes local maxima—trivially complete

Random sideways moves @escape from shoulders @lDDp on flat maxima
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Mimimiziregsenergy

Let 6s now change the formul at.

so that we can employ new formalism:

-l et 6s compare our state space
system that is subject to natural interactions,

-and | etdos compare our value f
potential energy E of the system.

Basin of

-

On every updating, Attraction for C
we have DE ¢ 0
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Mimimiziregsenergy

- Hence the dynamics of the system tend to move E
toward a minimum.

- We stress that there may be different such states
0 they are local minima. Global minimization is

not guaranteed.

Basin of

-
Attraction for C
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Loza VMinenvacPieoblem

- Question: How do you avoid this local
minimum?

barrier to local search

starting — 5 / |

point

descend

direction /

local minimum

f

- global minimum
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Comseqaencestod thecOacasiotealsAscents

desired effect

W
adverse effect
(easy to avoid by
keeping track of

best-ever state)
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Boitzanmmachines

The Bolizmann Machine  of
Hinton, Sejnowski , and Ackley (1984) C
uses simulated annealing  to escape local minima.

To motivate their solution, consider how one might get a ball-bearing
traveling along the curve to "probably end up" in the deepest minimum.
The idea is to shake the box "about h hard" & then the ball is more

likely to go from D to C than from C to D. So, on average, the ball
should end up in C's valley.
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Simitatiexdh araheabngc basic idea

- From current state, pick a random successor
state;

- If It has better value than current state, then
ARaccept the transition,o
as current state:

. Otherwise, do not give up, but instead flip a coin
and accept the transition with a given probability
(that is lower as the successor is worse).

- S0 we accept to sogpmdatmimeso it
function a little with a non -zero probability.

CS561 - Lecture 05 -06 - Macskassy - Spring 2010




Boltzmannas istatistical theedry ©of gases |

In the statistical theory of gases, the gas is described
not by a deterministic dynamics, but rather by the
probability that it will be in different states.

- The 19th century physicist Ludwig Boltzmann
developed a theory that included a probability
distribution of temperature (i.e., every small region of
the gas had the same kinetic energy).

- Hinton, Sejnowski and Ackl eyo0s 1 dea was
distribution might also be used to describe neural
Interactions, where low temperature T is replaced by
a small noise term T (the neural analog of random
thermal motion of molecules). While their results
primarily concern optimization using neural networks,
the idea is more general.
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Boitzmarmsdistrabution

- At thermal equilibrium at temperature T, the
Boltzmann distribution gives the relative

probability that the system will occupy state A vs.
state B as:

o]

a E(A)- E(B)g: expE(B)/T)
C T ~ expE(A/T)

- where E(A) and E(B) are the energies associated
with states A and B.
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Simidatedh @aahealing
Kirkpatrick et al. 1983:

Simulated annealing is a general method for making
likely the escape from local minima by allowing jumps
to higher energy states.

- The analogy here is with the process of annealing used

by a craftsman in forging a sword from an alloy

He heats the metal, then slowly cools it as he hammers

the blade into shape.

BIf he cools the blade too quickly the metal will form patches
of different composition;

BIf the metal is cooled slowly while it is shaped, the
constituent metals will form a uniform alloy.
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Rex@ lkbamnsseading:

S WD !'d

He heats the metal, then
slowly cools it as he
hammers the blade into

shape.

If he cools the blade too
qguickly the metal will form
patches of different
composition;

If the metal is cooled slowly
while it is shaped, the
constituent metals will form a
uniform alloy.




Simidatexh aaahealimgaoncpractice

- setT

- optimize for given T

- lower T (see Geman & Geman, 1984)
- repeat
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Simidatexh aganealipgoncpractice

MDSA slow ¢ool
Set T will jump barrier

energy min
optimize for "o\ |

given T
lower T

re pea’[ "conformational space” “conformational space”

MDSA heat

‘ll*llll‘llllIIIIIIIIIIIIIIIII> MDSA resvit

_ _ "conformational space” "conformational space"
MDSA: Molecular Dynamics Simulated Annealing
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Simitatiexh aaanealimgaoncpractice

- setT

- optimize for given T
lower T (see Geman & Geman, 1984)
repeat

- Geman & Geman (1984). if T is lowered sufficiently
slowly (with respect to the number of iterations used

to optimize at a given T), simulated annealing Is
guaranteed to find the global minimum.

Caveat: this algorithm has no end ( Geman & Ge man 0s
T decrease schedule is in the 1/log of the number of

iterations, so, T will never reach zero), so it may take

an infinite amount of time for it to find the global

minimum.

CS561 - Lecture 05 -06 - Macskassy - Spring 2010




Simulated annealing algorithm

ldea: Escape local exttema by all owing Abuad mo
gradually decrease their size and frequency.

Note: goal here is to
maximize E.



