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INTRODUCTION




INTELLIGENT AGENTS

function TABLE-DRIVEN-AGENT( percept) returns anaction
static: percepts, asequencepitially empty
table, atableof actions,ndexedby perceptsequencesnitially fully specified
appendpercept to theendof percepts

action < LOOKUP( percepts, table)
return action

Figure2.8

function REFLEX-VACUUM-AGENT([location,status]) returnsanaction

if status = Dirty thenreturn Suck
elseif location = A thenreturn Right
elseif location = B thenreturn Left

Figure2.10

function SIMPLE-REFLEX-AGENT( percept) returns anaction
static: rules, asetof condition—actiorrules

state < INTERPRET-INPUT( percept)
rule < RULE-MATCH(state, rules)
action < RULE-ACTION[rule]
return action

Figure2.13




function REFLEX-AGENT-WITH-STATE( percept) returnsanaction
static: state, adescriptionof the currentworld state
rules, asetof condition—actiorrules
action, themostrecentaction,initially none

state < UPDATE-STATE(state, action, percept)
rule <+ RULE-MATCH(state, rules)

action < RULE-ACTION[rule]

return action

Figure2.16




SOLVING PROBLEMSBY
SEARCHING

function SIMPLE-PROBLEM-SOLVING-AGENT( percept) returnsanaction
inputs: percept, apercept
static: seq, anactionsequenceinitially empty
state, somedescriptionof the currentworld state
goal, agoal,initially null
problem, aproblemformulation

state < UPDATE-STATE(state, percept)

if seq is emptythen do
goal + FORMULATE-GOAL(state)
problem < FORMULATE-PROBLEM(state, goal)
seq < SEARCH( problem)

action < FIRST(seq)

seq < REST(seq)

return action

Figure 3.2

function TREE-SEARCH( problem, strategy) returns asolution,or failure
initialize the searchtreeusingtheinitial stateof problem
loop do
if thereareno candidatesor expansionthen return failure
choosealeaf nodefor expansionaccordingto strategy
if thenodecontainsa goalstatethen return thecorrespondingolution
elseexpandthenodeandaddtheresultingnodeso the searcttree

Figure 3.9




function TREE-SEARCH( problem, fringe) returns asolution,or failure

fringe < INSERT(MAKE-NODE(INITIAL-STATE[ problem)), fringe)
loop do
if EMPTY 2 fringe) thenreturn failure
node + REMOVE-FIRST( fringe)
if GOAL-TEST[ problem] appliedto STATE[node] succeeds
then return SOLUTION(node)
fringe < INSERT-ALL(EXPAND(node, problem), fringe)

function EXPAND(node, problem) returns asetof nodes

successors < theemptyset
for each{action, result) in SUCCESSOR-FN[ problem](STATE[node]) do
s <—anen NODE
STATE[ s] + result
PARENT-NODE[s] < node
ACTION[s] < action
PATH-COST[ s] +— PATH-COST[node] + STEP-COST(node, action, s)
DEPTH[s] < DEPTH[node] + 1
adds to successors
return successors

Figure3.12

function DEPTH-LIMITED-SEARCH( problem, limit) returns asolution,or failure/cutof
return RECURSIVE-DLS(MAKE-NODE(INITIAL-STATE[ problem]), problem, limit)

function RECURSIVE-DL S(node, problem, limit) returns asolution,or failure/cutof
cutoff-occurred? < false
if GOAL-TEST[ problem](STATE[node]) then return SOLUTION(node)
elseif DEPTH[node] = limit thenreturn cutoff
elsefor eachsuccessor in EXPAND(node, problem) do
result < RECURSIVE-DL S(successor, problem, limit)
if result = cutoff then cutoff_-occurred? < true
elseif result # failure thenreturn result
if cutoff-occurred? thenreturn cutoff elsereturn failure

Figure3.17




Chapter 3. Solving Problemdby Searching

function I TERATIVE-DEEPENING-SEARCH( problem) returns asolution,or failure
inputs: problem, aproblem

for depth «+ 0to oo do
result <~ DEPTH-LIMITED-SEARCH(problem, depth)
if result # cutoff then return result

Figure3.19

function GRAPH-SEARCH( problem, fringe) returns asolution,or failure

closed + anemptyset
fringe < INSERT(MAKE-NODE(INITIAL-STATE[ problem])), fringe)
loop do
if EMPTY 2 fringe) then return failure
node < REMOVE-FIRST( fringe)
if GOAL-TEST[ problem](STATE[node]) thenreturn SOLUTION(node)
if STATE[node] is notin closed then
addSTATE[node] to closed
fringe < INSERT-ALL(EXPAND(node, problem), fringe)

Figure 3.25




INFORMED SEARCHAND
EXPLORATION

function RECURSIVE-BEST-FIRST-SEARCH( problem) returns asolution,or failure
RBFS(problem, MAKE-NODE(INITIAL-STATE[ problem]), oo)

function RBFS(problem, node, f-limit) returns asolution,or failureandanew f-costlimit
if GOAL-TEST[ problem](state) thenreturn node
successors < EXPAND(node, problem)
if successors is emptythen return failure, oo
for eachs in successors do
f[s] = max(g(s) + h(s), f[node])
repeat
best + thelowest f-valuenodein successors
if flbest] > f.limit thenreturn failure, f[best]
alternative < the second-lavest f-valueamongsuccessors
result, f[best] «+— RBFS(problem, best, min( f_limit, alternative))
if result # failure thenreturn result

Figure 4.6

function HiLL-CLIMBING(problem) returns a statethatis alocal maximum
inputs: problem, aproblem
local variables: current, anode
neighbor, anode

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

loop do
neighbor < ahighest-aluedsuccessoof current
if VALUE[neighbor]< VALUE[current]then return STATE[ current]
current < neighbor

Figure4.13




Chapter 4. InformedSearchandExploration

function SIMULATED-ANNEALING( problem, schedule) returns a solutionstate
inputs: problem, aproblem
schedule, amappingfrom time to “temperature”
local variables: current, anode
next, anode
T, a“temperaturecontrollingthe probability of downwardsteps

current < MAKE-NODE(INITIAL-STATE[ problem])
for t+ 1to oo do
T < schedule[t]
if T =0thenreturn current
next < arandomlyselectedsuccessoof current
AE < VALUE[next] — VALUE[ current]
if AE > 0then current < next

elsecurrent < nezt only with probability e #/T

Figure4.17

function GENETIC-ALGORITHM( population, FITNESS-FN) returns anindividual
inputs: population, asetof individuals
FITNESS-FN, afunctionthatmeasureshefitnessof anindividual

repeat
new _population < emptyset
loop for 4 from 1 to SizE( population) do
z + RANDOM-SELECTION( population, FITNESS-FN)
y < RANDOM-SELECTION( population, FITNESS-FN)
child <+ REPRODUCE(z, y)
if (smallrandomprobability)then child « MUTATE(child)
addchild to new_population
population < new _population
until someindividualis fit enoughor enoughtime haselapsed
return thebestindividualin population, accordingto FITNESS-FN

function REPRODUCE(z, y) returns anindividual
inputs: z, y, parentindividuals

n < LENGTH(z)
¢ +randomnumberfrom 1 to n
return APPEND(SUBSTRING(z, 1, ¢), SUBSTRING(y, ¢ + 1, n))

Figure4.21




function ONLINE-DFS-AGENT(s’) returns anaction
inputs: s', apercepthatidentifiesthe currentstate
static: result, atable,indexedby actionandstate,initially empty
unezxplored, atablethatlists, for eachvisited state theactionsnotyettried
unbacktracked, atablethatlists, for eachvisited state the backtrackshotyettried
s, a, thepreviousstateandaction,initially null

if GOAL-TEST(s') thenreturn stop
if s’ is anew statethen unezplored[s’] < ACTIONS(s')
if s isnotnull then do
result[a, s] < s’
adds to thefront of unbacktracked[s']
if unexplored[s'] is emptythen
if unbacktracked[s'] is emptythen return stop
elsea < anactionb suchthatresult[b, s'] = PoP(unbacktracked[s'])
elsea < PoP(unezplored[s'])
s+ s
return a

Figure 4.25

function LRTA*-AGENT(s') returnsanaction
inputs: s’, apercepthatidentifiesthe currentstate
static: result, atable,indexedby actionandstate,initially empty
H, atableof costestimatesndexedby state,initially empty
s, a, thepreviousstateandaction,initially null

if GOAL-TEST(s') then return stop
if s’ isanew state(notin H) then H[s'] < h(s")
unlesss is null

result[a, s] < s’

H[s]+ min LRTA*-CosT(s,b,result[b,s], H)
be ACTIONS(s)

a < anactiond in AcTIONS(s') thatminimizesL RTA*-CosT(s’, b, result[b, s'], H)
s+ s'
return a

function LRTA*-CosT(s, a, s’, H) returns acostestimate
if s’ isundefinedhenreturn h(s)
elsereturn c(s,a,s') + HJ[s']

Figure4.29




CONSTRAINT
SATISFACTION
PROBLEMS

function BACKTRACKING-SEARCH(esp) returns asolution,or failure
return RECURSIVE-BACKTRACKING({ }, csp)

function RECURSIVE-BACKTRACKING(assignment, csp) returns asolution,or failure
if assignment is completethenreturn assignment
var < SELECT-UNASSIGNED-VARIABLE(VARIABLES] csp], assignment, csp)
for eachwvalue in ORDER-DOMAIN-VALUES(var, assignment, csp) do
if value is consistentvith assignment accordingto CONSTRAINTY csp] then
add{var = value} to assignment
result < RECURSIVE-BACKTRACKING(assignment, csp)
if result # failure thenreturn result
remove {var = value} from assignment
return failure

Figure5.4
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function AC-3(csp) returnsthe CSR possiblywith reduceddomains
inputs: csp, abinary CSPwith variables{ X1, X, ..., X,}
local variables: queue, aqueueof arcs,initially all thearcsin csp

while queue is notemptydo
(X;, X;) < REMOVE-FIRST(queue)
if REMOVE-INCONSISTENT-VALUES(X;, X;) then
for each X% in NEIGHBORS[ X;;] do
add(X, X;) to queue

function REMOVE-INCONSISTENT-VALUES( X;, X;) returnstrueiff weremove avalue
removed < false
for eachz in DOMAIN[X;] do
if novaluey in DOMAIN[X;] allows (z,y) to satisfythe constraintbetweenX; and X;
then deletez from DOMAIN[ X;]; removed < true
return removed

Figure5.9

function MIN-CONFLICTS(¢csp, maz_steps) returnsasolutionor failure
inputs: csp, aconstraintsatishctionproblem
maz_steps, thenumberof stepsallowedbeforegiving up

current < aninitial completeassignmentor csp
for 4 = 1to maz_steps do
if current is asolutionfor csp thenreturn current
var < arandomlychosenconflictedvariablefrom VARIABLES ¢sp]
value < thevalue v for var thatminimizesCoNFLICTS(var, v, current, csp)
setvar = value in current
return failure

Figure5.11




ADVERSARIAL SEARCH

function MINIMAX-DECISION(state) returns an action
inputs: state, currentstatein game

v < MAX-VALUE(state)
return the action in SUCCESSORS(state) with valuewv

function MAX-VALUE(state) returns a utility value
if TERMINAL-TEST(state) thenreturn UTILITY(state)
V4 —0
for a, s in SUCCESSORS(state) do
v < MAX(V, MIN-VALUE(s))
return v

function MIN-VALUE(state) returns a utility value
if TERMINAL-TEST(state) thenreturn UTILITY(state)
V0
for a, sin SUCCESSORS(state) do
v < MIN(V, MAX-VALUE(s))
return v

Figure6.4
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function ALPHA-BETA-SEARCH(state) returnsanaction
inputs: state, currentstatein game

v + MAX-VALUE(state, —00, +00)
return the action in SUCCESSORS(state) with valuewv

function MAX-VALUE(state, o, B) returns a utility value
inputs: state, currentstatein game
a, thevalueof thebestalternatve for MAX alongthe pathto state
3, thevalueof the bestalternatve for miN alongthepathto state

if TERMINAL-TEST(state) thenreturn UTILITY(state)
V< —00
for a, s in SUCCESSORS(state) do
v < MAX(V, MIN-VALUE(s, o, 3))
if v > Bthenreturn v
a <+ MAX(a, V)
return v

function MIN-VALUE(state, r, B) returns a utility value
inputs: state, currentstatein game
a, thevalueof thebestalternatve for MAX alongthe pathto state
3, thevalueof the bestalternatve for MmIN alongthe pathto state

if TERMINAL-TEST(state) thenreturn UTILITY(state)
V< +00
for a, s in SUCCESSORS(state) do

v < MIN(V, MAX-VALUE(s, o, 8))

if v < athenreturn v

B+ MIN(B, V)

return v

Figure 6.9




LOGICAL AGENTS

function KB-AGENT( percept) returns anaction
static: KB, aknowledgebase
t, acounterinitially 0, indicatingtime

TELL(KB, MAKE-PERCEPT-SENTENCE( percept, t))
action < ASK(KB, MAKE-ACTION-QUERY(%))
TELL(KB, MAKE-ACTION-SENTENCE(action, t))
t+—t+1

return action

Figure7.2

function TT-ENTAILSA KB, a) returns true or false
inputs: KB, theknowledgebasea sentencén propositionalogic
a, thequery asentencén propositionalogic

symbols + alist of the propositionsymbolsin KB anda
return TT-CHECK-ALL(KB, «, symbols,[])

function TT-CHECK-ALL(KB, o, symbols, model) returns true or false
if EMPTY ?(symbols) then
if PL-TRUE?(KB, model) thenreturn PL-TRUE?(«, model)
elsereturn true
elsedo
P < FIRST(symbols); rest < REST(symbols)
return TT-CHECK-ALL(KB, o, rest, EXTEND(P, true, model) and
TT-CHECK-ALL(KB, o, rest, EXTEND(P, false, model)

Figure7.12
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function PL-RESOLUTION(K B, &) returns true or false
inputs: KB, theknowledgebase asentencén propositionalogic
a, thequery asentencén propositionalogic

clauses « the setof clausesn the CNF representatioof KB A -«
new < { }
loop do
for eachC;, C; in clauses do
resolvents < PL-RESOLVE(C;, Cj)
if resolvents containsthe emptyclausethenreturn true
new < new U resolvents
if new C clauses thenreturn false
clauses + clauses U new

Figure7.15

function PL-FC-ENTAILSX KB, q) returns true or false
inputs: KB, theknowledgebase asetof propositionaHorn clauses
g, thequery apropositionsymbol
local variables: count, atable,indexedby clausejnitially thenumberof premises
inferred, atable,indexedby symbol,eachentryinitially false
agenda, alist of symbols,initially the symbolsknown to betruein KB

while agenda is notemptydo
p < PoP(agenda)
unlessinferred[p] do
inferred[p] < true
for eachHorn clausec in whosepremisep appearsio
decrementount[c]
if count[c] =0thendo
if HEAD[c] = q thenreturn true
PusH(HEADIc], agenda)
return false

Figure7.18
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Chapter 7. Logical Agents

function DPLL-SATISFIABLE?X(s) returns true or false
inputs: s, asentencen propositionalogic

clauses + the setof clausesn the CNF representatioof s
symbols « alist of the propositionsymbolsin s
return DPLL(clauses, symbols, [])

function DPLL(clauses, symbols, model) returns true or false

if every clausen clauses is truein model then return true
if someclausein clauses is falsein model thenreturn false
P, value < FIND-PURE-SYMBOL(symbols, clauses, model)
if P isnon-nullthenreturn DPLL (clauses, symbols — P,EXTEND(P, value, model)
P, value < FIND-UNIT-CLAUSE(clauses, model)
if P isnon-nullthenreturn DPLL (clauses, symbols — P, EXTEND(P, value, model)
P < FIRST(symbols); rest <+ REST(symbols)
return DPLL (clauses, rest, EXTEND(P, true, model)) or
DPLL (clauses, rest, EXTEND(P, false, model))

Figure7.21

function WALK SAT(clauses, p, maz _flips) returns a satisfyingmodelor failure
inputs: clauses, asetof clausesn propositionalogic
p, the probability of choosingto do a“randomwalk” move, typically around0.5
maz _flips, numberof flips allowedbeforegiving up

model < arandomassignmenof true/false to thesymbolsin clauses
for i = 1to maz_flips do
if model satisfiesclauses then return model
clause « arandomlyselectedtlausefrom clauses thatis falsein model
with probability p flip thevaluein model of arandomlyselectedsymbolfrom clause
elseflip whichever symbolin clause maximizeshe numberof satisfiedclauses
return failure

Figure7.23
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function PL-WUMPUS-AGENT( percept) returns an action
inputs: percept, alist, [stench,breeze,glitter]
static: KB, aknowledgebasejnitially containingthe “physics” of thewumpusworld
z, ¥, orientation, theagents position(initially 1,1)andorientation(initially right)
visited, anarrayindicatingwhich squarehiave beenvisited,initially false
action, theagents mostrecentaction,initially null
plan, anactionsequencdpitially empty

updatez,y,orientation, visited basedn action

if stench then TELL(KB, Sz,y) €lseTELL(KB,— Sz,y)

if breeze then TELL(KB, By,y) elSeTELL(KB, — Ba,y)

if glitter then action < grab

elseif plan is nonemptythenaction <+ POP(plan)

elseif for somefringe squardi,j], ASK(KB, (= P;i; A = W; ;)) is true or

for somefringe squardi,j], ASK(KB, (P;,; V Wi, ;)) is false then do

plan + A*-GRAPH-SEARCH(ROUTE-PROBLEM([z,y], orientation,[i,j], visited))
action < PoP(plan)

elseaction < arandomlychosermove

return action

Figure7.26
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FIRSTORDERLOGIC
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INFERENCEIN
FIRSTFTORDERLOGIC

function UNIFY(z, ¥, 6) returns asubstitutionto make z andy identical
inputs: z, avariable,constantlist, or compound
y, avariable,constantlist, or compound
0, the substitutionbuilt up sofar (optional,defaultsto empty)

if @ = failurethen return failure
elseif z = y thenreturn 0
elseif VARIABLE?(z) thenreturn UNIFY-VAR(z, y,6)
elseif VARIABLE?(y) thenreturn UNIFY-VAR(y, z, 6)
elseif ComPOUND?(z) and COMPOUND?(y) then
return UNIFY(ARGS[z], ARGS[y], UNIFY(OP[z], OP[y], 8))
elseif L1sT?(z) and L1ST?(y) then
return UNIFY(REST[z], REST[y], UNIFY (FIRST[z], FIRST[y], ))
elsereturn failure

function UNIFY-VAR(var, z,0) returns asubstitution
inputs: var, avariable
z, ary expression
0, the substitutionbuilt up sofar

if {var/val} € 6thenreturn UNIFY(val,z,0)
elseif {x/val} € 0 thenreturn UNIFY(var, val,6)
elseif OCCUR-CHECK Awar, z) thenreturn failure
elsereturn add{var/z} to 8

Figure9.2
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Chapter 9. Inferencein First-OrderLogic

function FOL-FC-Ask(KB, a) returns asubstitutioror false
inputs: KB, theknowledgebase a setof first-orderdefiniteclauses
a, thequery anatomicsentence
local variables: new, thenew sentencemferredon eachiteration

repeatuntil new is empty
new < { }
for eachsentencer in KB do
(p1A...A pn = q) <+ STANDARDIZE-APART(T)
for eachd suchthatSuBsT(#,p1 A ... A p,)=SUBST(0,py A ... A p})
for somepi, ..., p, in KB
q' + SuBsT(d, q)
if ¢’ is notarenamingof somesentencalreadyin KB or new then do
addq’ to new
¢+ UNIFY(¢', @)
if ¢ is not fail thenreturn ¢
addnew to KB
return false

Figure9.5

function FOL-BC-ASK(KB, goals, 6) returns a setof substitutions
inputs: KB, aknowledgebase
goals, alist of conjunctsforming a query(6 alreadyapplied)
0, thecurrentsubstitutionjnitially theemptysubstitution{ }
local variables. answers, asetof substitutionsinitially empty

if goals is emptythenreturn {6}
q' + SuBsT(#, FIRST(goals))
for eachsentence in KB whereSTANDARDIZE-APART(7) = (p1 A ... A pn = q)
and@’ < UNIFY(q, ¢") succeeds
new_goals < [p1, ..., pn|REST(goals)]
answers < FOL-BC-Ask(KB, new_goals, COMPOSE(#’,0)) U answers
return answers

Figure9.9

procedure APPEND(az, ¥, az, continuation)

trail < GLOBAL-TRAIL-POINTER()

if az =[] andUNIFY(y, az) then CALL(continuation)

RESET-TRAIL(trail)

a + NEW-VARIABLE();  + NEW-VARIABLE(); z < NEW-VARIABLE()

if UNIFY(az,[a — z]) andUNIFY(az,[a — 2]) then APPEND(z, v, z, continuation)

Figure9.12
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procedure OTTER(sos, usable)
inputs: sos, asetof support—clausedefiningthe problem(a globalvariable)
usable, backgroundnowledgepotentiallyrelevantto the problem

repeat
clause— thelightestmemberof sos
move clause from sos to usable
PROCESS(INFER(clause, usable), sos)
until sos =[] or arefutationhasbeenfound

function INFER(clause, usable) returns clauses

resohe clause with eachmemberof usable
return theresultingclausesafterapplyingFILTER

procedure PROCESS(clauses, s0s)

for eachclause in clauses do
clause < SIMPLIFY (clause)
megeidenticalliterals
discardclausef it is atautology
s0s + [clause — so0s]
if clause hasno literalsthen arefutationhasbeenfound
if clause hasoneliteral then look for unit refutation

Figure9.19
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1 PLANNING

Init(At(C1, SFO) A At(Ca, JFK) A At(P1, SFO) A At(Ps, JFK)
A Cargo(C1) A Cargo(Cz2) A Plane(Py) A Plane(P;)
A Airport(JFK) A Airport(SFO))
Goal(At(C1, JFK) A At(C2, SFO))
Action(Load(c, p, a),
PRECOND: At(c, a) A At(p, a) A Cargo(c) A Plane(p) N Airport(a)
EFFECT: = At(c, a) A In(c, p))
Action(Unload(c, p, a),
PRECOND: In(c, p) A At(p, a) A Cargo(c) A Plane(p) A Airport(a)
EFFeCT: At(c, a) A — In(c, p))
Action(Fly(p, from, to),
PRECOND: At(p, from) A Plane(p) A Airport(from) A Airport(to)
EFFECT: = At(p, from) N At(p, to))

Figure11.3
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Chapter 11.

Planning

Init(At(Flat, Azle) N At(Spare, Trunk))
Goal(At(Spare, Azle))
Action(Remove(Spare, Trunk),

PRECOND: At(Spare, Trunk)

EFFeCT: = At(Spare, Trunk) A At(Spare, Ground))
Action(Remove(Flat, Azle),

PRECOND: At(Flat, Azle)

EFFECT: = At(Flat, Azle) N At(Flat, Ground))
Action(PutOn(Spare, Azle),

PRECOND: At(Spare, Ground) A — At(Flat, Azle)

EFFECT: — At(Spare, Ground) A At(Spare, Azle))
Action(Leave Overnight,

PRECOND:

EFFeCT: = At(Spare, Ground) A — At(Spare, Azle) N — At(Spare, Trunk)

A = At(Flat, Ground) N — At(Flat, Azle))

Figure11.5

Init(On(A, Table) A On(B, Table) A On(C, Table)
A Block(A) N Block(B) A Block(C)
A Clear(A) A Clear(B) A Clear(C))
Goal(On(A,B) A On(B, C))
Action(Move(b, z, y),
PRECOND: On(b,z) A Clear(b) A Clear(y) A Block(b) A
(b#z)A@Fy A(x#y),
EFFeCT: On(b,y) A Clear(z) A = On(b,z) A — Clear(y))
Action(MoveToTable(b, ),
PRECOND: On(b,z) A Clear(b) A Block(b) N (b # z),
EFFECT: On(b, Table) A Clear(z) A — On(b,z))

Figure11.7
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Init(At(Flat, Azle) N At(Spare, Trunk))
Goal(At(Spare, Azle))
Action(Remove(Spare, Trunk),

PRECOND: At(Spare, Trunk)

EFFeCT: = At(Spare, Trunk) A At(Spare, Ground))
Action(Remove(Flat, Azle),

PRECOND: At(Flat, Azle)

EFFECT: = At(Flat, Azle) N At(Flat, Ground))
Action(PutOn(Spare, Azle),

PRECOND: At(Spare, Ground) A — At(Flat, Azle)

EFFECT: = At(Spare, Ground) A At(Spare, Azle))
Action(LeaveOvernight,

PRECOND:

EFFECT: = At(Spare, Ground) A — At(Spare, Azle) N — At(Spare, Trunk)

A = At(Flat, Ground) N — At(Flat, Azle))

Figure11.11

Init(Have(Cake))
Goal(Have(Cake) N Eaten(Cake))
Action(Eat(Cake)

PRECOND: Have(Cake)

EFFECT: = Have(Cake) A Eaten(Cake))
Action(Bake(Cake)

PRECOND: = Have(Cake)

EFFECT: Have(Cake)

Figure11.16

function GRAPHPLAN( problem) returns solutionor failure

graph < INITIAL-PLANNING-GRAPH( problem)
goals < GOALS[ problem]
loop do
if goals all non-mute in lastlevel of graph then do
solution < EXTRACT-SOLUTION(graph, goals, LENGTH(graph))
if solution # failure thenreturn solution
elseif NO-SOLUTION-POSSIBLE(graph) then return failure
graph < EXPAND-GRAPH(graph, problem)

Figure11.19
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Chapter 11.

Planning

function SATPLAN(problem, T max) returnssolutionor failure
inputs: problem, aplanningproblem
T max, anupperlimit for planlength

for T =0t0 T max do
enf, mapping < TRANSLATE-TO-SAT(problem, T')
assignment < SAT-SOLVER(cnf)
if assignment is notnull then
return EXTRACT-SOLUTION(assignment, mapping)
return failure

Figure11.22




PLANNING AND ACTING
IN THE REAL WORLD

Init(Chassis(C1) A Chassis(Cs)
A Engine(E1,C1,30) A Engine(E2, C2,60)
N Wheels(W1,C1,30) A Wheels(Wa, Cs, 15))
Goal(Done(C1) A Done(C3))

Action(AddEngine(e, c,m),
PRECOND: Engine(e, ¢,d) A Chassis(c) A ~Engineln(c),
EFFECT: Engineln(c) A Duration(d))

Action(AddWheels(w, ¢), PRECOND: Wheels(w, ¢,d) A Chassis(c),
EFFECT: WheelsOn(c) A Duration(d))

Action(Inspect(c), PRECOND: EngineIn(c) A WheelsOn(c) A Chassis(c),
EFFeECT: Done(c) A Duration(10))

Figure12.2
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Chapter 12. PlanningandActing in the RealWorld

Init(Chassis(C1) A Chassis(Cs)

A Engine(FE1,C1,30) A Engine(E2, C2,60)

A Wheels(W1,C1,30) A Wheels(Wa, Ca, 15)

A EngineHoists(1) A WheelStations(1) A Inspectors(2))
Goal(Done(C1) A Done(Cs))

Action(AddEngine(e, c,m),
PRECOND: Engine(e, ¢,d) A Chassis(c) A ~Engineln(c),
EFFECT: Engineln(c) A Duration(d),
RESOURCE: EngineHoists(1))
Action(AddWheels(w, c),
PRECOND: Wheels(w, ¢, d) A Chassis(c),
EFFECT: WheelsOn(c) A Duration(d),
RESOURCE: WheelStations (1))
Action(Inspect(c),
PRECOND: Engineln(c) A WheelsOn/(c),
EFFeECT: Done(c) A Duration(10),
RESOURCE: Inspectors(1))

Figure12.5

Action(BuyLand, PRECOND:Money, EFFECT: Land A = Money)
Action(GetLoan, PRECOND: GoodCredit, EFFECT:Money A Mortgage)
Action(BuildHouse, PRECOND:Land, EFFECT: House)

Action(GetPermit, PRECOND:Land, EFFECT: Permit)
Action(HireBuilder, EFFECT: Contract)
Action(Construction, PRECOND:Permit A Contract,
EFFECT: HouseBuilt A — Permit)
Action(PayBuilder, PRECOND:Money A HouseBuilt,
EFFECT: = Money A House A — Contract)

Decompose(BuildHouse,
Plan(STEPS: {S1 : GetPermit, Sz : HireBuilder,
Ss : Construction, Sa : PayBuilder}
ORDERINGS: {Start < S1 < S3 < S4 < Finish, Start < Sz < Ss},
LINKS: {Start Lo Sy, Start %Y S,
Sl Pi'm)it 537 SQ Conlgct 537 53 HmLeB>m'lt 547
Sy House Finish, Sa " M°%%Y Finish}))

Figure12.9
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function AND-OR-GRAPH-SEARCH(problem) returns a conditional plan, or failure
OR-SEARCH(INITIAL-STATE[ problem], problem,[])

function OR-SEARCH(state, problem, path) returns a conditional plan, or failure
if GOAL-TEST[ problem](state) then return theemptyplan
if state is on path thenreturn failure
for eachaction, state_set in SUCCESSORS] problem](state) do
plan < AND-SEARCH(state_set, problem, [state | path])
if plan # failure thenreturn [action | plan]
return failure

function AND-SEARCH(state_set, problem, path) returns a conditional plan, or failure
for eachs; in state_set do
plan; <— OR-SEARCH(s;, problem, path)
if plan = failure thenreturn failure
return [if s; then plan, elseif s; then plan, else. . .if s,_1 then plan,, _, elseplan,,]

Figure12.14

function REPLANNING-AGENT( percept) returns an action
static: KB, aknowledgebase(includesactiondescriptions)
plan, aplan,initially []
whole_plan, aplan,initially []
goal, agoal

TELL(KB, MAKE-PERCEPT-SENTENCE( percept, t))

current <— STATE-DESCRIPTION(KB, t)

if plan = [] then
whole_plan <+ plan < PLANNER(current, goal, KB)

if PRECONDITIONS(FIRST(plan)) notcurrentlytruein KB then
candidates— SORT(whole_plan, orderedby distanceo current)
find states in candidates suchthat

failure # repair < PLANNER(current, s, KB)

continuation < thetail of whole_plan startingat s
whole_plan < plan < APPEND(repair, continuation)

return PoP(plan)

Figure 12.18
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Chapter 12. PlanningandActing in the RealWorld

function CONTINUOUS-POP-AGENT( percept) returns an action
static: plan, aplan,initially with just Start, Finish

action < NoOp (thedefault)
EFFeCTS[ Start] = UPDATE(EFFECTS[ Start], percept)

REMOVE-FLAW(plan) /I possiblyupdatingaction
return action

Figure 12.28

Agents(A, B)
Init(At(A, [Left, Baseline]) A At(B, [Right, Net]) A
Approaching(Ball, [Right, Baseline])) A Partner(A,B) A Partner(B,A)
Goal(Returned(Ball) A At(agent, [z, Net]))
Action(Hit(agent, Ball),
PRECOND:Approaching(Ball, [z, y]) A At(agent, [z, y]) A
Partner(agent, partner) A — At(partner,|[z,y])
EFFECT: Returned(Ball))
Action(Go(agent, [z, y]),
PRECOND:At(agent, [a, b]),
EFFeCT: At(agent, [z,y]) A — At(agent, [a, b]))

Figure12.30




3 UNCERTAINTY

function DT-AGENT( percept) returnsan action
static: belief_state, probabilisticbeliefsaboutthe currentstateof theworld
action, theagents action

updatebelief_state basedon action andpercept
calculateoutcomeprobabilitiesfor actions,
givenactiondescriptionsandcurrentbelief_state
selectaction with highestexpectedutility
givenprobabilitiesof outcomesandutility information
return action

Figure13.2

function ENUMERATE-JOINT-ASK(X, e, P) returns adistribution over X
inputs: X, thequeryvariable
e, obsenedvaluesfor variablesE
P, ajoint distributiononvariables{X} U E U Y [* Y = hiddenvariables*/

Q(X) «+ adistributionover X, initially empty
for eachvaluez; of X do

Q(zi) < ENUMERATE-JOINT(z;,€,Y,[],P)
return NORMALIZE(Q(X))

function ENUMERATE-JOINT(z, €, vars, values, P) returns arealnumber
if EMPTY ?(vars) thenreturn P(z, e, values)
Y « FIRST(vars)
return Zy ENUMERATE-JOINT(z, €, REST(vars), [y|values], P)

Figure 13.6
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PROBABILISTIC
REASONING

function ENUMERATION-ASK(X , e, bn) returns adistribution over X
inputs: X, thequeryvariable
e, obsenedvaluesfor variablesE
bn, aBayesnetwith variables{ X} U E U Y /* Y = hiddenvariables*/

Q(X) « adistributionover X, initially empty
for eachvaluez; of X do

extende with valuez; for X

Q(z;) + ENUMERATE-ALL(VARS[bn], €)
return NORMALIZE(Q(X))

function ENUMERATE-ALL(vars, €) returns arealnumber
if EMPTY ?(vars) thenreturn 1.0
Y < FIRST(vars)
if Y hasvalueyine
thenreturn P(y | parents(Y)) x ENUMERATE-ALL(REST(vars),€)
elsereturn Zy P(y | parents(Y')) x ENUMERATE-ALL(REST(vars),ey)
wheree, is eextendedwithY = y

Figure14.10

function ELIMINATION-ASK(X, e, bn) returns adistribution over X
inputs: X, thequeryvariable
e, evidencespecifiedasanevent
bn, a Bayesiametwork specifyingjoint distribution P(X4, . .., X,)

factors < []; vars < REVERSE(VARS[bn])
for eachwvar in vars do

factors « [MAKE-FACTOR(var, €)|factors]

if var is ahiddenvariablethen factors + SUM-OUT(var, factors)
return NORMALIZE(POINTWISE-PRODUCT(factors))

Figure14.12
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function PRIOR-SAMPLE(bn) returns aneventsampledrom the prior specifiecby bn
inputs: bn, a Bayesiametwork specifyingjoint distribution P(X1, . .., X»)

X < aneventwith n elements
fors = 1tondo

z; « arandomsamplefrom P(X; | parents(X;))
return x

Figure 14.15

function REJECTION-SAMPLING(X , e, bn, N) returns anestimateof P(X |e)
inputs: X, thequeryvariable
e, evidencespecifiedasanevent
bn, aBayesiametwork
N, thetotal numberof samplego begenerated
local variables: N, avectorof countsover X, initially zero

forj=1to N do
X < PRIOR-SAMPLE(bn)
if X is consistentvith ethen
N[z] < N[z]+1 wherez is thevalueof X in x
return NORMALIZE(N[XT])

Figure 14.17

function LIKELIHOOD-WEIGHTING(X , €, bn, N) returns anestimateof P(X |e)
inputs: X, thequeryvariable
e, evidencespecifiedasanevent
bn, aBayesiametwork
N, thetotal numberof samplego begenerated
local variables: W, avectorof weightedcountsover X, initially zero

forj=1to N do

X, w < WEIGHTED-SAMPLE(bn)

W|z] + W[z] + w wherez is thevalueof X in x
return NORMALIZE(W[X])

function WEIGHTED-SAMPLE(bn, €) returns aneventandaweight

X +— aneventwith n elementsw + 1
fori=1tondo
if X; hasavaluez; ine
then w + w x P(X; = z; | parents(X;))
elsez; «+— arandomsamplefrom P(X; | parents(X;))
return x, w

Figure 14.19
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Chapter 14. ProbabilisticReasoning

function MCMC-AsSK(X, e, bn, N) returns anestimateof P(X|e)
local variables: N[X], avectorof countsover X, initially zero
Z, thenonevidencevariablesn bn
X, the currentstateof the network, initially copiedfrom e

initialize x with randomvaluesfor thevariablesn Z
forj=1to N do
N[z] < N[z] + 1 wherez is thevalueof X in x
for eachZ; in Z do
samplethevalueof Z; in x from P(Z;|mb(Z;)) giventhevaluesof M B(Z;) in x
return NORMALIZE(N[X])

Figure 14.21




15 PROBABILISTIC
REASONINGOVER TIME

function FORWARD-BACKWARD(ev, prior) returns avectorof probability distributions
inputs: ev, avectorof evidencevaluesfor stepsl, ..., ¢
prior, theprior distribution on theinitial state,P(Xo)
local variables: fv, avectorof forwardmessagefor steps0, . .., t
b, arepresentatioof the backward messageinitially all 1s
sv, avectorof smoothedestimatedor stepsi, . .., ¢

fv[0] < prior
fori= 1totdo
fv[i] «— FORWARD(fv[i — 1], ev[s])
for i = ¢ downto 1 do
s\[¢] «+ NoRMALIZE(fv[i] x b)
b < BACKWARD(b, ev[i])
return sv

Figure15.5
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Chapter 15. ProbabilisticReasoningver Time

function FIXED-LAG-SMOOTHING(e:, hmm, d) returns adistribution over X;_4
inputs: e, the currentevidencefor time stept
hmm, ahiddenMarkov modelwith S x S transitionmatrix T
d, thelengthof thelag for smoothing
static: ¢, thecurrenttime, initially 1
f, a probability distribution, the forwardmessag®(X:|ei.:), initially PRIOR[hmm]
B, the d-stepbackward transformatiommatrix, initially theidentity matrix
et—d:t, double-endedist of evidencefrom t — d to ¢, initially empty
local variables: O;_ 4, O, diagonalmatricescontainingthe sensomodelinformation

adde; to theendof e;_4.;
O, «+ diagonalmatrix containingP(e;| X:)
if ¢t > dthen
f < FORWARD(f, e¢)
remove e;—4—1 from thebeginningof e;_ 4.+
O;_4 « diagonalmatrix containingP(e;—q| Xt—q)
B+ O, ', T 'BTO;
elseB < BTO,
t—t+1
if t > dthenreturn NORMALIZE(f x B1) elsereturn null

Figure15.8

function PARTICLE-FILTERING(e, N, dbn) returns asetof sampledor thenext time step
inputs: e, thenew incomingevidence
N, thenumberof samplego be maintained
dbn, aDBN with prior P(Xo), transitionmodelP(X1|Xo), andsensomodelP(E1|X1)
static: S, avectorof samplesf size N, initially generatedrom P(Xo)
local variables. W, avectorof weightsof size N

fori=1to N do

S[i] «+ samplefrom P(X1|Xo = S[i])

Wi + P(e|X1= S[i])
S« WEIGHTED-SAMPLE-WITH-REPLACEMENT(N, S, W)
return §

Figure 15.18




MAKING SIMPLE
DECISIONS

function INFORMATION-GATHERING-AGENT( percept) returns an action
static: D, adecisionnetwork

integratepercept into D
Jj « thevaluethatmaximizesVPI(E;) — Cost(E;)
if VPI(E;) > Cost(E;)
then return REQUEST(E};)
elsereturn thebestactionfrom D

Figure 16.9
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MAKING COMPLEX
DECISIONS

function VALUE-ITERATION(mdp, €) returns autility function
inputs: mdp, anMDP with statesS, transitionmodel T', reward function R, discounty
¢, themaximumerrorallowedin theutility of ary state
local variables: U, U’, vectorsof utilities for statesn S, initially zero
4, themaximumchangen theutility of ary statein aniteration

repeat
U+ U';6+0
for eachstates in .S do
U'[s] < R[s] + v max ZT(s,a,s') U[s']

if |U'[s] — Uls]|] > dthend« |U'[s] — Uls]|
until 6 < e(1—7)/y
return U

Figure17.5
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function PoLICY-ITERATION(mdp) returns apolicy
inputs: mdp, anMDP with statesS, transitionmodel T
local variables: U, U’, vectorsof utilities for statesn S, initially zero
m, apolicy vectorindexedby state,nitially random

repeat
U < PoLIcY-EVALUATION(m, U, mdp)
unchanged? « true
for eachstates in S do
Ifma.vaT(sas)U >ZTs7r]s')U[s']then

[]<—argmaxa ZT(S a, s) Uls']

unchanged? < false
until unchanged?
return P

Figure17.9




18 LEARNING FROM
OBSER/ATIONS

function DECISION-TREE-LEARNING(examples, attribs, default) returns a decisiontree
inputs: examples, setof examples
attribs, setof attributes
default, defaultvaluefor the goalpredicate

if examples is emptythenreturn default
elseif all examples have the sameclassificatiorthen return the classification
elseif attribs is emptythenreturn MAJORITY-VALUE(ezamples)
else
best < CHOOSE-ATTRIBUTE(attribs, examples)
tree «+— anew decisiontreewith roottestbest
m < MAJORITY-VALUE(ezamples;)
for eachvaluew; of best do
examples; < {elementof ezamples with best = v;}
subtree < DECISION-TREE-LEARNING(ezamples;, attribs — best, m)
addabranchto tree with label v; andsubtreesubtree
return tree

Figure 18.6
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function ADABoOST(ezamples, L, M) returns aweighted-majorityhypothesis
inputs: ezamples, setof N labelledexamples(z1,y1),. .., (zN,yn)
L, alearningalgorithm
M , thenumberof hypothesesn theensemble
local variables: w, avectorof N exampleweights,initially 1/N
h, avectorof M hypotheses
z, avectorof M hypothesisveights

for m =1to M do
h[m] «— L(examples,w)
error <0
forj=1to N do
if h[m](z;) # y; then error < error + W[j]
forj=1to N do
if h[m](z;) = y; thenw[j] < w[j] - error/(1 — error)
W <~ NORMALIZE(W)
z[m] <« log (1 — error)/error
return WEIGHTED-MAJORITY(h, 2)

Figure 18.12

function DECISION-LIST-LEARNING(ezamples) returns adecisionlist, or failure

if examples is emptythen return thetrivial decisionlist No

t + atestthatmatchesanonemptysubsetezamples, of examples
suchthatthememberf ezamples, areall positive or all negative

if thereis nosucht thenreturn failure

if theexamplesin ezamples, arepositivethen o < Yes elseo + No

return adecisionlist with initial test¢ andoutcomeo andremainingtestsgivenby

DECISION-LIST-LEARNING(ezamples — ezamples,)

Figure 18.17




KNOWLEDGEIN
LEARNING

function CURRENT-BEST-LEARNING(ezamples) returns a hypothesis

H «+ ary hypothesisconsistentith thefirst examplein examples
for eachremainingexamplein examples do
if e isfalsepositivefor H then
H «+ choosea specializatiorof H consistentvith examples
elseif e is falsenegative for H then
H «+ chooseageneralizatiorof H consistentith ezamples
if no consistenspecialization/generalizatiaranbe foundthen fail
return H

Figure19.3

function VERSION-SPACE-LEARNING(ezamples) returnsaversionspace
local variables: V, theversionspacethesetof all hypotheses

V «+ thesetof all hypotheses
for eachexamplee in ezamples do

if V isnotemptythen V «— VERSION-SPACE-UPDATE(V, €)
return vV

function VERSION-SPACE-UPDATE(V, €) returns anupdatedversionspace
V<« {h € V: hisconsistenwith e}

Figure 19.5
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function MINIMAL-CONSISTENT-DET(E, A) returns a setof attributes
inputs: E, asetof examples
A, asetof attributes,of sizen

fori«0, ..., ndo
for eachsubsetd; of A of sizei do
if CONSISTENT-DET? 4, E) thenreturn 4;

function CONSISTENT-DET?(4, E) returns atruth-value
inputs: A, asetof attributes
E, asetof examples
local variables. H, ahashtable

for eachexamplee in E do
if someexamplein H hasthesamevaluesase for theattributesA
but a differentclassificatiorthen return false

storetheclassof e in H, indexedby the valuesfor attributesA of theexamplee

return true

Figure19.11




Chapter 19. Knowledgein Learning

function FolL(ezamples, target) returns asetof Horn clauses
inputs: examples, setof examples
target, aliteral for thegoalpredicate
local variables: clauses, setof clausesinitially empty

while ezamples containgpositive examplesdo
clause < NEW-CLAUSE(ezamples, target)
remove examplescoveredby clause from examples
addclause to clauses

return clauses

function NEw-CLAUSE(exzamples, target) returns aHorn clause
local variables. clause, a clausewith target asheadandanemptybody
1, aliteral to beaddedto theclause
extended _erzamples, a setof exampleswith valuesfor new variables

extended_examples < examples
while extended_examples containsnegative examplesdo
| <+ CHOOSE-LITERAL(NEW-LITERALS(clause), extended _examples)
append to thebodyof clause
extended _ezamples + setof examplescreatedoy applyingEXTEND-EXAMPLE
to eachexamplein extended _examples
return clause

function EXTEND-EXAMPLE(ezample, literal) returns
if example satisfiediteral
then return the setof examplescreatedoy extendingezample with
eachpossibleconstantwaluefor eachnew variablein literal
elsereturn theemptyset

Figure 19.16




STATISTICAL LEARNING
METHODS

function PERCEPTRON-L EARNING(ezamples, network) returns a perceptrorhypothesis
inputs: examples, asetof examplesgachwith inputx = z, ..., z, andoutputy
network, aperceptrorwith weightsW;, j= 0... n, andactvationfunction g

repeat
for eache in examples do
in(—ZJ".: o Wi zjle]
Err < yle] — g(in)
Wi« W; + a x Err x ¢'(in) x =zj[e]
until somestoppingcriterionis satisfied
return NEURAL-NET-HYPOTHESI(network)

Figure20.22
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Chapter 20. StatisticalLearningMethods

function BACK-PROP-LEARNING(ezamples, network) returns aneuralnetwork
inputs: ezamples, a setof examplesgachwith inputvectorx andoutputvectory
network, amultilayernetwork with L layers weightsWj ;, activationfunction g

repeat
for eache in ezamples do
for eachnodej in theinputlayerdo a; < z;[e]
for£=2to M do
ini Z]. Wi a;
a; + g(in;)
for eachnodei in the outputlayerdo
Aig'(ini) x (yile] — ai)
for{=M —1to1ldo
for eachnodej in layer{ do
Ajg'(ing) D0, Wi Ai
for eachnodei in layerf + 1 do
Wi W;i + a X aj X A
until somestoppingcriterionis satisfied
return NEURAL-NET-HYPOTHESIS(network)

Figure20.27




REINFORCEMENT
LEARNING

function PassivE-ADP-AGENT(percept) returns anaction
inputs: percept, a perceptindicatingthe currentstates’ andrewardsignalr’
static: 7, afixedpolicy
mdp, anMDP with modelT’, rewardsR, discounty
U, atableof utilities, initially empty
N,,, atableof frequenciedor state-actiorpairs,initially zero
N, atableof frequenciedor state-action-statiiples,initially zero
s, a, the previous stateandaction,initially null

if s"isnewthendo U[s'] « r'; R[s'] < r'
if sisnotnull then do
incrementN s,[s, a] and N 4./ (s, a, s']
for eacht suchthat N ,,,/[s, a, t] is nonzerodo
T[s,a,t] < Nas[8,a,t] | Nsa[s,al
U + VALUE-DETERMINATION(w, U, mdp)
if TERMINAL?[s'] then s, a < null elses, a < ', 7[s']
return a

Figure21.3
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Chapter 21.

Reinforcement.earning

function PAssIVE-TD-AGENT(percept) returns anaction
inputs: percept, a perceptindicatingthe currentstates’ andrewardsignalr’
static: =, afixedpolicy
U, atableof utilities, initially empty
N, atableof frequenciedor statesjnitially zero
s, a, r, theprevious state action,andreward, initially null

if s’ isnewthen U[s'] + r’
if sisnotnull then do
increment ;[ s]
Ulsl« Uls] + a(N:[s])(r + 7 Uls'] — Uls])
if TERMINAL?[s'] then s, a, 7 < null elses, a,r + s',7[s'], T
return a

!

Figure21.6

function Q-LEARNING-AGENT(percept) returnsanaction
inputs: percept, a perceptindicatingthe currentstates’ andrewardsignalr’
static: @, atableof actionvaluesindex by stateandaction
N ,,, atableof frequenciedor state-actiorpairs
s, a, r, theprevious state action,andreward, initially null

if sisnotnull thendo

incrementN s,[s, a]

Qla, s] < Q[a,s] + a(Ng[s,a])(r + v max, Q[a’,s'] — Qla,s])
if TERMINAL?[s] then s, a,r < null
elses, a,r < s',argmax,, f(Qa’,s'], Nsula',s']), T
return a

!

Figure21.11




2 COMMUNICATION

function NAIVE-COMMUNICATING-AGENT( percept) returns action
static: KB, aknowledgebase
state, thecurrentstateof theervironment
action, themostrecentaction,initially none

state < UPDATE-STATE( state, action, percept)

words — SPEECH-PART( percept)

semantics < DISAMBIGUATE(PRAGMATICS(SEMANTICS(PARSE(words))))

if words = None and action is nota SAY then/ * Describethe state* /
return SAY(GENERATE-DESCRIPTION( state))

elseif TyPE[semantics] = Commandhen/* Obe thecommand/
return CONTENTS[semantics]

elseif TyPE[semantics] = Questionthen/ * Answerthe questiort/
answer < ASK(KB, semantics)
return SAY(GENERATE-DESCRIPTION( answer))

elseif TyPE[semantics] = Statementhen/ * Believethestatement /
TELL(KB, CONTENTS[ semantics])

/ * If wefall throughto here, doa “r egular” action*/

return FIRST(PLANNER(KB, state))

Figure22.3
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Chapter 22.

Communication

function CHART-PARSE(words, grammar) returns chart

chart < array[0... LENGTH(words)] of emptylists

ADD-EDGE([0,0,5" — e 9])

for i < from 0 to LENGTH(words) do
SCANNER(%, words[i])

return chart

procedure ADD-EDGE(edge)
/ * Addedgeto chart, andseeif it extendsor predictsanotheredge. */
if edge notin chart[END(edge)] then
appendedge to chart[END(edge)]
if edge hasnothingafterthedotthen EXTENDER(edge)
elsePREDICTOR(edge)

procedure SCANNER(], word)
/ * For eath edge expectinga word of this category here, extendtheedge. */
for each[i,j, A — « e B f]in chart[j] do
if word is of categyory B then
ADD-EDGE([¢,j+1, A — a B e j])

procedure PREDICTOR([¢,5, A — « e B f3])
/ * Addto chart anyrulesfor B thatcouldhelpextendthis edge * /
for each(B — «)in REWRITES-FOR(B, grammar) do
ADD-EDGE([j,7, B — 7))

procedure EXTENDER([j,k, B — + e])
| * Seewhatedgscanbeextendedoy thisedge * /
ep < theedgethatis theinputto this procedure
for each[i,j5, A — « e B’ B]in chart[j] do
if B = B’ then
ADD-EDGE([i,k, A — aep e f)])

Figure22.9




PROBABILISTIC
LANGUAGE PROCESSING

function VITERBI-SEGMENTATION( text, P) returns bestwordsandtheir probabilities
inputs: text, astringof charactersvith spacesemoved
P, aunigramprobability distribution over words

n < LENGTH( text)
words < emptyvectorof lengthn + 1
best < vectorof lengthn + 1, initially all 0.0
best[0] + 1.0
/* Fill in thevectos best,wordsvia dynamicprogramming* /
for i =0ton do
forj=0to:—1do
word < text[5:i]
w < LENGTH(word)
if Plword] x best[i - w] > best[i] then
best[i] < P[word] x best[i — w]
words[i] < word
[ * Nowrecover thesequencef bestwords* /
sequence- theemptylist
141
whilei > 0do
pushwords[i] ontofront of sequence
141 — LENGTH(words[i])
/ * Returnsequencef bestwordsandoverall probability of sequencé/
return sequence, best|[1]

Figure 23.2
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4 PERCEPTION

function ALIGN(image, model) returns asolutionor failure
inputs: image, alist of imagefeaturepoints
model, alist of modelfeaturepoints

for each p1, p2, ps in TRIPLETS(image) do
for eachm., ma, mgs in TRIPLETS(model) do
@ < FIND-TRANSFORM(p1, p2, p3,m1, M2, M3)
if projectionaccordingo @ explainsimagethen
return @
return failure

Figure24.22
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5 ROBOTICS

function MONTE-CARLO-LOCALIZATION(a, 2, N, model, map) returns asetof samples
inputs: a, the previousrobotmotioncommand
z, arangescanwith M readings:, . .., 2m
N, thenumberof samplego be maintained
model, aprobabilisticervironmentmodelwith poseprior P(Xo),
motionmodelP(X1|Xo, Ao), andrangesensomoisemodel P(Z|Z)
map, a2D mapof theenvironment
static: S, avectorof samplef size N, initially generatedrom P(Xo)
local variables: W, avectorof weightsof size N

fori=1to N do
S[:] « samplefrom P(X1|Xo = S[i], Ao= a)
Wli]«1
for j =1to M do
% + EXACT-RANGE(j, S[i], map)
Wil W[i] - P(Z= z|Z= %)
S < WEIGHTED-SAMPLE-WITH-REPLACEMENT(N, S, W)
return §

Figure 25.8
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