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2 INTELLIGENT AGENTS

function TABLE-DRIVEN-AGENT( �����������
	 ) returns anaction
static: �����������
	�� , asequence,initially empty	�
������ , a tableof actions,indexedby perceptsequences,initially fully specified

append�����������
	 to theendof �����������
	��
���	�������� LOOKUP( �����������
	�� , 	�
������ )
return 
���	������

Figure 2.8

function REFLEX-VACUUM-AGENT( [ ������
�	������ , � 	�
�	�!"� ]) returns anaction

if � 	�
�	�!"� = # �$��	�% then return & !���'
elseif �(����
�	������ = ) then return * �(+�,�	
elseif �(����
�	������ = - then return . �0/�	

Figure 2.10

function SIMPLE-REFLEX-AGENT( �����������
	 ) returns anaction
static: ��!1����� , asetof condition–actionrules

��	�
�	��2� INTERPRET-INPUT( ����� �����
	 )��!1���2� RULE-MATCH( ��	3
�	�� , ��!"����� )
���	�������� RULE-ACTION[ ��!1��� ]
return 
���	������

Figure 2.13
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3

function REFLEX-AGENT-WITH-STATE( �����������
	 ) returns anaction
static: ��	3
�	�� , a descriptionof thecurrentworld state��!1����� , asetof condition–actionrules
���	������ , themostrecentaction,initially none

��	�
�	��2� UPDATE-STATE( ��	3
�	�� , 
���	������ , �����������
	 )��!1���2� RULE-MATCH( ��	3
�	�� , ��!"����� )
���	�������� RULE-ACTION[ ��!1��� ]
return 
���	������

Figure 2.16



3 SOLVING PROBLEMSBY
SEARCHING

function SIMPLE-PROBLEM-SOLVING-AGENT( �����������4	 ) returns anaction
inputs: �����������4	 , a percept
static: ��� 5 , anactionsequence,initially empty��	3
�	�� , somedescriptionof thecurrentworld state+���
�� , a goal,initially null�
����������6 , a problemformulation

��	�
�	��2� UPDATE-STATE( ��	3
�	�� , ����� �����
	 )
if ��� 5 is emptythen do+���
���� FORMULATE-GOAL( ��	�
�	�� )�4� ��������67� FORMULATE-PROBLEM( ��	3
�	�� , +���
�� )��� 58� SEARCH( �
����������6 )
���	�������� FIRST( ��� 5 )��� 59� REST( ����5 )
return 
���	������

Figure 3.2

function TREE-SEARCH( �
����������6 , ��	�� 
�	��3+�% ) returns a solution,or failure
initialize thesearchtreeusingtheinitial stateof �
����������6
loop do

if thereareno candidatesfor expansionthen return failure
choosea leaf nodefor expansionaccordingto ��	�� 
�	��3+�%
if thenodecontainsa goalstatethen return thecorrespondingsolution
elseexpandthenodeandaddtheresultingnodesto thesearchtree

Figure 3.9
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5

function TREE-SEARCH( �
����������6;:0/����$�1+�� ) returns a solution,or failure

/����0��+1�<� INSERT(MAKE-NODE(INITIAL-STATE[ �
����������6 ]), /����$�1+�� )
loop do

if EMPTY?( /����$��+1� ) then return failure�
��=��2� REMOVE-FIRST( /����0��+1� )
if GOAL-TEST[ �
����������6 ] appliedto STATE[ �>��=�� ] succeeds

then return SOLUTION( �
��=�� )/����$�1+��<� INSERT-ALL(EXPAND( �
��=�� , �
����������6 ), /����$�1+�� )
function EXPAND( �>��=���:��
����������6 ) returns a setof nodes

��!����������������?� theemptyset
for each @ 
���	������ , � ����!1� 	�A in SUCCESSOR-FN[ �
����������6 ](STATE[ �>��=�� ]) do�B� a new NODE

STATE[ � ] �C� ����!1� 	
PARENT-NODE[ � ] �D�>��=��
ACTION[ � ] �E
���	������
PATH-COST[ � ] � PATH-COST[ �
��=�� ] + STEP-COST( �>��=�� , 
���	������ , � )
DEPTH[ � ] � DEPTH[ �
��=�� ] + 1
add � to ��!����������������

return ��!����������������

Figure 3.12

function DEPTH-L IMITED-SEARCH( �4� ��������6 , � �06F�$	 ) returns asolution,or failure/cutoff
return RECURSIVE-DLS(MAKE-NODE(INITIAL-STATE[ �
����������6 ]), �
����������6 , � �$6F�$	 )

function RECURSIVE-DLS( �>��=�� , �
����������6 , � �$6F�$	 ) returns a solution,or failure/cutoff��!1	���G ������!1��� � =�H2� false
if GOAL-TEST[ �
����������6 ](STATE[ �>��=�� ]) then return SOLUTION( �
��=�� )
elseif DEPTH[ �>��=�� ] = � �06F�$	 then return ��!"	3�IG
elsefor each ��!�������� ����� in EXPAND( �
��=�� , �
����������6 ) do� ����!1�J	4� RECURSIVE-DLS( ��!�������������� , �
����������6 , � �$6F�$	 )

if � ����!1� 	 = ��!1	��IG then ��!1	��IG ������!1��� � =�H2� true
elseif � ����!1� 	LKM /�
��$� !1��� then return � ��� !"� 	

if ��!1	��IG ������!1��� � =�H then return ��!"	3�IG elsereturn /�
��$� !1���

Figure 3.17



6 Chapter 3. SolvingProblemsby Searching

function ITERATIVE-DEEPENING-SEARCH( �
����������6 ) returns a solution,or failure
inputs: �
����������6 , a problem

for =����
	0,N� 0 to O do� ����!1�J	4� DEPTH-L IMITED-SEARCH( �
����������6 , =����4	�, )
if � ����!1� 	LKM cutoff then return ������!1�J	

Figure 3.19

function GRAPH-SEARCH( �
����������6P:0/����$�1+�� ) returns a solution,or failure

���(����� =Q� anemptyset/����0��+1�<� INSERT(MAKE-NODE(INITIAL-STATE[ �
����������6 ]), /����$�1+�� )
loop do

if EMPTY?( /����$��+1� ) then return failure�
��=��2� REMOVE-FIRST( /����0��+1� )
if GOAL-TEST[ �
����������6 ](STATE[ �
��=�� ]) then return SOLUTION( �>��=�� )
if STATE[ �
��=�� ] is not in ���(����� = then

addSTATE[ �>��=�� ] to ���(����� =
/����$�1+��<� INSERT-ALL(EXPAND( �
��=�� , �4� ��������6 ), /����$�1+�� )

Figure 3.25



4 INFORMEDSEARCHAND
EXPLORATION

function RECURSIVE-BEST-FIRST-SEARCH( �
����������6 ) returns a solution,or failure
RBFS( �
����������6 , MAKE-NODE(INITIAL-STATE[ �
����������6 ]), O )

function RBFS( �
����������6 , �>��=�� , / � �$6F�0	 ) returns a solution,or failureandanew R -costlimit
if GOAL-TEST[ �
����������6 ]( ��	3
�	�� ) then return �>��=��
��!����������������?� EXPAND( �
��=�� , �
����������6 )
if � !4� ������������� is emptythen return /�
��$� !"� � , O
for each � in ��!���������������� do

R [s] �TSVU�WYX0Z>XI��[]\_^]XI��[�: R2` �
��=���a0[
repeat� ����	4� thelowest R -valuenodein ��!����������������

if R2` ������	�acbC/ �J�$6F�$	 then return /�
��$�J!1� � , R [ ������	 ]
��J	������>
�	��$de�2� thesecond-lowest R -valueamong��!����������������� ����!1�J	 , R [ ������	 ] � RBFS( �4� ��������6 , � ����	 , Sgf(h?X�/ � �06F�$	�:i
�� 	������

�	��$d���[ )
if � ����!1� 	LKM /�
��$� !1��� then return � ��� !"� 	

Figure 4.6

function HILL-CLIMBING( �
����������6 ) returns astatethatis a localmaximum
inputs: �
����������6 , aproblem
local variables: ��!1�������4	 , a node�>���(+�,"� ��� , a node

��!1��� ����	4� MAKE-NODE(INITIAL-STATE[ �
����������6 ])
loop do�>���(+�,"� ���8� a highest-valuedsuccessorof ��!1��� ����	

if VALUE[neighbor] j VALUE[current]then return STATE[ ��!1��� ���4	 ]��!1�������4	4�D�Y����+�,�� ���

Figure 4.13
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8 Chapter 4. InformedSearchandExploration

function SIMULATED-ANNEALING( �
����������6 , ����,�� =�!1��� ) returns a solutionstate
inputs: �
����������6 , aproblem����,���=�!1��� , amappingfrom time to “temperature”
local variables: ��!1�������4	 , a node�>��k�	 , a nodel

, a “temperature”controllingtheprobabilityof downwardsteps

��!1��� ����	4� MAKE-NODE(INITIAL-STATE[ �
����������6 ])
for 	4� 1 to O dol �C����,�� =�!"��� [ 	 ]

if
l

= 0 then return ��!"��� ���4	
�>��k�	
� a randomlyselectedsuccessorof ��!"��� ���4	mon � VALUE[ �>��k�	 ] – VALUE[ ��!"��� ���4	 ]
if

mgn b 0 then ��!1�������4	4�D�Y� k�	
else ��!1�������4	4�D�Y� k�	 only with probability piq2rBsIt

Figure 4.17

function GENETIC-ALGORITHM( �"���
!1��
�	������ , FITNESS-FN) returns anindividual
inputs: �"���
!1��
�	������ , a setof individuals

FITNESS-FN, a functionthatmeasuresthefitnessof anindividual

repeat�>��u �"���
!1�(
�	�������� emptyset
loop for � fr om 1 to SIZE( �"���
!1��
�	������ ) dokv� RANDOM-SELECTION( �"���4!"�(
�	������ , FITNESS-FN)%w� RANDOM-SELECTION( �"���
!1�(
�	������ , FITNESS-FN)��,��$��=Q� REPRODUCE( k , % )

if (smallrandomprobability)then ��,��$�(=v� MUTATE( ��,��0�(= )
add ��,��$�(= to �Y��u �"���
!1�(
�	������

�"���
!1��
�	������x�C�>��u �"���
!1�(
�	������
until someindividual is fit enough,or enoughtimehaselapsed
return thebestindividual in �"���
!1��
�	������ , accordingto FITNESS-FN

function REPRODUCE( k , % ) returns anindividual
inputs: k , % , parentindividuals

��� LENGTH( k )�<� randomnumberfrom 1 to �
return APPEND(SUBSTRING( k ,1, � ), SUBSTRING( % , �y\{z , � ))

Figure 4.21
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function ONLINE-DFS-AGENT( ��| ) returns anaction
inputs: � | , a perceptthatidentifiesthecurrentstate
static: � ����!1� 	 , a table,indexedby actionandstate,initially empty!1�Y� k��
�(��� � = , a tablethatlists, for eachvisitedstate,theactionsnotyet tried!1�Y� 
e��'�	���
���'e� = , a tablethatlists, for eachvisitedstate,thebacktracksnotyet tried� , 
 , thepreviousstateandaction,initially null

if GOAL-TEST( � | ) then return ��	����
if � | is a new statethen !1�Y��k��
�(��� � = [ � | ] � ACTIONS( � | )
if � is notnull then do� ����!1�J	 [ 
 , � ] �D� |

add � to thefront of !1�Y� 
e��'�	���
���'e� = [ � | ]
if !1�>��k��4����� � = [ � | ] is emptythen

if !1�Y� 
e��'�	���
���'e� = [ � | ] is emptythen return � 	����
else 
w� anaction � suchthat � ����!1� 	 [ � , � | ] = POP( !1�Y� 
e��'�	���
���'e� = [ � | ])

else 
L� POP( !1�Y� k��
�(��� � = [ � | ])�<�D� |
return 


Figure 4.25

function LRTA* -AGENT( � | ) returns anaction
inputs: � | , a perceptthatidentifiesthecurrentstate
static: � ����!1� 	 , a table,indexedby actionandstate,initially empty}

, a tableof costestimatesindexedby state,initially empty� , 
 , thepreviousstateandaction,initially null

if GOAL-TEST( � | ) then return ��	����
if � | is a new state(not in

}
) then

}
[ � | ] �~^ ( � | )

unless � is null� ����!1�J	 [ 
 , � ] �D� |}
[ � ] � Sof�h���

ACTIONS ���I�LRTA* -COST( � , � , � ��� !"� 	 [ � , � ], } )


L� anaction � in ACTIONS( ��| ) thatminimizesLRTA* -COST( ��| , � , � ����!1� 	 [ � , ��| ], } )�<�D� |
return 


function LRTA* -COST( � , 
 , � | , } ) returns acostestimate
if � | is undefinedthen return ^?X3�i[
elsereturn � X3�e: �
:�� | [g\�� ` � | a

Figure 4.29



5
CONSTRAINT
SATISFACTION
PROBLEMS

function BACKTRACKING-SEARCH( ����� ) returns a solution,or failure
return RECURSIVE-BACKTRACKING( �9� , ����� )

function RECURSIVE-BACKTRACKING( 
�� ���(+e�46g���4	 , ���3� ) returns a solution,or failure
if 
������(+e��6g���4	 is completethen return 
�� ���(+e�46g���4	
d�
��8� SELECT-UNASSIGNED-VARIABLE(VARIABLES[ ���3� ], 
������(+e��6g���4	 , ����� )
for each d�
��J!4� in ORDER-DOMAIN-VALUES( d�
�� , 
���� ��+��46g���4	 , ����� ) do

if d�
��J!4� is consistentwith 
���� ��+��46g���4	 accordingto CONSTRAINTS[ ���3� ] then
add � d�
�� = d�
�� !4� � to 
������(+e��6g����	
� ����!1�J	4� RECURSIVE-BACKTRACKING( 
������(+e��6g����	 , ���3� )
if ������!1�J	LKM /�
��$�J!1� � then return � ����!1� 	
remove � d�
�� = d�
�� !4� � from 
������(+��46g����	

return /�
��$�J!1� �

Figure 5.4
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function AC-3( ���3� ) returns theCSP, possiblywith reduceddomains
inputs: ���3� , abinaryCSPwith variables�i��� : �g� :�������: �o�
�
local variables: 5�!4��!4� , a queueof arcs,initially all thearcsin ���3�
while 5�!4��!
� is notemptydoX �o� : �F� [4� REMOVE-FIRST( 5�!4��!4� )

if REMOVE-INCONSISTENT-VALUES( � � : � � ) then
for each �V� in NEIGHBORS[ �o� ] do

add( �c� : � � ) to 5�!4��!4�
function REMOVE-INCONSISTENT-VALUES( � � : � � ) returns trueiff we remove avalue� ��6o��d�� =v��/�
�� ���

for each k in DOMAIN[ � � ] do
if no value � in DOMAIN[ � � ] allows( k , % ) to satisfytheconstraintbetween� � and � �

then deletek from DOMAIN[ � � ]; � ��6o��d�� =v�D	���!4�
return � ��6o��d�� =

Figure 5.9

function M IN-CONFLICTS( ����� , 6o
ik ��	����
� ) returns a solutionor failure
inputs: ���3� , aconstraintsatisfactionproblem6o
ik ��	����
� , thenumberof stepsallowedbeforegiving up

��!1��� ����	4� aninitial completeassignmentfor �����
for � = 1 to 6o
ik ��	����
� do

if ��!1��� ����	 is asolutionfor ����� then return ��!1�������4	
d�
��8� a randomlychosen,conflictedvariablefrom VARIABLES[ ����� ]d�
�� !
�<� thevalue d for d�
�� thatminimizesCONFLICTS( d�
�� , d , ��!1��� ���4	 , ���3� )
set d�
�� M d�
��J!4� in ��!"��� ���4	

return /�
��$�J!1� �

Figure 5.11



6 ADVERSARIAL SEARCH

function M INIMAX-DECISION( ��	�
�	�� ) returns 
���
���	������
inputs: ��	�
�	�� , currentstatein game

dw� MAX-VALUE(state)
return the 
���	������ in SUCCESSORS( ��	3
�	�� ) with value d

function MAX-VALUE( ��	�
�	�� ) returns 
F!1	��$�J�$	�%�d�
��J!4�
if TERMINAL-TEST( ��	�
�	�� ) then return UTIL ITY( � 	�
�	�� )dw�C� O
for 
4:�� in SUCCESSORS( ��	3
�	�� ) dodw� MAX(v, M IN-VALUE( � ))
return d

function M IN-VALUE( ��	3
�	�� ) returns 
x!1	��$� �0	�%�d�
��J!4�
if TERMINAL-TEST( ��	�
�	�� ) then return UTIL ITY( � 	�
�	�� )dw� O
for 
4:�� in SUCCESSORS( ��	3
�	�� ) dodw� M IN(v, MAX-VALUE( � ))
return d

Figure 6.4
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function ALPHA-BETA-SEARCH( � 	�
�	�� ) returns anaction
inputs: ��	�
�	�� , currentstatein game

dw� MAX-VALUE( ��	�
�	�� , � O , \ O )
return the 
���	������ in SUCCESSORS( ��	3
�	�� ) with value d

function MAX-VALUE( ��	�
�	�� , � , � ) returns 
x!"	��$�J�$	�%Fd�
�� !4�
inputs: ��	�
�	�� , currentstatein game

� , thevalueof thebestalternative for MAX alongthepathto ��	�
�	��
� , thevalueof thebestalternative for MIN alongthepathto � 	�
�	��

if TERMINAL-TEST( ��	�
�	�� ) then return UTIL ITY( � 	�
�	�� )dw�C� O
for 
4:�� in SUCCESSORS( ��	3
�	�� ) dodw� MAX(v, M IN-VALUE( � , � , � ))

if ����� then return d
� � MAX( � , v)

return d
function M IN-VALUE( ��	3
�	�� , � , � ) returns 
F!1	��$� �$	�%�d�
�� !
�

inputs: ��	�
�	�� , currentstatein game
� , thevalueof thebestalternative for MAX alongthepathto ��	�
�	��
� , thevalueof thebestalternative for MIN alongthepathto � 	�
�	��

if TERMINAL-TEST( ��	�
�	�� ) then return UTIL ITY( � 	�
�	�� )dw�~\ O
for 
4:�� in SUCCESSORS( ��	3
�	�� ) dodw� M IN(v, MAX-VALUE( � , � , � ))

if ��j � then return d
� � M IN( � , v)

return d

Figure 6.9



7 LOGICAL AGENTS

function KB-AGENT( �����������
	 ) returns an 
���	������
static: ¡¢- , a knowledgebase	 , a counter, initially 0, indicatingtime

TELL( ¡¢- , MAKE-PERCEPT-SENTENCE( �����������
	 , 	 ))
���	�������� ASK( ¡¢- , MAKE-ACTION-QUERY( 	 ))
TELL( ¡¢- , MAKE-ACTION-SENTENCE( 
���	������ , 	 ))	
�D	 + 1
return 
���	������

Figure 7.2

function TT-ENTAILS?( ¡¢- , � ) returns 	���!4� or /�
��J���
inputs: ¡¢- , theknowledgebase,a sentencein propositionallogic

� , thequery, a sentencein propositionallogic

��%�6g� ��� �2� a list of thepropositionsymbolsin ¡¢- and �
return TT-CHECK-ALL( ¡N- , � , ��%�6g� ��� � , ` a )

function TT-CHECK-ALL( ¡¢- , � , ��%�6g� ��� � , 6o��=���� ) returns 	���!4� or /�
�� ���
if EMPTY?( ��%�6g� ��� � ) then

if PL-TRUE?( ¡N- , 6o��=���� ) then return PL-TRUE?( � , 6o��=���� )
elsereturn 	���!4�

elsedo£ � FIRST( ��%�6g� ��� � ); � ����	4� REST( ��%�6g� ��� � )
return TT-CHECK-ALL( ¡¢- , � , � ����	 , EXTEND(

£ :�	���!4�e:�6o��=���� ) and
TT-CHECK-ALL( ¡¢- , � , � ����	 , EXTEND(

£ :0/�
��J����:�6o��=���� )

Figure 7.12
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function PL-RESOLUTION( ¡¢- , � ) returns 	���!4� or /�
�� ���
inputs: ¡¢- , theknowledgebase,a sentencein propositionallogic

� , thequery, a sentencein propositionallogic

���(
�!1�����B� thesetof clausesin theCNF representationof ¡¢-_¤P¥9��Y��u¦� �9�
loop do

for each § � , § � in ���(
�!1����� do� �������Jd����4	��B� PL-RESOLVE( § � , § � )
if ��������� de���4	�� containstheemptyclausethen return 	���!4�
�Y��u¦�D�Y��u�¨©� ������� de����	��

if �Y��u«ª����(
�!1����� then return /�
�� ���
����
�!"�����<�¬���(
�!1�����?¨c�Y��u

Figure 7.15

function PL-FC-ENTAILS?( ¡¢- , 5 ) returns 	���!4� or /�
�� ���
inputs: ¡¢- , theknowledgebase,a setof propositionalHorn clauses5 , thequery, apropositionsymbol
local variables: � ��!1�4	 , a table,indexedby clause,initially thenumberof premises�$��/������ � = , a table,indexedby symbol,eachentryinitially /�
��J���


�+1���
=�
 , a list of symbols,initially thesymbolsknown to betruein ¡¢-
while 
�+����>=e
 is notemptydo�­� POP( 
�+1���>=�
 )

unless �0��/������ � = [ � ] do�$��/������ � = [ � ] �C	���!4�
for eachHornclause� in whosepremise� appearsdo

decrement����!1�4	 [ � ]
if ����!"��	 [ � ] = 0 then do

if HEAD[ � ] = 5 then return 	���!4�
PUSH(HEAD[ � ], 
�+1���>=�
 )

return /�
�� ���

Figure 7.18



16 Chapter 7. LogicalAgents

function DPLL-SATISFIABLE?( � ) returns 	���!4� or /�
�� ���
inputs: � , a sentencein propositionallogic

���(
�!1�����B� thesetof clausesin theCNF representationof �
��%�6g� ��� �2� a list of thepropositionsymbolsin �
return DPLL( ����
�!1����� , � %�6g� ���J� , ` a )

function DPLL( ���(
�!1����� , ��%�6g� ��� � , 6o��=���� ) returns 	���!
� or /�
��J���
if everyclausein ���(
�!1����� is truein 6o��=���� then return 	���!4�
if someclausein ����
�!1����� is falsein 6o��=���� then return /�
��J���®

, d�
��J!4�2� FIND-PURE-SYMBOL( ��%�6g�����J� , ����
�!"����� , 6o��=���� )
if

®
is non-nullthen return DPLL( ���(
�!1����� , � %�6g� ���J� –

®
, EXTEND(

£ :�d�
��J!4��:�6o��=���� )®
, d�
��J!4�2� FIND-UNIT-CLAUSE( ���(
�!1����� , 6o��=���� )

if
®

is non-nullthen return DPLL( ���(
�!1����� , � %�6g� ���J� –
®

, EXTEND(
£ :�d�
��J!4��:�6o��=���� )® � FIRST( ��%�6g� ��� � ); � ����	4� REST( ��%�6g�����J� )

return DPLL( ����
�!1����� , � ����	 , EXTEND(
®

, 	���!4� , 6o��=���� )) or
DPLL( ����
�!1����� , � ����	 , EXTEND(

®
, /�
�� ��� , 6o��=���� ))

Figure 7.21

function WALKSAT( ���(
�!1����� , � , 6o
ik ¯y� �
� ) returns a satisfyingmodelor /�
��$�J!1� �
inputs: ���(
�!1����� , a setof clausesin propositionallogic� , theprobabilityof choosingto do a “randomwalk” move, typically around0.56o
ik ¯y� �
� , numberof flips allowedbeforegiving up

6o��=����e� arandomassignmentof 	���!4� //�
�� ��� to thesymbolsin ���(
�!1�����
for � M z to 6o
ik ¯y� �4� do

if 6o��=���� satisfies����
�!1����� then return 6o��=����
����
�!"���2� a randomlyselectedclausefrom ���(
�!1����� thatis falsein 6o��=����
with probability � flip thevaluein 6o��=���� of a randomlyselectedsymbolfrom ���(
�!1���
elseflip whicheversymbolin ����
�!1��� maximizesthenumberof satisfiedclauses

return /�
��$�J!1� �

Figure 7.23
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function PL-WUMPUS-AGENT( ����� �����
	 ) returns an 
���	������
inputs: �����������4	 , a list, [ ��	����>��, , ����� ��°i� , +e� �$	�	���� ]
static: ¡¢- , a knowledgebase,initially containingthe“physics” of thewumpusworldk , % , �����3���4	3
�	������ , theagent’sposition(initially 1,1)andorientation(initially ���(+�,�	 )di�$���$	�� = , anarrayindicatingwhichsquareshavebeenvisited,initially /�
�� ���


���	������ , theagent’smostrecentaction,initially null�
�(
�� , anactionsequence,initially empty

updatek , % , ���������4	�
�	������ , di�$���$	�� = basedon 
e��	������
if � 	����
��, then TELL( ¡¢- , ±?²�³ ´ ) elseTELL( ¡¢- , ¥�±]²�³ ´ )
if ��� ����°i� then TELL( ¡¢- , µN²�³ ´ ) elseTELL( ¡¢- , ¥�µ¢²�³ ´ )
if +��J�$	�	���� then 
���	������­�~+���
��
elseif �4��
�� is nonemptythen 
���	�������� POP( �
�(
�� )
elseif for somefringesquare[ � ,¶ ], ASK( ¡¢- , X ¥ £ � ³ � ¤T¥�· � ³ � [ ) is 	���!4� or

for somefringesquare[ � ,¶ ], ASK( ¡¢- , X £ � ³ ��¸ · � ³ � [ ) is /�
��J��� then do�4��
���� A* -GRAPH-SEARCH(ROUTE-PROBLEM([ k , % ], �����3���4	3
�	������ , [ � ,¶ ], di�$���$	���= ))
e��	������­� POP( �
�(
�� )
else 
���	�������� a randomlychosenmove
return 
���	������

Figure 7.26
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9 INFERENCEIN
FIRST-ORDERLOGIC

function UNIFY( k , % , ¹ ) returns a substitutionto make k and % identical
inputs: k , a variable,constant,list, or compound% , a variable,constant,list, or compound

¹ , thesubstitutionbuilt up sofar (optional,defaultsto empty)

if ¹ = failurethen return failure
elseif k = % then return ¹
elseif VARIABLE?( k ) then return UNIFY-VAR( k , % , ¹ )
elseif VARIABLE?( % ) then return UNIFY-VAR( % , k , ¹ )
elseif COMPOUND?( k ) and COMPOUND?( % ) then

return UNIFY(ARGS[ k ], ARGS[ % ], UNIFY(OP[ k ], OP[ % ], ¹ ))
elseif L IST?( k ) and L IST?( % ) then

return UNIFY(REST[ k ], REST[ % ], UNIFY(FIRST[ k ], FIRST[ % ], ¹ ))
elsereturn failure

function UNIFY-VAR( d�
�� , k , ¹ ) returns asubstitution
inputs: d�
�� , a variablek , any expression

¹ , thesubstitutionbuilt up sofar

if � d�
���º1d�
�� �¦»7¹ then return UNIFY( d�
�� , k , ¹ )
elseif ��¼ º"d�
�� �¦»7¹ then return UNIFY( d�
�� , d�
�� , ¹ )
elseif OCCUR-CHECK?( d�
�� , k ) then return failure
elsereturn add � d�
�� / k � to ¹

Figure 9.2
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20 Chapter 9. Inferencein First-OrderLogic

function FOL-FC-ASK( ¡N- , � ) returns a substitutionor /�
��J���
inputs: ¡¢- , theknowledgebase,a setof first-orderdefiniteclauses

� , thequery, anatomicsentence
local variables: �>��u , thenew sentencesinferredon eachiteration

repeatuntil �Y��u is empty�>��u�� �9�
for eachsentence� in ¡N- doX�� �<¤ ����� ¤ � ��½ 5�[4� STANDARDIZE-APART( � )

for each ¹ suchthatSUBST( ¹ , � � ¤ ����� ¤ � � ) = SUBST( ¹ , � |� ¤ ����� ¤ � |� )
for some� |� :�������:I� |� in ¡N-5 | � SUBST( ¹ , 5 )

if 5 | is not a renamingof somesentencealreadyin ¡¢- or �>��u then do
add 5 | to �Y��u¾ � UNIFY( 5 | , � )
if

¾
is not /�
��$� then return

¾
add �Y��u to ¡¢-

return /�
�� ���

Figure 9.5

function FOL-BC-ASK( ¡¢- , +���
��J� , ¹ ) returns a setof substitutions
inputs: ¡¢- , aknowledgebase+���
�� � , a list of conjunctsforminga query( ¹ alreadyapplied)

¹ , thecurrentsubstitution,initially theemptysubstitution�9�
local variables: 
��4��uy����� , a setof substitutions,initially empty

if +���
�� � is emptythen return ��¹��5 | � SUBST( ¹ , FIRST( +���
�� � ))
for eachsentence� in ¡¢- whereSTANDARDIZE-APART( � ) = X�� �P¤ ����� ¤ � ��½À¿ [

and ¹ | � UNIFY( 5 , 5 | ) succeeds�>��u +���
��J�B� ` � � :�������:I� �BÁ REST( +���
�� � ) a
��4��uy�����B� FOL-BC-ASK( ¡¢- , �Y��u +���
�� � , COMPOSE( ¹ | , ¹ )) ¨Â
��4��uy�����
return 
�����uy�����

Figure 9.9

procedure APPEND( 
�k , % , 
i° , �����4	��$�4!�
�	������ )

	���
��$��� GLOBAL-TRAIL-POINTER()
if 
�k = ` a andUNIFY( % , 
i° ) then CALL( �����4	��$��!4
�	������ )
RESET-TRAIL( 	���
��$� )
L� NEW-VARIABLE(); kÃ� NEW-VARIABLE(); °y� NEW-VARIABLE()
if UNIFY( 
ik , [ 
 — k ]) andUNIFY( 
i° , [ 
 — ° ]) then APPEND( k , % , ° , ������	��$�4!�
�	������ )

Figure 9.12
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procedure OTTER( ����� , !"��
������ )
inputs: ����� , a setof support—clausesdefiningtheproblem(aglobalvariable)!"��
������ , backgroundknowledgepotentiallyrelevantto theproblem

repeat
clause� thelightestmemberof �����
move ���(
�!1��� from ����� to !1��
������
PROCESS(INFER( ���(
�!1��� , !"��
������ ), ����� )

until ����� = ` a or a refutationhasbeenfound

function INFER( ���(
�!1��� , !1��
������ ) returns clauses

resolve ���(
�!1��� with eachmemberof !"��
������
return theresultingclausesafterapplyingFILTER

procedure PROCESS( ���(
�!1����� , ����� )
for each ���(
�!1��� in ���(
�!1����� do����
�!"���2� SIMPLIFY( ���(
�!1��� )

mergeidenticalliterals
discardclauseif it is a tautology�����<� [ ���(
�!1��� — ����� ]
if ���(
�!1��� hasno literalsthen arefutationhasbeenfound
if ���(
�!1��� hasoneliteral then look for unit refutation

Figure 9.19
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11 PLANNING

Ä ���$	�X ) 	�X § � : &"ÅLÆ [ ¤Ç) 	�X § � :yÈ Å2¡ [ ¤Ç) 	�X £ � : &"ÅwÆ [ ¤É) 	�X £ � :yÈ Å2¡ [
¤_Ê 
���+��4X §v� [ ¤�Ê 
��3+���X §L� [ ¤ ® ��
��Y��X £ � [ ¤ ® �(
��Y��X £ � [
¤¦) �$���"����	�X�È Å2¡ [ ¤É) �0���"����	�X &"ÅwÆ [�[Ë ��
���X ) 	�X §v� :yÈ Å2¡ [ ¤É) 	�X §L� : &1ÅLÆ [�[

) ��	������2X . ��
e=]X � :>Ì]:<�"[�:
PRECOND: ) 	�X � :2�1[ ¤Ç) 	�X(Ì]:<�"[ ¤�Ê 
���+���X � [ ¤ ® �(
��>��X(Ì
[ ¤Ç) �$���"����	�X��"[
EFFECT: ¥¦) 	�X � :2�"[ ¤ Ä �2X � :
Ì
[�[

) ��	������2X�ÍB�4�(��
�=]X � :
Ì]:2�"[�:
PRECOND:

Ä �2X � :>Ì
[ ¤Ç) 	�X(Ì]:<�1[ ¤�Ê 
���+���X � [ ¤ ® �(
��Y��X(Ì>[ ¤Ç) �$���"����	�X��"[
EFFECT: ) 	�X � :2�"[ ¤T¥ Ä �2X � :
Ì
[�[

) ��	������2X Å � %>X(Ì]:>/�����6P:y	3��[�:
PRECOND: ) 	�X(Ì?:
/�� ��6c[ ¤ ® �(
��>��X(Ì
[ ¤Ç) �$���"����	�X(/�����6V[ ¤Ç) �$���"����	�XI	���[
EFFECT: ¥¦) 	�X(Ì]:>/�����6V[ ¤É) 	�X(Ì]:y	3��[�[

Figure 11.3
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24 Chapter 11. Planning

Ä ���$	�X ) 	�X Å �(
�	�: ) k����i[ ¤É) 	�X & �"
�� ��: l ��!1��'"[�[Ë ��
��IX ) 	�X & �"
����e: ) k�����[�[
) ��	������2X * ��6o��de�eX & �"
�� ��: l ��!"�"'"[ ,

PRECOND: ) 	�X & �"
�� ��: l ��!1��'"[
EFFECT: ¥¦) 	�X & �"
�� �e: l ��!1�"'�[ ¤Ç) 	�X & �"
�� ��: Ë ����!1�>=�[�[

) ��	������2X * ��6o��de�eX Å ��
�	�: ) k�����[ ,
PRECOND: ) 	�X Å ��
�	�: ) k����i[
EFFECT: ¥¦) 	�X Å �(
�	�: ) k�����[ ¤Ç) 	�X Å �(
�	�: Ë ����!1�>=�[�[

) ��	������2X ® !1	 Æ �2X & �"
�� ��: ) k����i[ ,
PRECOND: ) 	�X & �"
�� ��: Ë ����!1�>=4[ ¤É¥¦) 	�X Å �(
�	�: ) k�����[
EFFECT: ¥¦) 	�X & �"
�� ��: Ë � ��!"�
=4[ ¤É) 	�X & �"
�� �e: ) k�����[�[

) ��	������2X . � 
�d�� Æ d������4�(+�,�	 ,
PRECOND:
EFFECT: ¥¦) 	�X & �"
�� ��: Ë � ��!"�
=4[ ¤T¥¦) 	�X & �"
�� ��: ) k����i[ ¤T¥¦) 	�X & �"
�� ��: l ��!"�"'"[

¤;¥¦) 	�X Å ��
�	�: Ë � ��!"�
=4[ ¤T¥¦) 	�X Å ��
�	�: ) k����i[�[

Figure 11.5

Ä ���$	�X Æ �<X�Î�: l 
�������[ ¤�Æ �2X µ : l 
������i[ ¤�Æ �2X § : l 
������i[
¤É- �(����'>X�ÎN[ ¤É- �(����'>X µ [ ¤É- �(����'>X § [
¤�Ê ����
��"X�ÎN[ ¤�Ê ��� 
��1X µ [ ¤�Ê ����
��"X § [�[Ë ��
���X Æ �2X�Î�: µ [ ¤�Æ �<X µ : § [�[

) ��	������2X�ÏÐ��de��X3Ñi: ¼ : � [�:
PRECOND: Æ �2X3Ñi: ¼ [ ¤�Ê ��� 
��1X3Ñ�[ ¤�Ê ����
��"X � [ ¤É- ������'>X3Ñ�[ ¤X3Ñ{KM ¼ [ ¤ X3Ñ�KM � [ ¤ X ¼ KM � [ ,
EFFECT: Æ �<X3Ñi: � [ ¤�Ê ��� 
��"X ¼ [ ¤T¥_Æ �2X3Ñi: ¼ [ ¤É¥_Ê ��� 
��1X � [�[

) ��	������2X�ÏÐ��de� l � l 
�������X3Ñi: ¼ [�:
PRECOND: Æ �2X3Ñi: ¼ [ ¤�Ê ��� 
��1X3Ñ�[ ¤É- �(����'>X3Ñ�[ ¤ X3Ñ{KM ¼ [ ,
EFFECT: Æ �<X3Ñi: l 
�������[ ¤�Ê ��� 
��1X ¼ [ ¤T¥_Æ �<X3Ñi: ¼ [�[

Figure 11.7
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Ä ���$	�X ) 	�X Å �(
�	�: ) k����i[ ¤É) 	�X & �"
�� ��: l ��!1��'"[�[Ë ��
��IX ) 	�X & �"
����e: ) k�����[�[
) ��	������2X * ��6o��de�eX & �"
�� ��: l ��!"�"'"[ ,

PRECOND: ) 	�X & �"
�� ��: l ��!1��'"[
EFFECT: ¥¦) 	�X & �"
�� �e: l ��!1�"'�[ ¤Ç) 	�X & �"
�� ��: Ë ����!1�>=�[�[

) ��	������2X * ��6o��de�eX Å ��
�	�: ) k�����[ ,
PRECOND: ) 	�X Å ��
�	�: ) k����i[
EFFECT: ¥¦) 	�X Å �(
�	�: ) k�����[ ¤Ç) 	�X Å �(
�	�: Ë ����!1�>=�[�[

) ��	������2X ® !1	 Æ �2X & �"
�� ��: ) k����i[ ,
PRECOND: ) 	�X & �"
�� ��: Ë ����!1�>=4[ ¤É¥¦) 	�X Å �(
�	�: ) k�����[
EFFECT: ¥¦) 	�X & �"
�� ��: Ë � ��!"�
=4[ ¤Ç) 	�X & �"
�� �e: ) k����i[�[

) ��	������2X . � 
�d�� Æ d������4�(+�,�	 ,
PRECOND:
EFFECT: ¥¦) 	�X & �"
�� ��: Ë � ��!"�
=4[ ¤É¥¦) 	�X & �"
�� ��: ) k����i[ ¤T¥¦) 	�X & �"
�� ��: l ��!"�"'"[

¤;¥¦) 	�X Å ��
�	�: Ë � ��!"�
=4[ ¤T¥¦) 	�X Å �(
�	�: ) k����i[�[

Figure 11.11

Ä ���$	�X } 
�de�eX Ê 
�'��i[�[Ë ��
���X } 
�d���X Ê 
�'���[ ¤ n 
�	����2X Ê 
i'��i[�[
) ��	������2X n 
�	�X Ê 
i'��i[

PRECOND:
} 
�d���X Ê 
�'���[

EFFECT: ¥ } 
�de��X Ê 
�'e�i[ ¤ n 
�	����2X Ê 
�'e��[ )
) ��	������2X - 
i'���X Ê 
�'���[

PRECOND: ¥ } 
�d���X Ê 
�'���[
EFFECT:

} 
�de��X Ê 
�'e�i[

Figure 11.16

function GRAPHPLAN( �
����������6 ) returns solutionor failure

+e��
��4,v� INITIAL-PLANNING-GRAPH( �
����������6 )+���
�� �<� GOALS[ �4� ��������6 ]
loop do

if +���
��J� all non-mutex in lastlevel of +�� 
��4, then do����� !1	�������� EXTRACT-SOLUTION( +e��
��4, , +���
�� � , LENGTH( +e��
���, ))
if ����� !"	������ÐKM /�
��$� !1��� then return �����J!1	������
elseif NO-SOLUTION-POSSIBLE( +�� 
��4, ) then return /�
��$� !1���

+���
��4,Ã� EXPAND-GRAPH( +�� 
��4, , �
����������6 )

Figure 11.19
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function SATPLAN( �
����������6 ,
l�Ò2Ó�Ô

) returns solutionor failure
inputs: �
����������6 , aplanningprobleml�Ò2Ó�Ô

, anupperlimit for planlength

for
l

= 0 to
l�Ò2Ó�Ô

do����/ , 6o
����
�$�1+Ã� TRANSLATE-TO-SAT( �
����������6 ,
l

)
������(+��46g����	4� SAT-SOLVER( ����/ )
if 
���� ��+��46g���4	 is notnull then

return EXTRACT-SOLUTION( 
�� ���(+e�46g���4	 , 6o
����
�$��+ )
return /�
��$�J!1� �

Figure 11.22



12 PLANNING AND ACTING
IN THE REAL WORLD

Õ�Ö]×3ØiÙ�ÚwÛ>Ü�Ý�Ý�×�Ý"Ù�ÞFß�à9áâÚyÛ>Ü�Ý�Ý�×�Ý"Ù�Þ­ã�à
áåäNÖ4æ1×�ÖBç
Ù�ègß�é�ÞFß�é�ê�ë4à9áÂäÃÖ
æ1×�Ö<ç
Ù�èFã�é�Þ­ã�é�ì1ë4à
áîíïÛ>ç�ç�ðJÝ�ÙIñ7ß�é�ÞFß�é�ê1ë4à9áîíÐÛ>ç�çið(Ý�ÙIñ_ã�é�Þ¢ã�é�òeó�à�à

ô�õ Ü1ð ÙIö õ Ö<ç4Ù�Þxß�à9áÂö õ ÖBç
Ù�Þ­ã�à�à
÷xø Ø3× õ ÖLÙ ÷xù�ù äNÖ
æ�×�Ö<ç4Ù�ú1é�ûeé�üýà�é

PRECOND:
äNÖ
æ1×�Ö<ç
Ù�ú1é�ûeé�þ>à2áâÚyÛ>Ü�Ý�Ý�×�Ý�Ù�û�à9áåÿQäNÖ
æ�×�Ö<ç�Õ�ÖLÙ�û�à�é

EFFECT:
äNÖ
æ�×�Ö<ç�Õ�ÖLÙ�û�à9áåö�����Ü1Ø3× õ ÖLÙ�þ
à�à

÷xø Ø3× õ ÖLÙ ÷xù�ù íÐÛ>ç�çiðJÝ�Ù��Vé�û�à�é
PRECOND:

íÐÛ>ç�çiðJÝ4Ù��gé�ûeé�þ>à9á«ÚwÛ>Ü�Ý�Ý�×�Ý�Ù�û�à�é
EFFECT:

íÐÛ>ç�çiðJÝ��ÃÖLÙ�û�à9áÂö�����Ü1Ø3× õ ÖwÙ�þ>à�à
÷xø Ø3× õ ÖLÙIÕ�ÖYÝ	�]ç ø ØiÙ�û�à�é

PRECOND:
äNÖ4æ1×�ÖBç�Õ�ÖQÙ�û�à2áTíÐÛ>ç�çiðJÝ��ÃÖLÙ�û�à9áâÚyÛ>Ü�Ý�Ý�×�Ý�Ù�û�à�é

EFFECT:
ö õ Ö<ç4Ù�û�à2áÂö�����Ü1Ø3× õ ÖLÙ�ò�ë�à�à

Figure 12.2
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Õ�Ö]×�Ø�Ù�ÚyÛ>Ü�Ý�Ý�×�Ý"Ù�ÞFß�à9áâÚyÛ>Ü�Ý�Ý�×�Ý�Ù�Þ¢ãeà
áåäNÖ4æ1×�ÖBç
Ù�ègß�é�ÞFß�é�ê�ë4à9áÂäÃÖ
æ1×�Ö<ç
Ù�èFã�é�Þ­ã�é�ì1ë4à
áîíïÛ>ç�ç�ðJÝ�ÙIñ7ß�é�ÞFß�é�ê1ë4à9áîíÐÛ>ç�çið(Ý�ÙIñ_ã�é�Þ¢ã�é�òeó�à
áåäNÖ4æ1×�ÖBç�
 õ ×�Ý�Ø3Ý4Ù�ò�à2áTíÐÛ>ç�çið �BØIÜ1Ø3× õ Ö]Ý�Ù�ò�à9áåÕ�Ö]Ý	�]ç ø Ø õ ��Ý�Ù	
�à�à

ô�õ Ü1ð ÙIö õ Ö<ç4Ù�Þxßià2áÂö õ Ö<ç4Ù�Þ­ã�à�à
÷xø Ø3× õ ÖwÙ ÷xù�ù äNÖ
æ�×�Ö<ç4Ù�ú1é�ûeé�ü à�é

PRECOND:
äNÖ
æ1×�Ö<ç
Ù�ú1é�ûeé�þ>à2áâÚwÛ>Ü�Ý�Ý�×�Ý"Ù�û�à9áåÿQäNÖ
æ�×�Ö<ç�Õ�ÖLÙ�û�à�é

EFFECT:
äNÖ
æ�×�Ö<ç�Õ�ÖLÙ�û�à9áåö�����Ü1Ø3× õ ÖLÙ�þ
à�é

RESOURCE:
äNÖ
æ�×�Ö<ç�
 õ ×�Ý�Ø3Ý4Ù�ò�à�à

÷xø Ø3× õ ÖwÙ ÷xù�ù íÐÛ>ç�çiðJÝ�Ù��Vé�û�à�é
PRECOND:

íÐÛ>ç�çið(Ý�Ù��Vé�ûeé�þ
à9áâÚyÛ>Ü�Ý�Ý�×�Ý�Ù�û�à�é
EFFECT:

íÐÛ>ç�çiðJÝ��ÃÖQÙ�û�à2áÂö�����Ü1Ø3× õ ÖwÙ�þ>à�é
RESOURCE:

íÐÛ>ç�ç�ð �BØIÜ1Ø3× õ ÖYÝ4Ù�ò�à�à
÷xø Ø3× õ ÖwÙIÕ�ÖYÝ	�]ç ø ØiÙ�û�à�é

PRECOND:
äNÖ
æ1×�Ö<ç�Õ�ÖLÙ�û�à9áTíïÛ>ç�ç�ðJÝ��ÃÖLÙ�û�à�é

EFFECT:
ö õ Ö<ç4Ù�û�à2áÂö�����Ü1Ø3× õ ÖLÙ�ò�ë�à�é

RESOURCE:
Õ�Ö]Ý	�]ç ø Ø õ ��Ý"Ù�ò�à�à

Figure 12.5

) ��	������2X - !1% . 
��
=]: PRECOND: Ïï���Y��%
: EFFECT: . 
��>= ¤P¥ ÏÐ���Y��%1[
) ��	������2X Ë ��	 . ��
��<: PRECOND:

Ë ����= Ê � � =��$	�: EFFECT: ÏÐ���Y��% ¤ ÏÐ����	$+�
�+1��[
) ��	������2X - !1�$�(= } ��!"����: PRECOND: . 
��>=Y: EFFECT:

} ��!1���i[
) ��	������2X Ë ��	 ® ����6F�0	�: PRECOND: . 
��>=Y: EFFECT:

® ����6F�$	�[
) ��	������2X } �$��� - !1�$��=����1: EFFECT: Ê ����	���
���	�[
) ��	������2X Ê ������	���!���	������<: PRECOND:

® ����6F�0	 ¤�Ê ���4	���
���	�:
EFFECT:

} ��!1��� - !1�0� 	 ¤T¥ ® ����6F�$	�[
) ��	������2X ® 
�% - !1�0�(=����": PRECOND: ÏÐ���>��% ¤ } ��!1��� - !"�$� 	�:

EFFECT: ¥ ÏÐ���Y��% ¤ } ��!1��� ¤T¥_Ê ����	���
���	 [
# � � ��6Ã�"������X - !"�$�(= } ��!1����:® �(
��2X STEPS�e��±<��� Ë ��	 ® ����6F�$	�: ±]��� } �$� � - !1�$��=����1:

±����VÊ ���4��	���!���	������B: ±���� ® 
�% - !1�0�(=���� �
ORDERINGS�e��& 	�
���	�� ±B� � ±�� � ±�� � Å �$�4�$� ,Y: & 	3
���	�� ±]� � ±��i� :
L INKS�e��& 	�
���	����	� ���! ±B� : & 	�
���	�"$# ��%'&��! ±�� :

± �)( %+*+,.- /��! ± � : ± �10 # �2/3*4�65+/��! ± � : ± �87 #	9;: %'< 9 - = /��! ± � :
±���7 #	9>: %��! Å �$�4�$� ,Y: ±���? "@# � %+&��! Å �$���0��, � [�[

Figure 12.9
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function AND-OR-GRAPH-SEARCH( �
����������6 ) returns 
o� ���>=��$	������>
��"�
�(
��<:L���9/�
��$� !"� �
OR-SEARCH(INITIAL-STATE[ �
����������6 ], �
����������6 , ` a )

function OR-SEARCH( ��	�
�	�� , �
����������6 , �"
�	�, ) returns 
o�����
=��$	������

����4��
��B:L���9/�
��$�J!1� �
if GOAL-TEST[ �
����������6 ]( ��	3
�	�� ) then return theemptyplan
if � 	�
�	�� is on �"
�	�, then return /�
��$�J!1� �
for each 
���	������ , ��	3
�	�� ����	 in SUCCESSORS[ �
����������6 ]( ��	3
�	�� ) do�4��
���� AND-SEARCH( ��	3
�	�� ����	 , �
����������6 , ` ��	3
�	�� Á �"
�	�,"a )

if �
�(
��ÐKM /�
��$� !"� � then return ` 
���	������ Á �
�(
��>a
return /�
��$�J!1� �

function AND-SEARCH( ��	�
�	�� ����	 , �
����������6 , �"
�	�, ) returns 
������
=��$	������>
����
�(
��<:L���2/�
��0� !1� �
for each � � in ��	�
�	�� ����	 do�4��
�� � � OR-SEARCH( � � , �
����������6 , �"
�	0, )

if �
�(
�� = /�
��$� !"� � then return /�
��$�J!1� �
return ` if � � then �
�(
�� � elseif � � then �
�(
�� � else ����� if � �BA?� then �
��
�� �BA?� else�
�(
�� � a

Figure 12.14

function REPLANNING-AGENT( �����������
	 ) returns an 
���	������
static: ¡¢- , a knowledgebase(includesactiondescriptions)�
�(
�� , a plan,initially ` au2,"����� �
��
�� , aplan,initially ` a+���
�� , a goal

TELL( ¡¢- , MAKE-PERCEPT-SENTENCE( �����������
	 , 	 ))��!1��� ����	4� STATE-DESCRIPTION( ¡¢- , 	 )
if �4��
�� M ` a thenu2,"����� �
�(
����î�
��
���� PLANNER( ��!1��� ����	 , +���
�� , ¡N- )
if PRECONDITIONS( FIRST( �4��
�� )) not currentlytruein ¡¢- then

candidates� SORT( u2,"����� �
�(
�� , orderedby distanceto ��!1��� ����	 )
find state� in ��
��
=���=�
�	���� suchthat/�
��$�J!1� �xKM � ���"
��$�8� PLANNER( ��!1�������4	 , � , ¡¢- )� ���4	��0��!�
�	�������� thetail of u2,"����� �
�(
�� startingat �u2,"����� �
�(
����î�
��
���� APPEND( �����"
��$� , ������	��$�4!�
�	������ )

return POP( �
�(
�� )

Figure 12.18
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function CONTINUOUS-POP-AGENT( ����� �����
	 ) returns an 
���	������
static: �
�(
�� , a plan,initially with just & 	�
���	 , Å �0���$� ,

���	��������DC­� Æ � (thedefault)
EFFECTS[ & 	�
���	 ] = UPDATE(EFFECTS[ & 	3
���	 ], �����������
	 )
REMOVE-FLAW( �
��
�� ) // possiblyupdating 
���	������
return 
���	������

Figure 12.28

) +����4	��eX�Î�: µ [Ä ���$	�X ) 	�X�Î�: ` . �0/�	�: - 
������ �0�>��a0[ ¤Ç) 	�X µ : ` * �(+�,�	�:�C���	�a0[ ¤
) ���
����
���,��$�1+YX - 
��$��: ` * ��+�,�	�: - 
������ �0�>��a0[�[ ¤ ® 
���	��Y���1X�Î�: µ [ ¤ ® 
���	��Y���"X µ : ÎN[Ë ��
���X * ��	�!1���Y� =>X - 
��$��[ ¤É) 	�X 
�+1���4	�: ` ¼ :ECx��	�a0[�[

) ��	������2X } �$	�X 
�+1���4	�: - 
��$��[�:
PRECOND: ) �e�
����
���,��$��+YX - 
��$��: ` ¼ : � a0[ ¤É) 	�X 
�+1���4	�: ` ¼ : � a0[ ¤® 
���	��Y���1X 
�+1����	�:I�"
���	��Y����[ ¤T¥¦) 	�X0�"
���	��>����: ` ¼ : � a0[
EFFECT: * ��	�!1���Y� =YX - 
��$��[�[

) ��	������2X Ë �4X 
�+����4	�: ` ¼ : � a0[�:
PRECOND: ) 	�X 
�+1���4	�: ` �4:9Ñ�a0[�:
EFFECT: ) 	�X 
�+1����	�: ` ¼ : � a$[ ¤T¥¦) 	�X 
�+1���4	�: ` �4:9Ñ a$[�[

Figure 12.30



13 UNCERTAINTY

function DT-AGENT( �����������4	 ) returns an 
���	������
static: �����J����/ ��	3
�	�� , probabilisticbeliefsaboutthecurrentstateof theworld
���	������ , theagent’saction

update�����J���0/ ��	3
�	�� basedon 
���	������ and �����������
	
calculateoutcomeprobabilitiesfor actions,

givenactiondescriptionsandcurrent � ��� �3�0/ ��	3
�	��
select 
���	������ with highestexpectedutility

givenprobabilitiesof outcomesandutility information
return 
���	������

Figure 13.2

function ENUMERATE-JOINT-ASK( F ,e,P) returns a distributionover F
inputs: F , thequeryvariable

e, observedvaluesfor variablesE
P, a joint distributionon variables�i�ï� ¨ E ¨ Y /* Y = hiddenvariables*/

Q X F [4� a distributionover F , initially empty
for eachvalue ¼ � of F do

Q X ¼ � [4� ENUMERATE-JOINT( ¼ � ,e,Y, ` a ,P)
return NORMALIZE(Q X � [ )

function ENUMERATE-JOINT( ¼ ,e, d�
���� , d�
��J!4��� ,P) returns arealnumber
if EMPTY?( d�
���� ) then return P X ¼ : e:�d�
�� !4����[G � FIRST( d�
���� )
return H ´ ENUMERATE-JOINT( ¼ ,e, REST( d�
���� ), ` �]Á d�
�� !4����a ,P)

Figure 13.6
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14 PROBABILISTIC
REASONING

function ENUMERATION-ASK( F ,e, ��� ) returns a distributionover F
inputs: F , thequeryvariable

e, observedvaluesfor variablesE��� , a Bayesnetwith variables�i�Ð� ¨ E ¨ Y /* Y = hiddenvariables*/

Q X F [4� a distributionover F , initially empty
for eachvalue ¼ � of F do

extende with value ¼ � for F
Q X ¼ � [4� ENUMERATE-ALL(VARS[ ��� ], e)

return NORMALIZE(Q X � [ )
function ENUMERATE-ALL( d�
���� ,e) returns arealnumber

if EMPTY?( d�
���� ) then return 1.0I � FIRST( d�
���� )
if

I
hasvalue % in e

then return
£ X �cÁ Ì4�KJ p�LNM ��X G [�[PO ENUMERATE-ALL(REST( d�
���� ),e)

elsereturn H ´ £ X �gÁ Ì
�KJ p�L�M ��X G [�[PO ENUMERATE-ALL(REST( d�
���� ), é )
whereé is eextendedwith

G M �

Figure 14.10

function ELIMINATION-ASK( F ,e, ��� ) returns adistributionover F
inputs: F , thequeryvariable

e, evidencespecifiedasanevent��� , a Bayesiannetwork specifyingjoint distributionP X �c� :�������: �o� [
/�
���	3�����<� ` a ; d�
����B� REVERSE(VARS[ ��� ])
for each d�
�� in d�
���� do/�
���	������B� ` MAKE-FACTOR XId�
���: e[ Á /�
e��	�������a

if d�
�� is a hiddenvariablethen /�
���	3�����B� SUM-OUT( d�
�� , /�
���	3����� )
return NORMALIZE(POINTWISE-PRODUCT(/�
���	3����� ))

Figure 14.12
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function PRIOR-SAMPLE( ��� ) returns aneventsampledfrom theprior specifiedby ���
inputs: ��� , a Bayesiannetwork specifyingjoint distributionP X �c� :�������: �o� [
x � aneventwith L elements
for Q M z to L do

¼ � � a randomsamplefrom P X � � Á Ì4��J p�LNM ��X � � [�[
return x

Figure 14.15

function REJECTION-SAMPLING( F ,e, ��� , C ) returns anestimateof
£ X � Á e[

inputs: F , thequeryvariable
e, evidencespecifiedasanevent��� , a BayesiannetworkC , thetotal numberof samplesto begenerated

local variables: N, avectorof countsover F , initially zero

for ¶ = 1 to R do
x � PRIOR-SAMPLE( ��� )
if x is consistentwith e then

N[ k ] � N[ k ]+1 where k is thevalueof F in x
return NORMALIZE(N[ F ])

Figure 14.17

function L IKELIHOOD-WEIGHTING( F ,e, ��� , C ) returns anestimateof
£ X � Á e[

inputs: F , thequeryvariable
e, evidencespecifiedasanevent��� , a BayesiannetworkC , thetotal numberof samplesto begenerated

local variables: W, a vectorof weightedcountsover F , initially zero

for ¶ = 1 to R do
x, u�� WEIGHTED-SAMPLE( ��� )
W ` k"a�� W ` k"a�\7u where k is thevalueof F in x

return NORMALIZE(W ` F a )
function WEIGHTED-SAMPLE( ��� ,e) returns aneventanda weight

x � aneventwith L elements;u�� 1
for � = 1 to L do

if � � hasa value ¼ � in e
then u��CuSO £ X �o� M ¼
�9Á Ì4��J p�LNM ��X �o� [�[
else¼ � � arandomsamplefrom P X � � Á Ì
�KJ p�L�M ��X � � [�[

return x, u

Figure 14.19
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function MCMC-ASK( F ,e, ��� , C ) returns anestimateof
£ X � Á e[

local variables: N ` F a , a vectorof countsover F , initially zero
Z, thenonevidencevariablesin ���
x, thecurrentstateof thenetwork, initially copiedfrom e

initialize x with randomvaluesfor thevariablesin Z
for ¶ = 1 to R do

N ` k"a�� N ` k"a�\7z where k is thevalueof F in x
for each T � in Z do

samplethevalueof T � in x from P X T � Á U Ñ�X T � [�[ giventhevaluesof Vâµ X T � [ in x
return NORMALIZE(N ` F a )

Figure 14.21



15 PROBABILISTIC
REASONINGOVER TIME

function FORWARD-BACKWARD(ev, �
������� ) returns a vectorof probabilitydistributions
inputs: ev, a vectorof evidencevaluesfor stepsz�:�������: M�
������� , theprior distributionon theinitial state,P X X W [
local variables: fv, a vectorof forwardmessagesfor stepsX :�������: M

b, a representationof thebackwardmessage,initially all 1s
sv, avectorof smoothedestimatesfor stepsze:�������: M

fv ` X a��T�
�������
for Q M z to M do

fv ` Q a�� FORWARD X fv ` Q �_z�a3: ev ` Q a0[
for Q M M downto 1 do

sv̀ Q a�� NORMALIZE X fv ` Q a�O b [
b � BACKWARD X b : ev ` Q a0[

return sv

Figure 15.5
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function FIXED-LAG-SMOOTHING( p�Y , ,�6F6 , = ) returns adistributionoverX YZA�[
inputs: p�Y , thecurrentevidencefor timestepM,�6F6 , ahiddenMarkov modelwith ± O ± transitionmatrix T= , thelengthof thelag for smoothing
static: 	 , thecurrenttime, initially 1

f, a probabilitydistribution,theforwardmessageP X �\Y�Á p��^] Y [ , initially PRIOR ` ,�6F6oa
B, the _ -stepbackwardtransformationmatrix, initially theidentitymatrix
p YZA�[2] Y , double-endedlist of evidencefrom M � _ to M , initially empty

local variables: O Y	A�[ : O Y , diagonalmatricescontainingthesensormodelinformation

add p Y to theendof p Y	A�[2] Y
O Y � diagonalmatrix containingP X p�Y�Á �\Y [
if M b _ then

f � FORWARD
X f : p�Y [

remove p Y	A�[ A]� from thebeginningof p Y	A�[2] Y
O Y	A�[ � diagonalmatrix containingP X p Y	A�[ Á � Y	A�[ [
B � O A?�Y	A�[ T A?� BTO Y

elseB � BTO Y	
�D	?\{z
if M b _ then return NORMALIZE X f O B1[ elsereturn null

Figure 15.8

function PARTICLE-FILTERING(e, C , =���� ) returns a setof samplesfor thenext timestep
inputs: e, thenew incomingevidenceC , thenumberof samplesto bemaintained=���� , aDBN with prior P X X W [ , transitionmodelP X X �eÁ X W [ , andsensormodelP X E ��Á X � [
static: & , a vectorof samplesof size C , initially generatedfrom P X X W [
local variables: ` , a vectorof weightsof size C
for � = 1 to C do

& [ � ] � samplefrom P X X � Á X W M &y` ��a0[` [ � ] � P X e ÁX � M ±L` Q a$[
& � WEIGHTED-SAMPLE-WITH-REPLACEMENT( C , & , ` )
return &

Figure 15.18



16 MAKING SIMPLE
DECISIONS

function INFORMATION-GATHERING-AGENT( ����� �����
	 ) returns an 
���	������
static: # , a decisionnetwork

integrate�����������
	 into #
¶ � thevaluethatmaximizes a ®8Ä X'b � [�� Ê ����	�X'b � [
if a ®8Ä X'b � [Ðb Ê ����	�X'b � [

then return REQUEST( b � )
elsereturn thebestactionfrom #

Figure 16.9
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17 MAKING COMPLEX
DECISIONS

function VALUE-ITERATION( 6o=�� , c ) returns a utility function
inputs: 6o=�� , anMDP with states& , transitionmodel

l
, rewardfunction * , discountdc , themaximumerrorallowedin theutility of any state

local variables: Í , Í | , vectorsof utilities for statesin & , initially zeroe
, themaximumchangein theutility of any statein aniteration

repeatÍï� Í | ; e � 0
for eachstate� in & doÍv| ` ��a�� *x` ��a¢\ d SVU�Wfhg �	i

j X3�e:��
:���|$[¢Í ` �i|Ja
if Á Í | ` ��aF� Í ` ��a Á b e

then
e � Á Í | ` ��ax� Í ` ��a Á

until
elk c XIzQ� d [�º d

return Í

Figure 17.5

38



39

function POLICY-ITERATION( 6o=�� ) returns a policy
inputs: 6o=�� , anMDP with states& , transitionmodel

l
local variables: Í , Í | , vectorsof utilities for statesin & , initially zerom , a policy vectorindexedby state,initially random

repeatÍï� POLICY-EVALUATION( m , Í , 6o=�� )!1�
��,"
���+1� ="H9� true
for eachstate� in & do

if SVU�W f H �^i
j X3�e:��
:���|$[¢Í ` ��|Jacb H �^i

j X3�e: m ` ��a�:���|$[¢Í ` ��|Ja thenm ` ��a��ÇUon6peSVU�W f H �^i
j X3�e: �
: � | [¢Í ` � | a

!1�>��,"
��1+�� =�H2� false
until !"�
��,"
��1+1��=�H
return

®

Figure 17.9



18 LEARNING FROM
OBSERVATIONS

function DECISION-TREE-LEARNING( ��ke
�6Ã�
����� , 
�	�	�������� , =���/�
�!1� 	 ) returns a decisiontree
inputs: ��k�
�6Ã�
����� , setof examples
�	�	����3��� , setof attributes=���/�
�!1� 	 , default valuefor thegoalpredicate

if � k�
�6Ã�4����� is emptythen return =���/�
�!1� 	
elseif all ��ke
�6Ã�
����� have thesameclassificationthen return theclassification
elseif 
�	�	�������� is emptythen return MAJORITY-VALUE( ��k�
�6Ã�
����� )
else� ����	4� CHOOSE-ATTRIBUTE( 
�	�	�������� , ��k�
�6Ã�
����� )	�� ���<� anew decisiontreewith root test ������	6{� MAJORITY-VALUE( � k�
�6Ã�4����� � )

for eachvalue d � of ������	 do� k�
�6Ã�4����� � � � elementsof ��k�
�6Ã�
����� with ����� 	 M � � �� !
��	�� ���B� DECISION-TREE-LEARNING( � k�
�6Ã�4����� � :�
�	�	��������2�ý������	 , 6 )
addabranchto 	�� ��� with label d � andsubtree��!4��	�� ���

return 	�� ���

Figure 18.6
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function ADABOOST( � k�
�6Ã�
����� , . , Ï ) returns a weighted-majorityhypothesis
inputs: ��k�
�6Ã�
����� , setof C labelledexamplesX ¼]� : �"� [�:�������:�X ¼�q : �Kq [

. , a learningalgorithmÏ , thenumberof hypothesesin theensemble
local variables: w, avectorof C exampleweights,initially ziºKC

h, avectorof Ï hypotheses
z, a vectorof Ï hypothesisweights

for 6 = 1 to Ï do
h ` 6�ae� . ( � k�
�6Ã�
����� ,w)���������8� 0
for ¶ = 1 to C do

if h ` 6�a�X ¼ � [ÃKM � � then ���������8�E���������å\ w ` r a
for ¶ = 1 to C do

if h ` 6�a�X ¼ � [ M � � then w ` r a�� w ` r ats­����������º"XIzQ�{����� ���e[
w � NORMALIZE(w)
z ` 6�a��vuxwyp�XIzL�{����������[�º4����� ���

return WEIGHTED-MAJORITY(h,z)

Figure 18.12

function DECISION-L IST-LEARNING( � k�
�6Ã�4����� ) returns adecisionlist, or /�
��$�J!1� �
if � k�
�6Ã�4����� is emptythen return thetrivial decisionlist C­�
	
� a testthatmatchesa nonemptysubset��k�
�6Ã�
����� Y of ��ke
�6Ã�
�����

suchthatthemembersof � k�
�6Ã�4����� Y areall positiveor all negative
if thereis no such 	 then return /�
��$�J!1� �
if theexamplesin ��k�
�6Ã�
����� Y arepositive then �y� I ��� else �y�zC­�
return adecisionlist with initial test 	 andoutcome� andremainingtestsgivenby

DECISION-L IST-LEARNING( � k�
�6Ã�
�����Ð� � k�
�6Ã�
����� Y )
Figure 18.17



19 KNOWLEDGEIN
LEARNING

function CURRENT-BEST-LEARNING( � k�
�6Ã�4����� ) returns a hypothesis
} � any hypothesisconsistentwith thefirst examplein ��ke
�6Ã�
�����
for eachremainingexamplein � k�
�6Ã�
����� do

if � is falsepositive for
}

then} � choosea specializationof
}

consistentwith ��ke
�6Ã�
�����
elseif � is falsenegative for

}
then} � choosea generalizationof

}
consistentwith ��ke
�6Ã�
�����

if no consistentspecialization/generalizationcanbefoundthen fail
return

}

Figure 19.3

function VERSION-SPACE-LEARNING( � k�
�6Ã�4����� ) returns a versionspace
local variables: a , theversionspace:thesetof all hypotheses

a � thesetof all hypotheses
for eachexample � in ��k�
�6Ã�
����� do

if a is notemptythen a � VERSION-SPACE-UPDATE( a , � )
return a

function VERSION-SPACE-UPDATE( a , � ) returns anupdatedversionspace

a � � ^ »{a|� ^ is consistentwith � �

Figure 19.5
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function M INIMAL-CONSISTENT-DET(
n

, ) ) returns a setof attributes
inputs:

n
, a setof examples

) , a setof attributes,of size �
for �"� X :V������:g� do

for eachsubset)L� of ) of size � do
if CONSISTENT-DET?( ) � , n ) then return ) �

function CONSISTENT-DET?( ) ,
n

) returns a truth-value
inputs: ) , a setof attributesn

, a setof examples
local variables:

}
, ahashtable

for eachexample � in
n

do
if someexamplein

}
hasthesamevaluesas � for theattributes )

but a differentclassificationthen return /�
��J���
storetheclassof � in

}
, indexedby thevaluesfor attributes ) of theexample �

return 	���!4�

Figure 19.11



44 Chapter 19. Knowledgein Learning

function FOIL( � k�
�6Ã�
����� , 	�
��3+���	 ) returns a setof Horn clauses
inputs: ��k�
�6Ã�
����� , setof examples	�
���+1��	 , a literal for thegoalpredicate
local variables: ����
�!"����� , setof clauses,initially empty

while ��ke
�6Ã�
����� containspositiveexamplesdo����
�!"���2� NEW-CLAUSE( � k�
�6Ã�
����� , 	3
���+1��	 )
removeexamplescoveredby ���(
�!1��� from ��ke
�6Ã�
�����
add ���(
�!1��� to ����
�!"�����

return ���(
�!1�����
function NEW-CLAUSE( ��k�
�6Ã�
����� , 	3
���+1��	 ) returns aHorn clause

local variables: ����
�!"��� , aclausewith 	3
���+1��	 asheadandanemptybody� , a literal to beaddedto theclause� k�	����>=�� = ��k�
�6Ã�
����� , a setof exampleswith valuesfor new variables

��k�	����
=�� = ��ke
�6Ã�
�����B��� k�
�6Ã�
�����
while ��k�	����>=�� = � k�
�6Ã�
����� containsnegativeexamplesdo�e� CHOOSE-L ITERAL(NEW-L ITERALS( ���(
�!1��� ), � k�	����>=���= ��ke
�6Ã�
����� )

append� to thebodyof ���(
�!1���
� k�	����>=�� = ��k�
�6Ã�
�����<� setof examplescreatedby applyingEXTEND-EXAMPLE

to eachexamplein � k�	����>=���= � k�
�6Ã�4�����
return ���(
�!1���

function EXTEND-EXAMPLE( ��k�
�6Ã�
��� , �J�$	�����
�� ) returns
if � k�
�6Ã�4��� satisfies�J�$	�����
��

then return thesetof examplescreatedby extending � k�
�6Ã�
��� with
eachpossibleconstantvaluefor eachnew variablein � �$	���� 
��

elsereturn theemptyset

Figure 19.16



20 STATISTICAL LEARNING
METHODS

function PERCEPTRON-LEARNING( ��ke
�6Ã�
����� , �Y��	�u�����' ) returns aperceptronhypothesis
inputs: ��k�
�6Ã�
����� , asetof examples,eachwith inputx M k � :�������:�k � andoutput %�Y��	�u�����' , a perceptronwith weights · � : r M X ����� L , andactivationfunction +
repeat

for each � in ��ke
�6Ã�
����� do�$��� H ��~} W · � k � ` ��an �����D% ` p aF�¬+YXI�$�][
· � � · � \ � O n ����O�+ | XI�$�][�O�k � ` ��a

until somestoppingcriterionis satisfied
return NEURAL-NET-HYPOTHESIS( �Y��	�u�����' )

Figure 20.22

45



46 Chapter 20. StatisticalLearningMethods

function BACK-PROP-LEARNING( ��ke
�6Ã�
����� , �Y��	�u�����' ) returns a neuralnetwork
inputs: ��k�
�6Ã�
����� , a setof examples,eachwith inputvectorx andoutputvectory�Y��	�u�����' , a multilayernetwork with . layers,weights · � ³ � , activationfunction +
repeat

for each � in ��ke
�6Ã�
����� do
for eachnoder in theinput layerdo 
 � �~k ��` ��a
for � = 2 to Ï do�$� � � H � · � ³ � 
 �
 � �~+>XI�$� � [
for eachnodeQ in theoutputlayerdom � �Ç+ | XI�0� � [�OÉX � � ` ��aF�C� � [
for � = Ï � z to 1 do

for eachnoder in layer � dom � �~+ | XI�$� � [ H � · � ³ � m �
for eachnodeQ in layer � \{z do

· � ³ � � · � ³ � \ � OÉ� � O m �
until somestoppingcriterionis satisfied
return NEURAL-NET-HYPOTHESIS( �Y��	�u�����' )

Figure 20.27



21 REINFORCEMENT
LEARNING

function PASSIVE-ADP-AGENT( �����������
	 ) returns anaction
inputs: �����������4	 , a perceptindicatingthecurrentstate� | andrewardsignal � |
static: m , a fixedpolicy6o=�� , anMDP with model

j
, rewards� , discountdÍ , a tableof utilities, initially emptyC : � , a tableof frequenciesfor state-actionpairs,initially zeroC : � : i , a tableof frequenciesfor state-action-statetriples,initially zero� , 
 , thepreviousstateandaction,initially null

if ��| is new then do Í [ ��| ] �D��| ; * [ ��| ] �D��|
if � is notnull then do

incrementC : � [ � , 
 ] and C : � : i [ � , 
 , ��| ]
for each 	 suchthat C : � : i [ � , 
 , 	 ] is nonzerodol

[ � , 
 , 	 ] �DC : � : i [ � , 
 , 	 ] / C : � [ � , 
 ]ÍÐ� VALUE-DETERMINATION( m , Í , 6o=�� )
if TERMINAL?[ � | ] then � , 
w� null else � , 
L�C� | , m ` � | a
return 


Figure 21.3
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48 Chapter 21. ReinforcementLearning

function PASSIVE-TD-AGENT( �����������4	 ) returns anaction
inputs: �����������4	 , a perceptindicatingthecurrentstate� | andrewardsignal � |
static: m , a fixedpolicyÍ , a tableof utilities, initially emptyC � , a tableof frequenciesfor states,initially zero� , 
 , � , thepreviousstate,action,andreward,initially null

if � | is new then Í [ � | ] �D� |
if � is notnull then do

incrementC � [ � ]Í [ � ] � Í ` ��a­\ � XZC � ` ��a$[�XI�å\ d Í ` � | aF� Í ` ��a0[
if TERMINAL?[ ��| ] then � , 
 , ��� null else � , 
 , ���D��| , m ` ��|(a , ��|
return 


Figure 21.6

function Q-LEARNING-AGENT( ����� �����
	 ) returns anaction
inputs: �����������4	 , a perceptindicatingthecurrentstate� | andrewardsignal � |
static: � , a tableof actionvaluesindex by stateandactionC : � , a tableof frequenciesfor state-actionpairs� , 
 , � , thepreviousstate,action,andreward,initially null

if � is not null then do
incrementC : � [ � , 
 ]�F` 
4:���a�� �F` 
4:���a¢\ � XZC : � ` ��:i
ea$[�XI�Â\ d SgU�W f i �F` � | :�� | ax� �F` 
4:���a0[

if TERMINAL?[ � | ] then � , 
 , ��� null
else � , 
 , ���D� | , Uon6peSgU�W f i R X �F` � | :�� | a3:>C : � ` � | :�� | a0[ , � |
return 


Figure 21.11



22 COMMUNICATION

function NAIVE-COMMUNICATING-AGENT( �����������
	 ) returns 
���	������
static: ¡¢- , a knowledgebase��	3
�	�� , thecurrentstateof theenvironment
���	������ , themostrecentaction,initially none

��	�
�	��2� UPDATE-STATE( ��	�
�	�� , 
���	������ , ����� �����
	 )u�����=��<� SPEECH-PART( �����������
	 )����6o
��4	������<� DISAMBIGUATE(PRAGMATICS(SEMANTICS(PARSE( u�����=�� ))))
if u�����=�� = C­���Y� and 
e��	������ is not a SAY then /* Describethestate*/

return SAY(GENERATE-DESCRIPTION( � 	�
�	�� ))
elseif TYPE[ ����6o
��4	������ ] = Commandthen /* Obey thecommand*/

return CONTENTS[ ����6o
��4	������ ]
elseif TYPE[ ����6o
��4	������ ] = Questionthen /* Answerthequestion*/
��4��uy���8� ASK( ¡¢- , ����6o
��4	������ )

return SAY(GENERATE-DESCRIPTION( 
��4��uy��� ))
elseif TYPE[ ����6o
��4	������ ] = Statementthen /* Believethestatement*/

TELL( ¡N- , CONTENTS[ ����6o
��4	������ ])
/* If wefall throughto here, do a “r egular” action*/
return FIRST(PLANNER( ¡¢- , ��	3
�	�� ))

Figure 22.3
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50 Chapter 22. Communication

function CHART-PARSE( u�����=�� , +e��
�6F6o
�� ) returns ��,"
���	
��,"
���	
� array[0.. . LENGTH( u�����=�� )] of emptylists
ADD-EDGE( ` X : X : ± | ! � ± a )
for �"� fr om 0 to LENGTH( u�����=�� ) do

SCANNER( � , uy��� =�� [ � ])
return ��,1
���	

procedure ADD-EDGE( � =�+�� )
/* Addedge to chart, andseeif it extendsor predictsanotheredge. */
if ��=�+1� not in ��,"
���	 [END( � =�+�� )] then

append� =�+�� to ��,1
���	 [END( � =�+1� )]
if � =�+�� hasnothingafterthedot then EXTENDER( � =�+1� )
elsePREDICTOR( ��=�+1� )

procedure SCANNER(¶ , u�����= )
/* For each edgeexpectinga word of this categoryhere, extendtheedge. */
for each ` Q : r : ) ! � � - � a in ��,"
���	 [ ¶ ] do

if u�����= is of category - then
ADD-EDGE( ` Q : r \Fze:8Îh! ��µ � � a )

procedure PREDICTOR( ` ��: ¶ : ) ! � � -_� a )
/* Addto chart anyrulesfor - thatcouldhelpextendthisedge*/
for each X - ! d [ in REWRITES-FOR( - , +e��
�6F6o
�� ) do

ADD-EDGE( ` r : r : - ! � d a )
procedure EXTENDER( ` ¶ :�'
: - ! d �1a )

/* Seewhatedgescanbeextendedby thisedge*/
p�� � theedgethatis theinput to thisprocedure
for each ` Q : r :<Î�! � � µ | � a in ��,"
���	 [ ¶ ] do

if µ M µ | then
ADD-EDGE( ` Q :;�
:ïÎh! �;p � � � a )

Figure 22.9



23 PROBABILISTIC
LANGUAGEPROCESSING

function V ITERBI-SEGMENTATION( 	���k�	 , ® ) returns bestwordsandtheirprobabilities
inputs: 	���k�	 , a stringof characterswith spacesremoved®

, aunigramprobabilitydistributionoverwords

��� LENGTH( 	���k�	 )u�����=��<� emptyvectorof length L \{z
����� 	4� vectorof length L \{z , initially all 0.0����� 	 [0] � 1.0
/* Fill in thevectorsbest,wordsvia dynamicprogramming*/
for � = 0 to L do

for ¶ = 0 to Q �_z dou�����=v�D	�� k�	 [ r : Q ]u�� LENGTH( u�����= )
if

®
[ uy��� = ] O ������	 [ � - u ] � ������	 [ � ] then������	 [ Q ] � ®

[ u�����= ] Oý����� 	 [ Q ��� ]u�����=�� [ Q ] �Cu�����=
/* Nowrecover thesequenceof bestwords*/
sequence� theemptylistQ � L
while Q b X do

push u�����=�� [ Q ] ontofront of ��� 5�!4���>���
Q � Q � LENGTH( u�����=�� [ Q ])

/* Returnsequenceof bestwordsandoverall probabilityof sequence*/
return ��� 5�!4���>��� , ������	 [ Q ]
Figure 23.2
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24 PERCEPTION

function ALIGN( �$6o
�+1� , 6o��=���� ) returns a solutionor failure
inputs: �06o
�+1� , a list of imagefeaturepoints6o��=���� , a list of modelfeaturepoints

for each Ì � :
Ì � :>Ì � in TRIPLETS( �$6o
�+�� ) do
for each U¦� : U;� : U�� in TRIPLETS( 6o��=���� ) do� � FIND-TRANSFORM( Ì � :>Ì � :>Ì � , U¦� : U;� : U�� )

if projectionaccordingto � explainsimagethen
return �

return failure

Figure 24.22
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25 ROBOTICS

function MONTE-CARLO-LOCALIZATION( 
 , ° , C , 6o��=���� , 6o
�� ) returns asetof samples
inputs: 
 , thepreviousrobotmotioncommand

z, a rangescanwith Ï readings° � :�������:�°;�C , thenumberof samplesto bemaintained6o��=���� , a probabilisticenvironmentmodelwith poseprior P X X W [ ,
motionmodelP X X ��Á X W : Î W [ , andrangesensornoisemodel

£ X^� Á>��L[
6o
�� , a 2D mapof theenvironment

static: & , a vectorof samplesof size C , initially generatedfrom P X X W [
local variables: ` , a vectorof weightsof size C
for � = 1 to C do

& [ � ] � samplefrom P X X �eÁ X W M &y` ��a3:<Î W M 
1[
` [ � ] � 1
for ¶ =1 to Ï do�°y� EXACT-RANGE(¶ , & [ � ], 6o
�� )` ` �3a�� `�` ��a�s £ X^� M ° � Á;�� M �°�[& � WEIGHTED-SAMPLE-WITH-REPLACEMENT( C , & , ` )

return &

Figure 25.8
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26 PHILOSOPHICAL
FOUNDATIONS
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27 AI: PRESENTAND
FUTURE
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