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Preface

This Instructors SolutionManualprovidessolutions(or at leastsolutionsketches)or
almostall of the 400 exercisesin Artificial Intelligence: A Modern Approacd (Secondedi-
tion). We only give actualcodefor afew of the programmingexerciseswriting alot of code
would notbethathelpful,if only becauseve don't know whatlanguageyou prefer

In mary caseswe give ideasfor discussionand follow-up questionsandwe try to
explainwhywe designedeachexercise.

Thereis more supplementarynaterialthat we wantto offer to the instructor but we
have decidedto do it throughthe mediumof the World Wide Webratherthanthrougha CD
or printedinstructors Manual. Theideais thatthis solutionmanualcontainghe materialthat
mustbekeptsecreffrom studentsbut the Web site containamaterialthatcanbe updatedand
addedo in amoretimely fashion.Theaddresgor thewebsiteis:

http://aima.cs.b er kele y. edu
andtheaddresdor the onlinelnstructors Guideis:

http://aima.cs.b er kele y. edu/i nstr uctor s. ht ml
Thereyouwill find:

e Instructionson how to join the aima-instructors discussionist. We stronglyrecom-
mendthat you join so that you canreceve updates,corrections,notification of new
versionsof this SolutionsManual, additionalexercisesand exam questionsgtc.,in a
timely manner

e Sourcecodefor programsrom thetext. We offer codein Lisp, Python,andJava, and
pointto codedevelopedby othersin C++ andProlog.

e Programmingesourcegndsupplementatexts.

e Figuresfrom thetext; for overheadransparencies.

e Terminologyfrom theindex of thebook.

e Othercourseausingthe bookthathave homepageson the Weh You canseeexample
syllabi and assignmentéere. Pleasedo not put solutionsetsfor AIMA exerciseson
publicwebpages!

e Al Educationinformationon teachingntroductoryAl courses.

¢ OthersitesontheWebwith informationon Al. Organizedoy chaptelin thebook;check
this for supplementammaterial.

We welcomesuggestiongor new exercises,nen ervironmentsand agents,etc. The
bookbelongsto you, theinstructor asmuchasus. We hopethatyou enjoy teachingfrom it,
thatthesesupplementamaterialshelp,andthatyouwill shareyour supplementandexperi-
enceawith otherinstructors.



Solutiongfor Chapterl
Introduction

1.1

a. Dictionary definitions of intelligence talk about“the capacityto acquireand apply
knowledge” or “the faculty of thoughtandreason”or “the ability to comprehendnd
profit from experiencé. Theseareall reasonabl@answersput if we wantsomething
gquantifiablewe would usesomethingdik e “the ability to apply knowledgein orderto
performbetterin anernvironment.

b. We defineartificial intelligence asthe studyandconstructionof agentprogramsthat
performwell in agivenervironment,for agivenagentarchitecture.

c. We defineanagentasanentity thattakesactionin responsdo perceptfrom anervi-
ronment.

1.2 Seethesolutionfor exercise26.1for somediscussiorof potentialobjections.

The probability of fooling aninterrogatordepend®n just how unskilledtheinterroga-
tor is. Oneentrantin the 2002 Loebnerprize competition(which is not quite a real Turing
Test) did fool onejudge, althoughif you look at the transcript,it is hardto imaginewhat
that judge wasthinking. Therecertainly have beenexamplesof a chatbotor otheronline
agentfooling humans. For example, seeSeelLenry Foners accountof the Julia chatbot
at fonerwww.media.mit.edu/people/foridulia/. We’d say the chancetoday is something
like 10%, with the variationdependingnore on the skill of the interrogatorratherthanthe
program.Iln 50 years,we expectthatthe entertainmenindustry(movies, videogamesgcom-
mercials)will have madesuficient investmentsn artificial actorsto createvery credible
impersonators.

1.3 The2002Loebnerprize (www.loebnemet)wentto Kevin Copples programELLA. It
consistsof a prioritized setof pattern/actiomrules: if it seesatext string matchinga certain
pattern,it outputsthe correspondingesponsewhich may include piecesof the currentor
pastinput. It alsohasa large databasef text and hasthe Wordnetonline dictionary It is
thereforeusingratherrudimentarytools, andis not advancingthe theoryof Al. It is provid-
ing evidenceon the numberandtype of rulesthat are suficient for producingone type of
conversation.

1.4 No. It meanghatAl systemshouldavoid trying to solve intractablgproblems.Usually,
this meanghey canonly approximateoptimalbehaior. Noticethathumansdon't solve NP-
completeproblemseither Sometimeshey aregoodat solvingspecificinstancesith alot of
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Chapter 1. Introduction

structure perhapswith the aid of backgroundknowledge. Al systemsshouldattemptto do
thesame.

1.5 No. IQ testscoresorrelatewell with certainothermeasuresuchassucces college,
but only if they’re measuringairly normalhumans.ThelQ testdoesnt measureverything.
A programthatis specializenly for 1Q tests(andspecializedurtheronly for the analogy
part)would very likely performpoorly on othermeasure®f intelligence. SeeThe Mismea-
sure of Man by Stephenlay Gould, Norton, 1981 or Multiple intelligences: the theoryin
practice by Howard Gardner BasicBooks, 1993for moreon I1Q tests,whatthey measure,
andwhatotheraspectshereareto “intelligence’

1.6 Justasyou areunawvare of all the stepsthat go into makingyour heartbeat,you are
alsounawvareof mostof whathappensn your thoughts.You do have aconsciouswareness
of someof your thoughtprocesseshut the majority remainsopaqueto your consciousness.
Thefield of psychoanalysiss basedon the ideathat one needstrainedprofessionahelp to
analyzeones own thoughts.

1.7

a. (ping-pong)A reasonabléevel of proficieny wasachiered by Anderssors robot(An-
dersson1988).

b. (driving in Cairo)No. Althoughtherehasbeenalot of progressn automatediriving,
all suchsystemscurrentlyrely on certainrelatively constantclues: that the road has
shouldersaanda centerline, thatthe caraheadwill travel a predictablecoursethatcars
will keepto their sideof theroad,andsoon. To our knowledge,noneareableto avoid
obstacle®r othercarsor to changdanesasappropriatetheir skills aremostly confined
to stayingin onelaneatconstanspeedDriving in downtown Cairois toounpredictable
for ary of theseto work.

c. (shoppingatthemarket) No. No robotcancurrentlyputtogethethetasksof movingin
acrowdedervironment,usingvision to identify a wide variety of objects,andgrasping
the objects(including squishableregetables)vithout damaginghem. The component
piecesarenearlyableto handletheindividual tasks,but it would take a majorintegra-
tion effort to putit all together

d. (shoppingon the web) Yes. Software robotsare capableof handlingsuchtasks,par
ticularly if the designof the web groceryshoppingsite doesnot changeradically over
time.

e. (bridge)Yes.ProgramsuchasGIB now play atasolid level.

f. (theoremproving) Yes. For example,the proof of Robbinsalgebradescribedn page
3009.

g. (funny story) No. While somecomputergeneratecdoroseand poetry is hysterically
funny, this is invariably unintentional,exceptin the caseof programsthat echoback
prosethatthey have memorized.

h. (legal advice)Yes,in somecases.Al hasalong history of researchnto applications
of automatedegal reasoning.Two outstandingexamplesarethe Prolog-basedxpert



systemausedin theUK to guidemember®f thepublicin dealingwith theintricaciesof
thesocialsecurityandnationalitylaws. Thesocialsecuritysystems saidto have saved
the UK governmentapproximatehy$150million in its first yearof operation.However,
extensioninto morecomple areassuchascontractlaw awaits a satishctoryencoding
of thevastwebof common-sensknowledgepertainingto commerciatransactionsand
agreemenandbusinesgractices.

i. (translation)Yes. In alimited way, this is alreadybeingdone. SeeKay, Gavron and
Norvig (1994) and Wahlster(2000) for an overvien of thefield of speecttranslation,
andsomelimitationson the currentstateof the art.

j. (sugery) Yes. Robotsareincreasinglybeingusedfor suigery, althoughalwaysunder
thecommandof adoctor

1.8 Certainlyperceptiorandmotorskills areimportant,andit is agoodthingthatthefields
of vision androboticsexist (whetheror not you wantto considerthempart of “core” Al).

But given a percept,an agentstill hasthe task of “deciding” (either by deliberationor by
reaction)which actionto take. This is just astruein the real world asin artificial micro-
worldssuchaschess-playingSo computingthe appropriateactionwill remainacrucial part
of Al, regardles®f theperceptuaindmotorsystento whichtheagentrogramis “attached.
Ontheotherhand,it is true thata concentratioron micro-worlds hasled Al away from the
really interestingernvironments(seepage46).

1.9 Evwolution tendsto perpetuateorganisms(and combinationsand mutationsof organ-
isms)that are succesfulenoughto reproduce.Thatis, evolution favors organismsthat can
optimizetheir performanceneasurdo atleastsurvive to the ageof sexual maturity andthen
be ableto win a mate. Rationalityjust meansoptimizing performanceneasuresothisis in
line with evolution.

1.10 Yes,they arerational, becauseslower, deliberatve actionswould tendto resultin
more damageto the hand. If “intelligent” means‘applying knowledge” or “using thought
andreasoning'thenit doesnotrequireintelligenceto make areflex action.

1.11 Thisdepend®nyourdefinitionof “intelligent” and“tell.” In onesense&omputeronly
dowhatthe programmergommandhemto do, but in anothersensewvhatthe programmers
consciouslytellsthecomputetto do oftenhasverylittle to dowith whatthecomputelactually
does. Anyonewho haswritten a programwith an ornery bug knows this, asdoesaryone
who haswritten a successfuiachinelearningprogram.Soin onesenseSamuel‘told” the
computer‘learn to play checlers betterthan| do, andthen play thatway,” but in another
sensehetold the computer‘follow this learningalgorithm” andit learnecdto play. Sowe're
left in the situationwhereyou may or may not considefearningto play checlersto be s sign
of intelligence(or you maythink thatlearningto play in theright way requiresintelligence,
but notin this way), andyou may think the intelligenceresidesn the programmeior in the
computer

1.12 Thepointof this exerciseis to noticethe parallelwith the previousone. Whatever you
decidedaboutwhethercomputersouldbeintelligentin 1.9,youarecommittecto makingthe



Chapter 1. Introduction

sameconclusiomboutanimals(includinghumans)unlessyourreasongor decidingwhether
somethingis intelligent take into accountthe mechanism(programmingvia genesversus

programmingvia a humanprogrammer).Note that Searlemakesthis appealto mechanism
in his ChineseRoomargument(seeChapter26).

1.13 Again,thechoiceyoumalein 1.11drivesyour answetto this question.



Solutiongfor Chapter2
IntelligentAgents

MOBILE AGENT

2.1

Thefollowing arejust someof themary possibledefinitionsthatcanbewritten:

Agent anentity thatpercevesandacts;or, onethatcan be viewedasperceving and
acting. Essentiallyary objectqualifies;thekey pointis the way the objectimplements
an agentfunction. (Note: someauthorsrestrictthe termto programsthat operateon
behalfof a human,or to programsthat cancausesomeor all of their codeto run on
othermachineson a network, asin mobile agents)

Agentfunction afunctionthatspecifiegsheagents actionin responseo every possible
percepsequence.

Agent progrant that programwhich, combinedwith a machinearchitecture,imple-
mentsan agentfunction. In our simple designsthe programtakes a newv percepton
eachinvocationandreturnsanaction.

Rationality a propertyof agentshatchooseactionsthatmaximizetheir expectedutil-
ity, giventhe perceptdo date.

Autonomy a propertyof agentsvhosebehaior is determinedy their own experience
ratherthansolely by theirinitial programming.

Reflex agent anagentwhoseactiondepend®nly onthecurrentpercept.
Model-basedagent anagentwhoseactionis derived directly from aninternalmodel
of thecurrentworld statethatis updatedover time.

Goal-basedagent anagentthat selectsactionsthatit believeswill achiare explicitly
representedoals.

Utility-basedagent an agentthat selectsactionsthat it believes will maximizethe
expectedutility of theoutcopmestate.

Learningagent anagentwhosebehaior improvesovertime basednits experience.

2.2 A performancemeasuras usedby an outsideobserer to evaluatehowv successfulin
agentis. It is afunctionfrom historiesto arealnumber A utility functionis usedby anagent
itself to evaluatehow desirablestatesor historiesare. In our framework, the utility function
may notbethesameasthe performanceneasurefurthermore anagentmayhave no explicit

utility functionatall, whereaghereis alwaysa performanceneasure.

2.3 Althoughthesequestionsarevery simple,they hint at somevery fundamentalssues.
Ouranswerarefor thesimpleagentdesigndor staticervironmentswherenothinghappens
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Chapter 2. IntelligentAgents

EXTERNAL MEMORY

while the agentis deliberating;the issuesget even more interestingfor dynamicerviron-
ments.

a. Yes;take ary agentprogramandinsertnull statementshatdo not affect the output.
b. Yes;the agentfunction might specify that the agentprint true whenthe perceptis a

Turing machineprogramthat halts,and false otherwise. (Note: in dynamicerviron-
ments,for machinesof lessthaninfinite speedthe rationalagentfunction may not be
implementableg.g.,the agentfunction that alwaysplaysawinning move, if ary, in a
gameof chess.)

. Yes;theagents behaior is fixed by the architectureandprogram.
. Thereare2™ agentprogramsalthoughmary of thesewill notrunatall. (Note: Any

givenprogramcandevote at mostn bits to storagesoits internalstatecandistinguish
amongonly 2™ pasthistories.Becausd¢heagentfunctionspecifiesactionsbasednper
cepthistories,therewill be mary agentfunctionsthatcannotbe implementececause
of lack of memoryin themachine.)

2.4 Noticethatfor our simpleervironmentalassumptionsve neednot worry aboutquanti-
tative uncertainty

a. It sufiicesto shaw thatfor all possibleactualernvironmentg(i.e., all dirt distributionsand

initial locations) this agentcleanshe squarestleastasfastasary otheragent.Thisis
trivially truewhenthereis no dirt. Whenthereis dirt in theinitial locationandnonein
the otherlocation,theworld is cleanafteronestep;no agentcando better Whenthere
is nodirt in theinitial locationbut dirt in the other theworld is cleanaftertwo stepsno
agentcando better Whenthereis dirt in bothlocations,the world is cleanafterthree
stepsnoagentcando better (Note: in generalthe conditionstatedn thefirst sentence
of thisansweris muchstricterthannecessarfor anagentto berational.)

. Theagentin (a) keepsmoving backwardsandforwardseven afterthe world is clean.

It is betterto do NoOp oncethe world is clean(the chaptersaysthis). Now, since
the agents perceptdoesnt saywhetherthe othersquareis clean,it would seemthat
the agentmusthave somememoryto saywhetherthe othersquarehasalreadybeen
cleaned. To malke this agumentrigorousis more difficult—for example, could the

agentarrangehingssothatit would only bein acleanleft squaravhentheright square
wasalreadyclean? As a generalstratgy, an agentcan usethe ervironmentitself as
a form of extemal memory—a commontechniguefor humanswho usethingslike

appointmentalendarandknotsin handlerchiefs.In this particularcase however, that
is not possible.Considerthe reflex actionsfor [A, Clean| and[B, Clean]. If eitherof

theseis NoOp, thenthe agentwill fail in the casewherethatis theinitial perceptbut

the othersquareis dirty; hence,neithercanbe NoOp andthereforethe simplereflex

agentis doomedo keepmoving. In generalthe problemwith reflex agentss thatthey

have to do the samething in situationsthat look the same,even whenthe situations
are actually quite different. In the vacuumworld this is a big liability, becausevery

interior square(excepthome)looks eitherlike a squarewith dirt or a squarewithout

dirt.



AgentType Performance | Environment Actuators Sensors
Measure
Robotsoccer Winning game, Field, ball, own Devices(e.g., Cameratouch
player goalsfor/against team,otherteam, | legs)for Sensors,
own body locomotionand accelerometers,
kicking orientation
Sensors,
wheel/joint
encoders
Internet Obtainre- Internet Follow link, Webpagesuser
book-shopping quested/interesting enter/submitlata | requests
agent books,minimize in fields,display
expenditure to user
Autonomous Terrainexplored Launchvehicle, Wheels/lgs, Camerafouch
Marsrover andreported, lander Mars samplecollection | sensors,
samplegathered device, analysis accelerometers,
andanalyzed devices,radio orientation
transmitter Sensors,
wheel/joint
encoderstadio
recever
Mathematiciars
theorem-preing
assistant
FigureS2.1 Agenttypesandtheir PEASdescriptionsfor Ex. 2.5.

2.5
2.6

If we considerasymptoticallylong lifetimes, thenit is clearthat learninga map (in

someform) confersan advantagebecausdt meansthatthe agentcanavoid bumping
into walls. It canalsolearnwheredirt is mostlikely to accumulateand can devise
an optimal inspectionstratgy. The precisedetailsof the exploration methodneeded
to constructa completemap appearin Chapter4; methodsfor deriving an optimal

inspection/cleanuptratgy arein Chapter21.

Somerepresentate, but notexhaustve, answersaregivenin FigureS2.1.

Environmentpropertiesaregivenin FigureS2.2.Suitableagenttypes:

. A model-basedeflex agentwould sufiice for mostaspectsfor tacticalplay, a utility-

basedagentwith lookaheadvould be useful.

. A goal-basedgentwould be appropriatgfor specificbook requests.For more open-

endedasks—e.g.,Find mesomethingnterestingo read’—tradedt areinvolvedand
theagentmustcompareutilities for variouspossiblepurchases.



Chapter 2. IntelligentAgents

TaskEnvironment Obsenable Deterministic Episodic Static  Discrete Agents

Robotsoccer Partially Stochastic Sequential Dynamic Continuous Multi

Internetbook-shopping | Partially Deterministi¢ Sequential Static Discrete Single

AutonomousMarsrover | Partially Stochastic Sequential Dynamic Continuous Single

Mathematiciars assistant  Fully Deterministic Sequential Semi Discrete  Multi

FigureS2.2  Environmentpropertiedor Ex. 2.6.

¢. A model-basedeflex agentwould sufice for low-level navigation andobstacleavoid-
ancejfor routeplanning,explorationplanning,experimentationetc.,somecombination
of goal-base@ndutility-basedagentsvould beneeded.

d. For specificproof tasks,a goal-basedgentis needed.For “exploratory” tasks—e.g.,
“Prove someusefullemmataconcerningoperationon strings”—autility-basedarchi-
tecturemight be needed.

2.7 Thefile "agents/environm ents /v acuuml is p" inthecoderepositoryimple-
mentsthe vacuum-cleaneervironment. Studentscan easily extendit to generateifferent
shapedooms,obstaclesandsoon.

2.8 A reflex agentprogramimplementingtherationalagentfunctiondescribedn thechap-
teris asfollows:

(defun  reflex-rational -v acuum-agent (percept)
(destructuring- bi nd (location status) percept
(cond ((eq status ’'Dirty) 'Suck)
((eq location 'A) 'Right)
(t ’Left))

For statesl, 3, 5, 7 in Figure 3.20, the performanceneasuresre 1996,1999, 1998, 2000
respectrely.

2.9 Exercise2.4,2.9,and2.10maybemegedin future printings.

a. No; seeanswerto 2.4(b).

b. Seeanswelto 2.4(b).

c. In this case,a simplereflex agentcanbe perfectlyrational. The agentcanconsistof
atablewith eightentries,indexed by percept.that specifiesan actionto take for each
possiblestate. After the agentacts,the world is updatedandthe next perceptwill tell
the agentwhatto do next. For larger ervironments,constructinga tableis infeasible.
Instead the agentcould run oneof the optimal searchalgorithmsin Chapters3 and4
andexecutethe first stepof the solutionsequenceAgain, no internalstateis required,
but it would helpto be ableto storethe solutionsequencansteadof recomputingt for
eachnew percept.

2.10



Figure S2.3  An ervironmentin which randommotionwill take alongtime to cover all
thesquares.

a. Becausdhe agentdoesnot know the geographyandpercevesonly locationandlocal
dirt, and canotremembemvhat just happenedit will getstuckforever againsta wall
whenit triesto move in adirectionthatis blocked—thatis, unlessit randomizes.

b. Onepossibledesigncleansup dirt andotherwisemovesrandomly:

(defun  randomized-refle X- vacuum-agent (percept)
(destructuring -b ind (location status) percept
(cond ((eq status ’'Dirty) 'Suck)
(t (random-elemen t ’'(Left Right Up Down))))))

Thisis fairly closeto whatthe Roombd™ vacuumcleanerdoes(althoughthe Roomba
hasa bump sensoandrandomize®nly whenit hits anobstacle).lt worksreasonably
well in nice,compactervironments.In maze-like ervironmentsor ervironmentswith
smallconnectingpassagest cantake averylongtimeto cover all thesquares.

c. An exampleis shavn in FigureS2.3.Studentgnayalsowish to measurelean-ugtime
for linear or squareenvironmentsof differentsizes,andcomparehoseto the efficient
onlinesearchalgorithmsdescribedn Chapter4.

d. A reflex agentwith statecanbuild a map(seeChapter4 for details). An online depth-
first explorationwill reachevery statein time linear in the size of the ervironment;
thereforetheagentcando muchbetterthanthe simplereflex agent.

Thequestiorof rationalbehaior in unknavn ervironmentss acomplex onebutit is
worth encouragingtudentdo think aboutit. We needto have somenotion of the prior
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Chapter 2. IntelligentAgents

probaility distribution over the classof ervironments;call this the initial belief state

Any actionyields a new perceptthat canbe usedto updatethis distribution, moving

theagentto anew belief state.Oncethe ervironmentis completelyexplored,the belief
statecollapsesto a single possibleervironment. Therefore,the problemof optimal
explorationcanbe viewed asa searchfor an optimal stratgy in the spaceof possible
belief states.This is a well-defined,if horrendouslyintractable problem. Chapter21

discussesomecasesvhereoptimal explorationis possible Anotherconcreteexample
of explorationis the Minesweepecomputergame(seeExercise7.11). For very small
Minesweepemrvironments,optimal exploration is feasiblealthoughthe belief state
updateis nontrivial to explain.

2.11 The problemappearst first to be very similar; the main differenceis thatinsteadof
usingthelocationpercepto build themap,theagenthasto “invent” its own locations(which,
afterall, arejustnodesin a datastructurerepresentinghe statespacegraph). Whenabump
is detectedtheagentassume# remainsin the samelocationandcanaddawall to its map.
For grid environments the agentcankeeptrack of its (x, y) locationandso cantell whenit
hasreturnedto anold state.In the generalcase however, thereis no simpleway to tell if a
stateis new or old.

a. Forareflex agentthispresentsioadditionalchallengepecaus¢heagentwill continue

to Suck aslong asthe currentlocationremainsdirty. For an agentthat constructsa
sequentiaplan, every Suck actionwould needto be replacedby “ Suck until clean’
If the dirt sensorcanbe wrongon eachstep,thenthe agentmight wantto wait for a
few stepgo getamorereliablemeasuremerieforedecidingwhetherto Suck or move
on to a new square. Obviously, thereis a trade-of becausewaiting too long means
thatdirt remainson thefloor (incurring a penalty),but actingimmediatelyrisks either
dirtying a cleansquareor ignoring a dirty square(if the sensoris wrong). A rational
agentmustalsocontinuetouring and checkingthe squaresn caseit missedoneon a
previoustour (becausef badsensorreadings).it is notimmediatelyobvious how the
waiting time at eachsquareshouldchangewith eachnewn tour. Theseissuescanbe
clarified by experimentationwhich may suggest generaltrend that can be verified
mathematically This problemis a partially obserable Markov decisionprocess—see
Chapterl?7. Suchproblemsare hardin general,but somespecialcasesmay yield to
carefulanalysis.

. In this case the agentmustkeeptouring the squaresndefinitely The probability that

asquards dirty increasesnonotonicallywith thetime sinceit waslastcleanedsothe
rationalstratgy is, roughlyspeakingto repeatedlyexecutetheshortespossibletour of
all squares(We say“roughly speakingbecaus¢herearecomplicationscausedy the
factthatthe shortestour may visit somesquareswice, dependingon the geography
This problemis alsoa partially obserable Markov decisionprocess.



Solutiondfor Chapter3
Solving Problemdoy Searching

3.1 A stateis asituationthatanagentcanfind itself in. We distinguishtwo typesof states:
world stateqthe actualconcretesituationsin therealworld) andrepresentationadtategthe
abstractlescriptionf therealworld thatareusedby theagentin deliberatingaboutwhatto
do).

A state spaceis a graphwhosenodesare the set of all states,andwhoselinks are
actionsthattransformonestateinto another

A search treeis atree(a graphwith no undirectedoops)in which therootnodeis the
startstateandthe setof childrenfor eachnodeconsistof the stateseachabléy takingary
action.

A search nodeis anodein the searchree.

A goalis a statethatthe agentis trying to reach.

An action is somethinghatthe agentcanchooseo do.

A successoifunction describedhe agents options: given a state,it returnsa setof
(action,state)pairs,whereeachstateis the statereachabldoy takingthe action.

Thebranching factor in a searchtreeis the numberof actionsavailableto the agent.

3.2 In goal formulation, we decidewhich aspectwof the world we are interestedn, and
which canbe ignoredor abstractedway. Thenin problemformulationwe decidehow to
manipulatetheimportantaspectgandignorethe others).If we did problemformulationfirst
we would not know whatto includeandwhatto leave out. Thatsaid,it canhapperthatthere
is a cycle of iterationsbetweergoal formulation,problemformulation,andproblemsolving
until onearrivesata suficiently usefulandefficient solution.

3.3 In Pythonwe have:

#### successor_fn defined in terms of result and legal_actions
def successor_fn(s)

return [(a, result(a, s)) for a in legal_actions(s )
####  legal_actions and result defined in terms of successor_fn
def legal_actions(s ):

return [a for (a, s) in successor_fn(s) ]

def result(a, S):

11
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Chapter 3. Solving Problemsby Searching

for (al, sl1l) in successor_fn(s)
if a == al:
return sl

3.4 From http://www cut-the-knot.comighagoragfifteen.skiml, this proof appliesto the
fifteen puzzle,but the sameagumentworksfor the eightpuzzle:

Definition: Thegoalstatehasthenumbersn acertainorder whichwe will measures
startingattheupperleft corner thenproceedindeft to right, andwhenwe reachtheendof a
row, goingdown to theleftmostsquaren therow below. For ary otherconfiguratiorbesides
the goal, wheneer a tile with a greatemumberon it precedes tile with a smallernumbey
thetwo tiles aresaidto beinverted.

Proposition: Foragivenpuzzleconfiguration]et V denotehesumof thetotalnumber
of inversionsandtherow numberof theemptysquare Then(Nmod2) is invariantunderary
legal move. In otherwords, after alegal move anodd N remainsodd whereasan even N
remainseven. Thereforethe goal statein Figure3.4, with no inversionsandemptysquaren
thefirst row, hasN = 1, andcanonly bereachedrom startingstateswith odd IV, not from
startingstateswith even V.

Proof. First of all, sliding a tile horizontally changeseitherthe total numberof in-
versionsnor the row numberof the empty square. Thereforelet us considersliding a tile
vertically.

Let's assumefor example,thatthe tile A is locateddirectly over the empty square.
Sliding it down changeghe parity of the row numberof theemptysquare Now considerthe
total numberof inversions.The move only affectsrelative positionsof tiles A, B, C', andD.
If noneofthe B, C, D causedninversionrelatveto A (i.e., all threearelargerthanA) then
after sliding one getsthree(an odd number)of additionalinversions. If oneof the threeis
smallerthan A, thenbeforethe move B, C', and D contriktuteda singleinversion(relatie to
A) whereasafterthemove they'll be contrituting two inversions- achangeof 1, alsoanodd
number Two additionalcasesbviously leadto the sameresult. Thusthe changean the sum
N is alwayseven. Thisis preciselywhatwe have setoutto shaw.

Sobeforewe solve a puzzle,we shouldcomputethe N valueof the startandgoalstate
andmalke surethey have the sameparity, otherwiseno solutionis possible.

3.5 Theformulationputsonequeenpercolumn,with a newv queenplacedonly in a square
thatis not attacled by any otherqueen.To simplify matterswe’ll first considerthe n—rooks
problem.Thefirst rook canbe placedin ary squarein columnl, thesecondn ary squardn
column2 exceptthe samerow thatasthe rook in column1, andin generalttherewill ben!
elementof the searctspace.

3.6 No, afinite statespacedoesnot alwaysleadto a finite searchtree. Considera state
spacewith two statespothof which have actionsthatleadto theother Thisyieldsaninfinite
searchtree,becauseave cango backandforth ary numberof times. However, if the state
spacds afinite tree,or in generalafinite DAG (directedacyclic graph).thentherecanbeno
loops,andthe searcttreeis finite.

3.7
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Initial state:No regionscolored.

Goaltest: All regionscolored,andno two adjacentegionshave the samecolor.
Successofunction:; Assignacolorto aregion.

Costfunction: Numberof assignments.

Initial state:As describedn thetext.

Goaltest: Monkey hasbananas.

Successofunction: Hop on crate;Hop off crate;Pushcratefrom onespotto another;
Walk from onespotto anothergrabbananagif standingon crate).

Costfunction: Numberof actions.

Initial state:consideringall input records.

Goaltest: consideringa singlerecord,andit gives‘ille galinput” message.
Successofunction: run againon thefirst half of the records;run againon the second
half of therecords.

Costfunction: Numberof runs.

Note: This is a contingency problem; you needto seewhethera run givesan error
messag®er notto decidewhatto do next.

. Initial state:jugshave values|0, 0, 0].

Successofunction: givenvalues|z, y, z|, generaté12, y, 2|, [z, 8, 2], [z, y, 3] (by fill-
ing); [0,y, 2], [z,0, z], [x,y, 0] (by emptying);or for ary two jugswith currentvalues
x andy, poury into z; this changeghe jug with x to the minimum of x + y andthe
capacityof thejug, anddecrementghejug with y by by the amountgainedby thefirst
jug.

Costfunction: Numberof actions.

FigureS3.1 Thestatespacefor the problemdefinedin Ex. 3.8.

3.8

a. SeeFigureS3.1.
b. Breadth-first:1234567891011

Depth-limited:1248951011
Iteratve deepeningl;123;1245367;1248951011
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c. Bidirectionalsearchs very useful,becausg¢heonly successoof n in thereversedirec-
tionis | (n/2)]. Thishelpsfocusthesearch.

d. 2in theforwarddirection;1 in thereversedirection.
e. Yes;startatthegoal,andapplythesinglereversesuccessoactionuntil youreachl.

3.9

a. Hereis onepossiblerepresentationA stateis a six-tupleof integerslisting thenumber
of missionariescannibals,andboatson the first side,and thenthe seondside of the
river. The goalis a statewith 3 missionariesand3 cannibalson the secondside. The
costfunctionis oneperaction,andthe successoref a stateareall the stateshatmove
1 or 2 peopleandl boatfrom onesideto another

b. The searchspaceis small, so ary optimal algorithmworks. For an example,seethe
file "search/domains/ cannib al s.I is p". It suficesto eliminatemovesthat
circle backto the statejust visited. Fromall but the first andlast statesthereis only
oneotherchoice.

c. It is not obviousthatalmostall movesareeitherillegal or revert to the previous state.
Thereis afeelingof alarge branchingfactor andno clearway to proceed.

3.10 Forthe8 puzzle,thereshouldnt be muchdifferencein performancelndeed,thefile
"search/domains  /p uzzl e8. li sp" shavsthatyoucanrepresenan8 puzzlestateas
a single 32-bit integer, so the questionof modifying or copying datais moot. But for the
n x n puzzle,asn increasesthe adwantageof modifying ratherthan copying grows. The
disadwantageof a modifying successofunctionis thatit only workswith depth-firstsearch
(or with avariantsuchasiterative deepening).

3.11 a. Thealgorithmexpandsnodesin orderof increasingpath cost; thereforethe first
goalit encountersvill bethe goalwith thecheapestost.

b. It will be the sameasiterative deepeningd iterations,in which O(b?) nodesare
generated.

C.d/e

d. Implementatiomot shavn.

3.12 If therearetwo pathsfrom the startnodeto a given node,discardingthe more ex-
pensve one cannoteliminateary optimal solution. Uniform-costsearchand breadth-first
searchwith constanstepcostsbothexpandpathsin orderof g-cost. Thereforejf thecurrent
nodehasbeenexpandedpreviously, the currentpathto it mustbe more expensve thanthe
previously found pathandit is correctto discardit.

ForIDS, it is easyto find anexamplewith varyingstepcostswherethealgorithmreturns
asuboptimakolution: simply have two pathsto the goal,onewith onestepcosting3 andthe
otherwith two stepscostingl each.

3.13 Considemdomainin whichevery statehasasinglesuccesseoandthereis asinglegoal
atdepthn. Thendepth-firstsearchwill find thegoalin n stepswhereasteratve deepening
searchwill take 1 + 2+ 3 + --- +n = O(n?) steps.
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3.14 As anordinary person(or agent)browvsing the web, we canonly generartehe suc-
cessorf a pageby visiting it. We canthendo breadth-firstsearchor perhapsest-search
searchwherethe heuristicis somefunction of the numberof wordsin commonbetweerthe
startandgoalpagesthis mayhelpkeepthelinks ontamget. Searclenginekeepthecomplete
graphof theweb,andmay provide the useraccesgo all (or atleastsome)of the pageshat
link to a pagethis would allow usto do bidirectionalsearch.

3.15

a. If weconsiderall (z,y) points,thenthereareaninfinite numberof statesandof paths.

b. (For this problem,we considerthe startand goal pointsto be vertices.) The shortest
distancebetweentwo pointsis a straightline, andif it is not possibleto travel in a
straightline becausesomeobstacleis in the way, thenthe next shortestdistanceis a
sequencef line sggments,end-to-endthat deviate from the straightline by aslittle
aspossible. So the first sgmentof this sequencanustgo from the start point to a
tangentpoint on an obstacle- ary paththat gave the obstaclea wider girth would be
longer Becausedhe obstaclesare polygonal,the tangentpointsmustbe at verticesof
the obstaclesandhencetheentirepathmustgo from vertex to vertex<. Sonow the state
spacds thesetof vertices,of whichthereare35in Figure3.22.

c. Codenotshawn.

d. Implementationsndanalysisnot shavn.

3.16 Codenotshawn.
3.17

a. Any path,no matterhow badit appearsmightleadto anarbitraily large reward (nega-
tive cost). Therefore pnewould needto exhaustall possiblepathsto be sureof finding
thebestone.

b. Supposehegreatespossiblerewardis c. Thenif we alsoknow the maximumdepthof
thestatespacge.g.whenthestatespacds atree),thenary pathwith d levelsremaining
canbeimprovedby atmosted, soary pathsworsethancd lessthanthebestpathcanbe
pruned.For statespacesith loops,this guaranteeloesnt help, becausét is possible
to goaroundaloop ary numberof times,picking up ¢ rewward eachtime.

c. The agentshouldplanto go aroundthis loop forever (unlessit canfind anotherloop
with evenbetterreward).

d. The value of a scenicloop is lesseneceachtime onerevisits it; a novel scenicsight
is a greatreward, but seeingthe sameonefor thetenthtime in anhouris tedious,not
rewarding. To accomodatehis, we would have to expandthe statespaceto includea
memory—astateis now representeaot just by the currentlocation, but by a current
locationanda bagof already-visitedocations. The rewardfor visiting a new location
is now a (diminishing)functionof the numberof timesit hasbeenseerbefore.

e. Realdomainswith loopingbehaior includeeatingjunk food andgoingto class.

3.18 Thebeliefstatespacds shavn in FigureS3.2.No solutionis possiblebecaus@o path
leadsto abeliefstateall of whoseelementsatisfythegoal. If theproblemis fully obserable,
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FigureS3.2 Thebeliefstatespacefor thesensorlessacuumworld underMurphy’s law.

theagentreaches goalstateby executinga sequencsuchthat Suck is performedonly in a
dirty square.This ensuresieterministidoehaior andevery stateis obviously solvable.

3.19 Codenot shawvn, but a good startis in the coderepository Clearly graphsearch
mustbe used—thigs a classicgrid world with mary alternatepathsto eachstate. Students
will quickly find thatcomputingthe optimal solutionsequencés prohibitively expensve for
moderatelylarge worlds, becauséhe statespacefor ann x n world hasn? - 2" states.The
completiortime of therandomagentgrows lessthanexponentiallyin n, sofor ary reasonable
exchangeratebetweersearchcostad pathcosttherandomagentwill eventuallywin.



Solutiondor Chapter4
InformedSearchandExploration

4.1 Thesequencef queuess asfollows:

L[0+244=244]

M[70+241=311],T[111+329=440]

L[140+244=384]D[145+242=387]T[111+329=440]
D[145+242=387];T[111+329=440]M[210+241=451],T[251+329=580]
C[265+160=425]T[111+329=440]M[210+241=451]M[220+241=461] T[251+329=580]

T[111+329=440] M[210+241=451] M[220+241=461] P[403+100=503]T[251+329=580] R[411+193=604],
D[385+242=627]

M[210+241=451]M[220+241=461] L [222+244=466] P[403+100=503]T[251+329=580] A[229+366=595],
R[411+193=604]D[385+242=627]
M[220+241=461],L[222+244=466],P[403+100=503]|[280+244=524] D[285+242=527],T[251+329=580],
A[229+366=595]R[411+193=604]D[385+242=627]
L[222+244=466],P[403+100=503]L[280+244=524],D[285+242=527] L[290+244=534],D[295+242=537],
T[251+329=580] A[229+366=595] R[411+193=604]D[385+242=627]

P[403+100=503]L[280+244=524] D[285+242=527] M[292+241=533] L[290+244=534] D[295+242=537],
T[251+329=580] A[229+366=595]R[411+193=604]D[385+242=627]T[333+329=662]

B[504+0=504] L[280+244=524] D[285+242=527]M[292+241=533]L[290+244=534] D[295+242=537]T[251+329=580],
A[229+366=595],R[411+193=604]D[385+242=627],T[333+329=662],R[500+193=693],C[541+160=701]

4.2 w = 0givesf(n) = 2g(n). Thisbehaesexactly like uniform-costsearch—théactor
of two makesno differencein theorderingof thenodes.w = 1 givesA* searchw = 2 gives
f(n) = 2h(n), i.e.,greedybest-firstsearch We alsohave
w
() = 2= wg(n) + 5——h(n)|
which behaes exactly like A" searchwith a heuristics®-h(n). Forw < 1, thisis always
lessthanh(n) andhenceadmissibleprovided 2 (n) is itself admissible.

4.3

a. Whenall stepcostsareequal,g(n) o depth(n), so uniform-costsearchreproduces
breadth-firssearch.

b. Breadth-firstsearchis best-firstsearchwith f(n) = depth(n); depth-firstsearchis
best-firstsearchwith f(n) = —depth(n); uniform-costsearchs best-firstsearchwith

17
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f(n) = g(n).

c. Uniform-costsearchis A* searchwith h(n) = 0.

Figure S4.1 A graphwith aninconsistentheuristicon which GRAPH-SEARCH fails to
returnthe optimal solution. The successorsf S are A with f =5 and B with f=7. A is
expandedirst, sothe pathvia B will be discardedbecaused will alreadybein the closed
list.

4.4 SeeFigureS4.1.

4.5 Going betweenRimnicu Vilcea and Lugoj is one example. The shortestpathis the
southerrone,throughMehadiaDobretaandCraiova. But agreedysearchusingthestraight-
line heuristicstartingin Rimnicu Vilceawill startthewrongway, headingto Sibiu. Starting
at Lugoj, the heuristicwill correctlyleadusto Mehadia,but thena greedysearchwill return
to Lugoj, andoscillateforever betweernthesetwo cities.

4.6 Theheuristich = h1 + ho (addingmisplacediles andManhattardistance sometimes
overestimates.Now, supposei(n) < h*(n) + ¢ (asgiven) andlet G5 be a goal that is
suboptimaby morethanc, i.e., g(G2) > C* + ¢. Now considerary noden on a pathto an
optimalgoal. We have

f(n) = g(n) + h(n)
g(n) +h*(n) +c
C*+c
9(G2)
soGo will never beexpandedbeforeanoptimalgoalis expanded.

INIAINA

4.7 A heuristicis consistentff, for every noden andevery successon’ of n generatedby
ary actiona,
h(n) < c(n,a,n’) + h(n")

Onesimpleproofis by inductionon the numberk of nodeson the shortespathto any goal
from n. For k = 1, let n’ be the goal node;thenh(n) < ¢(n,a,n’). For the inductve
caseassume.’ is ontheshortesipathk stepsfrom the goalandthat(n’) is admissibleby
hypothesisthen

h(n) < c(n,a,n') + h(n') < c(n,a,n’) + h*(n') = h*(n)
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soh(n) atk + 1 stepsfrom the goalis alsoadmissible.

4.8 Thisexercisereiteratesa smallportionof the classicwork of Held andKarp (1970).

a. The TSPproblemis to find a minimal (total length) paththroughthe cities thatforms
a closedloop. MST is a relaxed versionof that becauset asksfor a minimal (total
length)graphthatneednot be a closedloop—it canbe ary fully-connectedyraph. As
aheuristic, MST is admissible—itis alwaysshorterthanor equalto a closedloop.

b. The straight-linedistanceback to the startcity is a ratherweak heuristic—it vastly
underestimatewhentherearemary cities. In thelaterstageof a searchwhenthereare
only afew citiesleft it is notsobad. To saythatMST dominatesstraight-linedistance
is to saythatMST alwaysgivesa highervalue. This is obviously true becausea MST
thatincludesthegoalnodeandthe currentnodemusteitherbethestraightline between
them,or it mustincludetwo or morelinesthataddup to more. (This all assumeshe
triangleinequality)

c. See'search/domain s/t sp.l is p" for astartatthis. Thefile includesaheuristic
basedon connectingeachurvisited city to its nearesheighboy a closerelative to the
MST approach.

d. See(Cormenetal., 1990,p.505)for analgorithmthatrunsin O(F log E) time, where
E is the numberof edges. The coderepositorycurrently containsa somavhat less
efficientalgorithm.

4.9 Themisplaced-tileheuristicis exactfor theproblemwhereatile canmaove from square
A to squareB. As thisis a relaxationof the conditionthata tile canmove from squareA to

squareB if B is blank, Gaschnigs heuristiccanotbe lessthanthe misplaced-tilesheuristic.
As it is also admissible(being exact for a relaxationof the original problem), Gaschnigs

heuristicis thereforemoreaccurate.

If we permutaewo adjacentilesin thegoalstate we have a statewheremisplaced-tiles
andManhattarbothreturn2, but Gaschnigs heuristicreturns3.

To computeGaschnigs heuristic,repeatthe following until the goal stateis reached:
let B bethe currentlocation of the blank; if B is occupiedby tile X (not the blank) in the
goalstate move X to B; otherwise move ary misplacedile to B. Studentsouldbeasledto
prove thatthisis theoptimal solutionto therelaxed problem.

4.11

a. Localbeamsearchwith & = 1 is hill-climbing search.

b. Local beamsearchwith k = oo: strictly speakingthis doesnt malke sense (Exercise
may be modifiedin future printings.) The ideais thatif every successors retained
(becausé: is unbounded)thenthe searclresembledreadth-firssearchn thatit adds
onecompletelayer of nodesbeforeaddingthe next layer Startingfrom onestate,the
algorithmwould be essentiallyidenticalto breadth-firssearchexceptthateachlayeris
generateall atonce.

c. Simulatedannealingwith 1" = 0 atall times:ignoringthefactthattheterminationstep
would betriggeredmmediatelythe searchwould beidenticalto first-choicehill climb-
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ing becausevery dovnward successowould berejectedwith probability 1. (Exercise
may be modifiedin future printings.)

d. Geneticalgorithmwith populationsize N = 1: if the populationsizeis 1, thenthe
two selectecparentswill bethe sameindividual; crosseer yieldsanexactcopy of the
individual; thenthereis a small chanceof mutation. Thus, the algorithm executesa
randomwalk in the spaceof individuals.

4.12 If weassumdhe comparisorfunctionis transitve, thenwe canalwayssortthe nodes
usingit, and choosethe nodethatis at the top of the sort. Efficient priority queuedata
structuregely only on comparisoroperationssowe losenothingin efficienoy—exceptfor
thefactthatthe comparisoroperatioron statesnaybemuchmoreexpensive thancomparing
two numbersgachof which canbe computedustonce.

A’ reliesonthedivision of thetotal costestimatef (n) into the cost-so-&r andthecost-
to-go. If we have comparisoroperatordor eachof these,thenwe can preferto expanda
nodethatis betterthanothernodeson both comparisons.Unfortunately therewill usually
beno suchnode. Thetradeof betweery(n) andh(n) cannotberealizedwithout numerical
values.

4.13 The spacecompleity of LRTA" is dominatedby the spacerequiredfor result|a, s],

i.e., the productof the numberof statesvisited (n) andthe numberof actionstried per state
(m). Thetime compleity is at leastO(nm?) for a nave implementatiorbecausdor each
actiontaken we computean H value, which requiresminimizing over actions. A simple
optimizationcanreducethisto O(nm). This expressiorassumeshateachstate—actiorpair
is tried at mostonce,whereasn factsuchpairsmay be tried mary times,asthe examplein

Figure4.22shaws.

4.14 Thisquestionis slightly ambiguousasto whatthe percepis—eitherthe percepis just
the location, or it gives exactly the setof unblocled directions(i.e., blocked directionsare
illegal actions). We will assumehe latter (Exercisemay be modifiedin future printings.)
Thereare 12 possiblelocationsfor internalwalls, so thereare 2'2 = 4096 possibleenviron-
mentconfigurations.A belief statedesignates subsetof theseas possibleconfigurations;
for example,beforeseeingary perceptsll 4096configurationsarepossible—thigs asingle
belief state.

a. We canview this asacontingeng problemin belief statespace Theinitial belief state
is the setof all 4096 configurations.The total belief statespacecontains2%?¢ belief
stategonefor eachpossiblesubsebf configurationsput mostof thesearenot reach-
able. After eachactionand percept.the agentlearnswhetheror not an internalwall
exists betweerthe currentsquareandeachneighboringsquare Hence eachreachable
belief statecan be represntedexactly by a list of statusvalues(present,absent,un-
known) for eachwall separately Thatis, the belief stateis completelydecomposable
andthereare exactly 312 reachablebelief states. The maximumnumberof possible
wall-perceptsn eachstateis 16 (2*), soeachbelief statehasfour actions,eachwith up
to 16 nondeterministicuccessors.
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b. Assumingthe externalwalls areknown, therearetwo internalwalls andhence2? = 4
possiblepercepts.

¢. Theinitial null actionleadsto four possiblebelief statesasshavn in FigureS4.2.From
eachbeliefstate theagentchooses singleactionwhich canleadto upto 8 belief states
(on enteringthe middle square).Given the possibility of having to retraceits stepsat
a deadend, the agentcan explore the entire mazein no more than 18 steps,so the
completeplan (expressedas a tree) hasno morethan8'® nodes. On the otherhand,
therearejust 312, sothe plan could be expressednore conciselyasa tableof actions
indexed by belief state(a policy in theterminologyof Chapterl?).

)
NoOp
6] 6] 6] 6]
Right
6] 6] 6] 6]
Figure S4.2 The3 x 3 mazeexplorationproblem:theinitial state first perceptandone
selectedactionwith its perceptuabutcomes.

4.15 Hereis onesimplehill-climbing algorithm:

e Connectall thecitiesinto anarbitrarypath.

Picktwo pointsalongthe pathat random.

Splitthe pathatthosepoints,producingthreepieces.

Try all six possiblewaysto connecthethreepieces.
Keepthebestone,andreconnecthe pathaccordingly

e l|teratethe stepsabove until noimprovements obseredfor awhile.

4.1 4.16Codenotshavn.
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4.17 Hillclimbing is surprisinglyeffective atfinding reasonabl# notoptimalpathsfor very
little computationatost,andseldomfailsin two dimensions.

a.

It is possiblg(seeFigureS4.3(a))but very unlikely—theobstacléhasto have anunusual
shapeandbe positionedcorrectlywith respecto thegoal.

With corvex obstaclesgetting stuckis much morelikely to be a problem (seeFig-
ure S4.3(b)).

. Noticethatthisis justdepth-limitedsearchwhereyou choosea stepalongthe bestpath

evenif it is notasolution.

. Setk to themaximumnumberof sidesof ary polygonandyou canalwaysescape.

Current
positig

Current Goal Goal

positio

(@) (b)

FigureS4.3 (a)Gettingstuckwith a corvex obstacle(b) Gettingstuckwith a noncorvex
obstacle.

4.18 The studentshouldfind that on the 8-puzzle,RBFS expandsmore nodes(because
it doesnot detectrepeatedstates)out haslower costper nodebecausét doesnot needto
maintaina queue. The numberof RBFS nodere-expansionsis not too high becausehe
presencef mary tied valuesmeanghatthe bestpathchangeseldom.Whenthe heuristicis
slightly perturbedthis advantagedisappearandRBFS’s performances muchworse.

For TSR the statespacds atree,sorepeatedtatesarenotanissue.Ontheotherhand,

the heuristicis real-valuedandthereare essentiallyno tied values,so RBFSincursa heary
penaltyfor frequentre-expansions.



Solutionsfor Chapter5
ConstraintSatistictionProblems

5.1 A constraint satisfactionproblemis a problemin which the goalis to choosea value
for eachof a setof variablesjn suchaway thatthe valuesall obey a setof constraints.

A constraint is arestrictionon the possiblevaluesof two or morevariables For exam-
ple,aconstraintmight saythat A = a is notallowedin conjunctionwith B = b.

Backtracking search is aform depth-firstsearchn which thereis a singlerepresenta-
tion of the statethatgetsupdatedor eachsuccesspmandthenmustberestoredvhenadead
endis reached.

A directedarc from variable A to variable B in a CSPis arc consistentif, for every
valuein the currentdomainof A, thereis someconsistenvalueof B.

Backjumping is away of makingbacktrackingsearcimoreefficient, by jumpingback
morethanonelevel whenadeadendissreached.

Min-conflicts is a heuristicfor usewith local searchon CSPproblems.The heuristic
saysthat, whengiven a variableto modify, choosethe value that conflicts with the fewest
numberof othervariables.

5.2 Thereare 18 solutionsfor coloring Australiawith threecolors. Startwith SA which
canhave ary of threecolors. Thenmoving clockwise, WA canhave eitherof the othertwo
colors,andeverythingelseis strictly determinedthatmakes6 possibilitiesfor the mainland,
times3 for Tasmanigields18.

5.3 The mostconstrainedvariable makes sensebecausdt choosesa variablethatis (all
otherthings being equal)likely to causea failure, andit is more efficient to fail asearly
as possible(therebypruning large partsof the searchspace). The leastconstrainingvalue
heuristicmakes sensebecausat allows the most chancedor future assignments$o avoid
conflict.

5.4 a. Crossword puzzleconstructioncan be solved mary ways. One simple choiceis
depth-firstsearch.Eachsuccessofills in a word in the puzzlewith oneof the wordsin the
dictionary It is betterto go oneword atatime, to minimizethe numberof steps.

b. As a CSR thereareeven morechoices.You could have a variablefor eachbox in
thecrossvord puzzle;in this casethe valueof eachvariableis aletter, andtheconstraintsare
that the lettersmustmake words. This approachis feasiblewith a most-constrainingalue
heuristic. Alternately we could have eachstring of consecutie horizontalor vertical boxes
be a singlevariable,andthe domainof the variablesbe wordsin the dictionary of the right

23
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length. Theconstraintsvould saythattwo intersectingvordsmusthave the samdetterin the
intersectingoox. Solvinga problemin this formulationrequiresfewer stepsbut thedomains
arelarger (assuminga big dictionary)andtherearefewer constraintsBoth formulationsare
feasible.

5.5 a. For rectilinearfloor-planning,one possibility is to have a variablefor eachof the
small rectangleswith the value of eachvariablebeinga 4-tuple consistingof the x andy
coordinatesof the upperleft andlower right cornersof the placewherethe rectanglewill
be located. The domainof eachvariableis the setof 4-tuplesthatarethe right sizefor the
correspondingmall rectangleandthatfit within thelargerectangle.Constraintsaythatno
two rectanglesanoverlap;for exampleif thevalueof variableR; is [0, 0, 5, 8], thenno other
variablecantake on avaluethatoverlapswith the0, 0 to 5, 8 rectangle.

b. For classschedulingpnepossibilityis to have threevariablesdor eachclass onewith
timesfor values(e.g. MWF8:00, TuTh8:00,MWF9:00, ...), onewith classroomgor values
(e.g. Wheelerl10Evans330,..) andonewith instructorsfor values(e.g. Abelson,Bibel,
Canry, ...). Constraintsaythatonly oneclasscanbein the sameclassroomatthesametime,
andaninstructorcanonly teachoneclassat a time. Theremay be otherconstraintaswell
(e.g.aninstructorshouldnot have two consecutie classes).

5.6 The exact stepsdependon certainchoicesyou are free to make; hereare the onesl
made:
a. Choosehe X3 variable.lts domainis {0, 1}.

b. Choosehevaluel for X3. (We cant chooseD; it wouldn't survive forward checking,
becausdt would force F' to be 0, andtheleadingdigit of the summustbenon-zero.)

c. ChoosefF', becausét hasonly oneremainingvalue.

d. Choosehevaluel for £'.

e. Now X, andX; aretied for minimumremainingvaluesat 2; let's chooseXs.
f. Eithervaluesurvivesforwardcheckinget's choosel for X5.

g. Now X; hasthe minimumremainingvalues.

h. Again, arbitrarily choose0 for thevalueof Xj;.

i. ThevariableO mustbe an even number(becauset is the sumof T' + T lessthan5
(becaus® + O = R + 10 x 0). Thatmakesit mostconstrained.

j. Arbitrarily chooset asthevalueof O.

k. R now hasonly 1 remainingvalue.

Choosehevalue8 for R.

T now hasonly 1 remianingvalue.

Choosehevalue? for T.

U mustbeanevennumberessthan9; choosel.
Theonly valuefor U thatsurvivesforward checkingis 6.
Theonly variableleft is W.

Theonly valueleft for W is 3.

-~ 9 Do > 3
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s. Thisis asolution.

This is a rathereasy(underconstrainell puzzle,so it is not surprisingthat we arrive at a
solutionwith no backtracking(giventhatwe areallowedto useforward checking).

5.7 Thereareimplementation®of CSPalgorithmsin the Java, Lisp, and Pythonsections
of the online coderepository;theseshouldhelp studentgyet started.However, studentswill
have to addcodeto keepstatisticson the experimentsandperhapswill wantto have some
mechanisnfor making an experimentreturn failure if it exceedsa certaintime limit (or
numberof-stepslimit). Theamountof codethatneedgo be written is small; the exerciseis
moreaboutrunningandanalyzinganexperiment.

5.8 We'll tracethrougheachiterationof thewhile loopin AC-3 (for onepossibleordering
of thearcs):
a. Remwe SA — W A, deleteR from S A.
Remaoe SA — V, deleteB from S A, leaving only G.
Remore NT — W A, deleteR from NT'.
Remwe NT — S A, deleteG from NT', leaving only B.
Remwe NSW — S A, deleteG from NSW.
Remare NSW — V, deleteB from NSW, leaving only R.
Remwoe @ — NT', deleteB from Q.
Remwe @ — S A, deleteG from Q.
i. remore @ — NSW, deleteR from @, leaving no domainfor Q.

TQ ~ o 2 0 T

5.9 On a tree-structuredyraph, no arc will be consideredmore than once, so the AC-3
algorithmis O(E D), where E is the numberof edgesand D is the size of the largestdo-
main.

5.10 Thebasicideais to preprocesshe constraintsso that, for eachvalueof X;, we keep
trackof thosevariablesX,, for whichanarcfrom X}, to X is satisfiedoy thatparticularvalue
of X;. This datastructurecanbe computedn time proportionalto the size of the problem
representationThen,whena valueof X; is deletedwe reduceby 1 the countof allowable
valuesfor each(X, X;) arcrecordedunderthatvalue. This is very similar to the forward
chainingalgorithmin Chapter7. See? (?) for detailedproofs.

5.11 The problemstatemensetsout the solutionfairly completely To expresstheternary
constrainton A, B andC that A + B = C, we first introducea new variable, AB. If the
domainof A and B is the setof numbersN, thenthe domainof AB is the setof pairsof
numbersfrom N, i.e. N x N. Now therearethreebinary constraintspnebetweenA4 and
AB sayingthatthevalueof A mustbe equalto thefirst elementof thepairvalueof AB; one
betweenB and AB sayingthatthe valueof B mustequalthe secondelementof the value
of AB; andfinally onethatsaysthatthe sumof the pair of numberghatis thevalueof AB
mustequalthevalueof C. All otherternaryconstraintcanbe handledsimilarly.

Now thatwe canreducea ternaryconstraintinto binary constraintswe canreducea
4-ary constrainton variablesA, B, C, D by first reducingA, B, C to binary constraintsas
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shavn abore, thenaddingback D in aternaryconstrainwith AB andC, andthenreducing
thisternaryconstrainto binary by introducingC D.

By induction,we canreduceary n-ary constrainto an(n — 1)-ary constraint.We can
stopatbinary becauseary unaryconstrainicanbe droppedsimply by moving the effectsof
the constraintnto thedomainof thevariable.

5.12 A simplealgorithmfor finding a cutsetof no morethank nodesis to enumeratall
subsetof nodesof sizel, 2,..., k, andfor eachsubsettheckwhetherthe remainingnodes

form atree. This algorithmtakestime (Zg:kl ™), whichis O(n*).

Becler andGeiger(1994;http://citeseenj.nec.om/bekerAgpproximation.html) give
analgorithmcalledMGA (modifiedgreedyalgorithm)thatfindsa cutsetthatis no morethan
twice thesizeof theminimal cutsetusingtime O(E + V' log(V')), whereFE is thenumberof
edgesandV is thenumberof variables.

Whetherthis males the cycle cutsetapproachpracticaldependsmore on the graph
involved thanon the agorithmfor finding a cutset. Thatis becausefor a cutsetof sizec, we
still have anexponential(d¢) factorbeforewe cansolve the CSP Soary graphwith alarge
cutsetwill beintractibleto solvwe, evenif we couldfind the cutsetwith no effort atall.

5.13 The“ZebraPuzzle’canberepresentedsa CSPby introducinga variablefor each
color, pet,drink, countryandcigaretbrand(atotal of 25variables).Thevalueof eachvariable
is anumberfrom 1 to 5 indicatingthe housenumber Thisis agoodrepresentatiobecausé
easyto representll the constraintggivenin the problemdefinitionthis way. (We have done
soin the Pythonimplementatiorof the code,and at somepoint we may reimplementthis
in the otherlanguages.Besidessaseof expressinga problem,the otherreasono choosea
representatioiis the efficiengy of finding a solution. herewe have mixed results—onsome
runs, min-conflictslocal searchfinds a solutionfor this problemin secondsyhile on other
runsit fails to find a solutionafter minutes.

Anotherrepresentatiors to have five variablesfor eachhouse pnewith the domainof
colrs,onewith pets,andsoon.



Solutionsfor Chapter6
AdversarialSearch

6.1 FigureS6.1shavsthegametree,with theevaluationfunctionvaluesbelow theterminal
nodesandthebacled-upvaluesto theright of the non-terminahodes.Thevaluesimply that
the beststartingmove for X is to take the center Theterminalnodeswith abold outline are
the onesthatdo not needto beevaluated assuminghe optimal ordering.

1 2

FigureS6.1  Partof thegametreefor tic-tac-toe for Exercise6.1.

6.2 Considera MIN nodewhosechildrenareterminalnodes. If MIN playssuboptimally
thenthe value of the nodeis greaterthanor equalto the valueit would have if MIN played
optimally. Hence,the value of the MAX nodethatis the MIN nodes parentcanonly be
increased.This agumentcanbe extendedby a simpleinductionall the way to the root. If
the suboptimalplay by MIN is predictable thenone cando betterthana minimax strateyy.
For example,if MIN alwaysfalls for a certainkind of trap andloses,thensettingthe trap
guaranteea win evenif thereis actuallya devastatingresponsdor MIN. Thisis shavn in
FigureS6.2.

6.3
a. (5) Thegametree,completewith annotationof all minimaxvalues,is shavn in Fig-
ureS6.3.
b. (5) The"?” valuesarehandledby assuminghatanagentwith a choicebetweenwin-
ning thegameandenteringa “?” statewill alwayschoosehewin. Thatis, min(-1,?)
is—1andmax(+1,?)is +1. If all successorare"“?”, thebacled-upvalueis “?".

27
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MAX

MIN

1000 1000 -10 -5 -5 -5

FigureS6.2 A simplegametreeshowing thatsettingatrapfor MmiN by playinga; is awin
if MIN fallsfor it, but mayalsobedisastrousThe minimaxmoveis of courseus, with value
—5.

Figure S6.3 Thegametreefor the four-squaregamein Exercise6.3. Terminalstatesare
in singleboxes,loop statesn doubleboxes. Eachstateis annotatedvith its minimaxvalue
in acircle.

. (5) Standardninimaxis depth-firstandwould go into aninfinite loop. It canbefixed

by comparinghe currentstateagainsthe stack;andif the stateis repeatedthenreturn
a“?” value. Propagatiorof “?” valuesis handledasabore. Althoughit worksin this
casejt doesnot alwayswork becausdt is not clearhow to compareg?” with adravn
position;noris it clearhow to handlethe comparisorwhentherearewins of different
dggrees(asin backgammon)Finally, in gameswith chancenodesit is unclearhow to
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computethe averageof anumberanda“?”. Notethatit is not correctto treatrepeated
statesautomaticallyasdravn positions;in this example,both (1,4) and(2,4) repeatn
thetreebut they arewon positions.

Whatis really happenings thateachstatehasa well-definedbut initially unknavn
value.Theseunknawvn valuesarerelatedby the minimaxequatioratthebottomof page
163. If thegametreeis agyclic, thenthe minimaxalgorithmsolvestheseequationdy
propagatingrom theleaves. If the gametreehascycles,thena dynamicprogramming
methodmustbeused asexplainedin Chapterl7. (Exercisel7.8studieghis problemin
particular) Thesealgorithmscandeterminewhethereachnodehasa well-determined
value(asin this example)or is really aninfinite loop in thatboth playerspreferto stay
in theloop (or have no choice).In sucha casetherulesof thegamewill needto define
thevalue(otherwisehegamewill neverend).In chessfor eaxmple a statethatoccurs
3times(andhences assumedo be desirablefor both players)is adraw.

d. This questionis alittle tricky. Oneapproactis a proof by inductionon the size of the
game.Clearly the basecasen =3 is alossfor A andthe basecasen =4 is awin for
A. Forary n > 4, theinitial movesarethe same:A andB bothmove onesteptowards
eachother Now, we canseethatthey areengagedn a subgameof sizen — 2 onthe
squares2,...,n — 1], exceptthatthereis an extra choiceof moveson square2 and
n — 1. Ignoringthis for a moment,it is clearthatif the“n — 2” is wonfor A, thenA
getsto the squaren — 1 beforeB getsto square2 (by the definition of winning) and
thereforegetsto n beforeB getsto 1, hencethe“n” gameis wonfor A. By the same
line of reasoningif “n — 2" is won for B then“n” is won for B. Now, the presencef
the extramovescomplicategheissue but nottoo much. First, the playerwhois slated
to win thesubgameé2, ..., n — 1] never movesbackto his homesquare.If the player
slatedto losethe subgamealoesso, thenit is easyto shaw thatheis boundto losethe
gameitself—the other playersimply movesforward anda subgameof sizen — 2k is
playedonestepcloserto thelosers homesquare.

6.4 Seé€'search/algorit hrms/ games.| is p" for definitionsof gamesgame-playing
agentsandgame-playingervironments."search/algorit hms/ minimax.l is p" con-
tainsthe minimax andalpha-betalgorithms. Notice that the game-playingervironmentis
essentiallya genericernvironmentwith the updatefunctiondefinedby the rulesof the game.
Turn-takingis achiezed by having agentsdo nothinguntil it is their turnto move.

Seé€'search/domains  /co gnac.l is p" forthebasicdefinitionsof asimplegame
(slightly morechallengingthanTic-Tac-Toe). The codefor this containsonly atrivial eval-
uationfunction. Studentscanuse minimax and alpha-betao solve small versionsof the
gameto termination(probablyup to 4 x 3); they shouldnoticethat alpha-betas far faster
thanminimax, but still cannotscaleup without anevaluationfunctionandtruncatechorizon.
Providing an evaluationfunction is an interestingexercise. From the point of view of data
structuredesign,it is alsointerestingto look at how to speedup thelegal move generatoby
precomputinghedescription®f rows, columns,anddiagonals.

Very few studentswill have heardof kalah, soit is a fair assignmentput the game
is boring—depth6 lookaheadand a purely material-basedvaluationfunction are enough
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to beatmosthumans. Othellois interestingand aboutthe right level of difficulty for most
students. Chessand checlers are sometimesunfair becauseusually a small subsetof the
classwill beexpertswhile therestarebegginners.

6.5 Thisquestionis notashardasit looks. The derivation belov leadsdirectly to a defini-
tion of « andg3 values.Thenotationn; refersto (thevalueof) thenodeat depthi onthepath

from therootto theleafnoden;. Nodesn;; ... My, arethesiblingsof nodei.

a. We canwrite ng = max(ns, nai, ... , n3p, ), giving
1y = min(max(nz, nay, ..., N3pg ), N21, - - - s N2y )
Thennz canbesimilarly replaceduntil we have anexpressiorcontainingn;; itself.
b. In termsof thel andr valueswe have

ny = min(lg, HlaX(lg, ns, ?"3), ’1”2)

Again, n3 canbe expandedout down to n;. The most deeply nestedterm will be
min(lj, nj,r;).

c. If n; isamaxnode,thenthe lower boundon its valueonly increasessits successors
areevaluated Clearly, if it exceedd; it will have nofurthereffectonn,. By extension,
if it exceedsmin(ls,ly,...,1;) it will have no effect. Thus, by keepingtrack of this
valuewe candecidewhento prunen;. Thisis exactly whata-3 does.

d. Thecorrespondindpoundfor min nodesny, is max(ls, s, ..., k).

6.7 Thegeneralstratgy is to reducea generalgametreeto a one-plytreeby inductionon
the depthof thetree. Theinductve stepmustbe donefor min, max,andchancenodesand
simply involvesshawing thatthetransformatioris carriedthoughthe node.Supposédhatthe
valuesof thedescendantsf anodearez; ... x,,, andthatthetransformations ax + b, where
a is positve. We have

min(azy + b,axs + b, ...,ax, +b) = amin(zy,z2,...,2,) + b
max(azxy + b,axe +b,...,ax, +b) = amin(zy,x9,...,2,) +b
pi(ax1 +0) + pa(axa +b) + -+ + pylaz, +b) = a(prr1 + pawa + -+ ppay) +0

Hencetheproblemreducedo aone-plytreewheretheleaveshave thevaluesfrom theoriginal
treemultiplied by the lineartransformationSincex > y = ax +b > ay + b if a > 0, the
bestchoiceattherootwill bethe sameasthebestchoicein theoriginaltree.

6.8 This procedurewill give incorrectresults. Mathematically the procedureamountsto

assumingthat averagingcommuteswith min and max, which it doesnot. Intuitively, the

choicesmadeby eachplayerin the deterministidreesarebasedon full knowledgeof future

dicerolls, andbearno necessaryelationshipto the moves madewithout suchknowledge.
(Noticethe connectiorto the discussiorof cardgameson pagel79andto the generalprob-

lem of fully andpartially obserable Markov decisionproblemsin Chapterl?7.) In practice,
the methodworksreasonablyvell, andit might bea goodexerciseto have studentsompare
it to the alternatve of usingexpectiminimaxwith sampling(ratherthansummingover) dice

rolls.
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6.9 Codenotshawvn.

6.10 Thebasicphysicalstateof thesegamess fairly easyto describe Oneimportantthing
to remembefor Scrabbleandbridgeis thatthe physicalstateis not accessibldo all players
andso cannotbe provided directly to eachplayerby the ernvironmentsimulator Particularly
in bridge, eachplayerneedsto maintainsomebestguesyor multiple hypothesesasto the
actualstateof theworld. We expectto be putting someof the gameimplementation®nline
asthey becomeavailable.

6.11 Onecanthink of chanceeventsduring a game,suchasdice rolls, in the sameway

ashiddenbut preordainednformation (suchasthe order of the cardsin a deck). The key

distinctionsarewhetherthe playerscaninfluencewhatinformationis revealedandwhether
thereis ary asymmetnyjin theinformationavailableto eachplayer

a. Expectiminimaxis appropriateonly for backgammorand Monopoly In bridge and
Scrabblegachplayerknows the cards/tileshe or shepossesselsut notthe opponents’.
In Scrabblethe benefitsof afully rational,randomizedtrategy thatincludesreasoning
abouttheopponentsstateof knowledgeareprobablysmall,but in bridgethequestions
of knowledgeandinformationdisclosurearecentralto goodplay.

b. None,for thereasonglescribedearlier

c. Key issuedncludereasoningaboutthe opponens beliefs,the effect of variousactions
on thosebeliefs, and methodsfor representinghem. Sincebelief statesfor rational
agentsareprobabilitydistributionsover all possiblestateqincludingthe belief statesof
others)thisis nontrvial.

function MAX-VALUE(state) returns a utility value
if TERMINAL-TEST(state) thenreturn UTILITY (state)
V<— —OO
for a, s in SUCCESSORS(state) do
if WINNER(s) = MAX
then v < MAX(v, MAX-VALUE(s))
elsev «— MAX(V, MIN-VALUE(S))
return v

FigureS6.4  Partof themodifiedminimaxalgorithmfor gamesn whichthewinnerof the
previoustrick playsfirst onthe next trick.

6.12 (In thefirst printing, this exericserefersto WINNER(trick); subsequentrintingsrefer
to WINNER(s), denotingthewinnerof thetrick justcompletedif ary), ornull.) Thisquestion
is interpretedasapplyingonly to theobserablecase.

a. Themodificationto MAX-VALUE is shavnin FigureS6.4.1f MAX hasjustwonatrick,
MAX getsto play again,otherwiseplay alternatesThus,thesuccessoref aMAx node
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FigureS6.5 Ex. 6.12;Part of thegametreefor thecardgameshovn onp.179.

canbe a mixture of MAX and MIN nodes,dependingon the variouscardsMAX can
play. A similar modificationis neededor MIN-VALUE.

b. Thegametreeis shawvn in FigureS6.5.

6.13 The naive approachwould be to generateesachsuchposition, solve it, andstorethe
outcome.Thiswould beenormouslyexpensve—roughlyontheorderof 444billion seconds,
or 10,000years,assumingit takes a secondon averageto solve eachposition (which is
probablyvery optimistic). Of course,we cantake adwantageof already-soled positions
when solving new positions, provided those solved positionsare descendantsf the new
positions.To ensurehatthis alwayshappenswe generatahefinal positionsfirst, thentheir
predecessa andsoon. In this way, the exactvaluesof all successorareknowvn wheneach
stateis generatedT his methodis calledretrograde analysis
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6.14 Themostobviouschangds thatthespaceof actionsis now continuous For example,
in pool, the cueingdirection,angleof elevation,speedandpoint of contactwith the cueball
areall continuougquantities.

Thesimplestsolutionis justto discretizetheactionspaceandthenapplystandardaneth-
ods. This might work for tennis(modelledcrudelyasalternatingshotswith speedanddirec-
tion), but for gamessuchas pool and croquetit is likely to fail miserablybecausesmall
changesn direction have large effects on action outcome. Instead,one must analyzethe
gameto identify a discretesetof meaningfullocal goals,suchas“potting the4-ball” in pool
or “laying upfor thenext hoop”in croquet.Then,in the currentcontet, alocal optimization
routinecanwork outthebestwayto achieve eachlocal goal,resultingin adiscretesetof pos-
siblechoices.Typically, thesegamesarestochasticsothebackgammomodelis appropriate
providedthatwe usesampledutcomesnsteadof summingover all outcomes.

Whereagpool and croquetare modelledcorrectly asturn-takinggamestennisis not.
While oneplayeris maoving to theball, theotherplayeris moving to anticipatehe opponens
return. This makestennismorelik e the simultaneous-actiogamesstudiedin Chapterl7. In
particular it may be reasonabléo derive randomizedstratgiesso thatthe opponentcannot
anticipatewheretheball will go.

6.15 The minimax algorithm for non-zero-sungamesworks exactly as for multiplayer
gamesdescribedon p.165-6;thatis, the evaluationfunctionis a vector of values,onefor
eachplayer andthe backupstepselectsvhichever vectorhasthe highestvaluefor the player
whoseturnit is to move. Theexampleattheendof Section6.2(p.167)shavs thatalpha-beta
pruningis not possiblein generalnon-zero-sungames becausean unexaminedleaf node
might be optimalfor bothplayers.

6.16 With 32 pieces,eachneeding6 bits to specifyits positionon oneof 64 squareswe
need24 bytes(6 32-bitwords)to storeaposition,sowe canstoreroughly20million positions
in thetable(ignoring pointersfor hashtablebucket lists). This is aboutone-ninthof the 180
million positionsgeneratediuringathree-minutesearch.

Generatingthe hashkey directly from an array-basedepresentatiorof the position
might be quite expensve. Modernprograms(see,e.g.,Heinz, 2000) carry alongthe hash
key andmodify it aseachnew positionis generated Supposehis takes on the orderof 20
operationsthenon a 2GHz machinewherean evaluationtakes 2000 operationsve cando
roughly 100lookupsperevaluation.Usingaroughfigure of onemillisecondfor a disk seek,
we coulddo 1000evaluationsper lookup. Clearly, usinga disk-residentableis of dubious
value,evenif we cangetsomelocality of referenceo reducethe numberof disk reads.
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7.1 Thewumpusworld is partially obserable, deterministic,sequentialyou needto re-
memberthe stateof onelocationwhenyou returnto it on a laterturn), static,discrete,and
singleagent(the wumpuss soletrick—devouring an errantexplorer—is not enoughto treat
it asanagent).Thus,it is afairly simpleenvironment. The maincomplicationis the partial
obsenrability.

7.2 To save spacewe’ll shav thelist of modelsasa tableratherthana collectionof dia-
grams.Thereareeightpossiblecombination®f pits in thethreesquaresandfour possibili-
tiesfor thewumpuslocation(includingnowhere).

We canseethat KB = ay becausevery line where K B is true alsohas s true.
Similarly for a.

7.3

a. Thereis apl _true in the Pythoncode,anda versionof ask in the Lisp codethat
senesthesamepurpose.The Java codedid not have this functionasof May 2003,but
it shouldbeaddedsoon.)

b. Thesentence§'rue, PV =P, andP A =P canall bedeterminedo betrueor falsein
apartialmodelthatdoesnot specifythetruth valuefor P.

c. It is possibleto createtwo sentencesgachwith & variablesthatare not instantiatedn
thepartialmodel,suchthatoneof themis truefor all 2% possiblevaluesof thevariables,
while the othersentencés falsefor oneof the2* values.This shavs thatin generabne
mustconsiderall 2¢ possibilities.Enumeratinghemtakesexponentialtime.

d. The pythonimplementatiorof pl _true returnstrueif ary disjunctof a disjunction
is true, andfalseif ary conjunctof a conjunctionis false. It will do this evenif other
disjuncts/conjunctsontainsuninstantiatedvariables.Thus,in the partialmodelwhere
Pistrue, PV Q returnstrue,and—P A QQ returnsfalse.But thetruth valuesof QQ vV —Q),
Q V True, and@ A =@ arenotdetected.

e. Ourversionoftt _entails alreadyusesthis modifiedpl _true . It would beslower
if it did not.

7.4 Remembera = (3 iff in very modelin which « is true, 3 is alsotrue. Therefore,

a. A valid sentencés onethatis truein all models.Thesentencé rue is alsovalid in all
models.Soif alpha is valid thenthe entailmentholds (becausdoth True anda hold

34
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Model KB Qo a3
true

Py true

Py

P3,1 true

P13, Py

Py, P31

P371, P173 true

Pi3, P31, Poy

W13 true true

Wiz, P13 true true

Wiz, Pap true

Wia, P31 true true true

Wia, P13, P2 true

Wi, Pap, P31 true

Wis, P31, P13 true true

Wi, P13, P31, P22 true

W3 1, true

W31, P13 true

W31, Pap

Wa.1, P31 true

W31, P13, P22

W31, Papo, P31

W31, P31, P13 true

W31, P13, P31, Pa2

W22 true

Waz2, P13 true

Wa2, Pa o

Wa2, P31 true

Wao, P13, Pap

Wa2, Pao, P31

Was2, P31, P13 true

Wa2, P13, P31, P2

Figure7.1 A truthtableconstructedor Ex. 7.2. Propositionsotlistedastrue onagiven

line areassumedalse,andonly true entriesareshown in thetable.

in every model),andif the entailmentholdsthena mustbe valid, becauset mustbe

truein all models becausét mustbetruein all modelsin which T'rue holds.

b. False doesnt holdin ary model,so« trivially holdsin every modelthat F'alse holds

n.

c. a = [ holdsin thosemodelswhere holdsor where—« holds. Thatis preciselythe

casef a = Fisvalid.
d. Thisfollows from applyingc in bothdirections.
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e. Thisreducego c, becausex A —( is unsatisfiablgustwhena = (isvalid.

7.5 Thesecanbe computedby countingthe rows in a truth tablethat comeout true. Re-
memberto countthe propositionghatarenot mentionedjf a sentencenentionsonly A and
B, thenwe multiply the numberof modelsfor {4, B} by 22 to accountfor C' and D.

a6
b. 12
c. 4

7.6 A binarylogical connectie is definedby a truth tablewith 4 rows. Eachof the four
rows may be true or false,sothereare2* = 16 possibletruth tables,andthus 16 possible
connecties. Six of thesearetrivial onesthatignoreoneor bothinputs;they correspondo
True, False, P, Q, —P and—=(Q. Fourof themwe have alreadystudied:A, Vv, = , < .
The remainingsix are potentially useful. One of themis reverseimplication (< insteadof
=), andthe otherfive arethe nggationsof A,V, = , < and<«. (Thefirsttwo of these
aresometime<allednandandnor.)

7.7 Weusethetruthtablecodein Lisp in thedirectorylogic/prop.lisp to shaw each

sentences valid. We substituteP, Q, Rfor «, 3,y becaus®f thelack of Greeklettersin
ASCII. To save spacdn this manualwe only shaw thefirst four truth tables:

> (truth-table "P T Q<=> Q" P

P QP Q QP (P"Q<=>@Q"P

F F F F \(true\)
T F F F T
F T F F T
T T T T T
NIL
> (truth-table "P | Q<=> Q]| P

P QPIQQIP (P|] Q<=>(@Q] P
FF F F T

T F T T T

F T T T T

T T T T T

NIL

> (truth-table " Q" R <= (P "~ Q"R

PQRQ"RP"Q"R P Q"R (P"(Q"R) <= (P " Q" R)

FFF F F F T
T FF F F F T
FTF F F F T
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— =

e I e

T T F F F F
F F T F F F

T F T F F F

FTT T F F

T T T T T T

NIL

> (truth-table "P] Q] Ry <= P | Q| RY

P QRQIRP| QIR PIQIR(P]|]@Q]
F F F F F F

T F F F T T

F T F T T T

T T F T T T

F F T T T T

T F T T T T

FTT T T T

T T T T T T

NIL

For the remainingsentencesye just shav thatthey arevalid accordingto the validity
function:

> (validity P <=> PY)

VALID

> (validity "P => Q<= "Q => "P")

VALID

> (validity "P =>Q<=>"P | Q"

VALID

> (validity "P <=> Q) <=> (P => Q) ~ (Q => P)")
VALID

> (validity (P "~ Q) <=>"P | "Q

VALID

> (validity P | Q) <=>"P "~ "Q"

VALID

> (validity "P Q| R <=>®"Q | P " R"
VALID

> (validity Pl QTR <=>®P | Q" (P | R)Y
VALID

7.8 We usethevalidity

functionfrom logic/prop.lis

of eachsentence:

> (validity "Smoke => Smoke")

VALID

> (validity "Smoke => Fire")

SATISFIABLE

> (validity "(Smoke => Fire) => ("Smoke => "Fire)")
SATISFIABLE

> (validity "Smoke | Fire | “Fire")

VALID

p to determinethe validity
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> (validity "((Smoke ~ Heat) => Fire) <=> ((Smoke => Fire) | (Heat => Fire))")
VALID

> (validity "(Smoke => Fire) => ((Smoke ~ Heat) => Fire)")

VALID

> (validity "Big | Dumb| (Big => Dumb)")

VALID

> (validity "(Big =~ Dumb) | “Dumb")

SATISFIABLE

Many peoplearefooled by (e) and(g) becausehey think of implicationasbeingcau-
sation,or somethingcloseto it. Thus,in (e), they feel thatit is the combinationof Smole
and Heatthat leadsto Fire, andthusthereis no reasorwhy one or the otheraloneshould
leadto fire. Similarly, in (g), they feelthatthereis no necessargausalelationbetweerBig
and Dumb, so the sentenceshouldbe satisfiable but not valid. However, this reasonings
incorrect,becauseémplicationis not causation—implicatioris just a kind of disjunction(in
thesenseghat P = (@ isthesameas—P Vv Q). SoBig V Dumb V (Big = Dumb) is
equvalentto Big V Dumb Vv —Big V Dumb, whichis equvalentto Big V =Big V Dumb,
whichis truewhetherBig is true or false,andis thereforevalid.

7.9 Fromthefirsttwo statementsye seethatif it is mythical,thenit is immortal; otherwise
it isamammal.Soit mustbe eitherimmortal or amammal,andthushorned.Thatmeanst
is alsomagical.However, we cant deducearything aboutwhetherit is mythical. Usingthe
propositionakreasoningode:

> (setf kb (make-prop-kb))
#S(PROP-KB SENTENCE(AND))

> (tell kb "Mythical => Immortal")

T

> (tell kb ""Mythical => “Immortal =~ Mammal")
T

> (tell kb "Immortal | Mammal => Horned")
T

> (tell kb "Horned => Magical")

T

> (ask kb "Mythical)

NIL

> (ask kb ""Mythical")

NIL

> (ask kb "Magical)

T

> (ask kb "Horned")

T

7.10 Eachpossibleworld canbe written asa conjunctionof symbols,e.g. (A A C' A E).
Assertingthatapossibleworld is notthe casecanbewritten by negatingthat,e.g.—-(AA C A
E), which canberewrittenas(—A vV -C Vv = F). Thisis theform of aclause;a conjunction
of theseclausess a CNF sentenceandcanlist all the possibleworldsfor thesentence.

7.11
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7.12

a.

b.

This is a disjunctionwith 28 disjuncts,eachone sayingthattwo of the neighborsare
trueandthe othersarefalse.Thefirst disjunctis

Xop N X1 N =Xo2 A =X A X1 A= Xoo A= X10 A =X
Theother27 disjunctseachselecttwo differentX; ; to betrue.

. Therewill be (}) disjunctseachsayingthatk of then symbolsaretrue andthe others

false.

For eachof the cellsthathave beenprobed take theresultingnumbem revealedby the
gameand constructa sentencevith (g) disjuncts. Conjoin all the sentencesogether
ThenuseDPLL to answerthe questionof whetherthis sentenceentails X ; for the
particulari, j pairyou areinterestedn.

. To encodethe global constraintthat thereare A/ minesaltogetherwe canconstruct

a disjunctwith () disjuncts,eachof size N. Remember (y_,,7(y_yy). SO for
a Minesweepeigamewith 100 cells and 20 mines, this will be morrethan103?, and
thus cannotbe representedn any computer However, we canrepresenthe global
constraintwithin the DPLL algorithmitself. We add the parametemin and maxto
the DPLL function; theseindicatethe minimum and maximumnumberof unassigned
symbolsthatmustbetruein themodel.For anunconstrainegroblemthevaluesO and
N will beusedfor theseparametersFor a mineseepeproblemthe value M will be
usedfor both minandmax Within DPLL, we fail (returnfalse)immediatelyif minis
lessthanthe numberof remainingsymbols,or if maxis lessthan0. For eachrecursve
call to DPLL, we updatemin andmaxby subtractingpnewhenwe assigna true value
to asymbol.

No conclusionsare invalidatedby addingthis capabilityto DPLL and encodingthe
globalconstraintusingit.

. Considetthis stringof alternatingl’s andunprobeccells (indicatedby adash):

|- 1|-[1]-11]- 11 ]- 201 - 1f-|
There are two possiblemodels: either there are mines under every even-numbered

dash,or underevery odd-numberedlash.Making a probeat eitherendwill determine
whethercellsatthe far endareemptyor containmines.

P = @ isequivalentto —P Vv @Q by implicationelimination(Figure7.11),and—(P; A

-+ A P,,) is equvalentto (=P, V --- V = P,,) by deMorgans rule,so (=P, VV --- V

-P, VvV Q)isequvalentto (P, A--- A Pp) = Q.

A clausecanhave positive andnegative literals; arrangehemin theform (=P, v - - - v

P, VQi1V---VQp). ThensettingQ = Q1 V ---V Q,, we have
(=PLV---VP,VQ1V---VQy)

is equivalentto

(PLA--APp) = Q1V---VQy
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c. Foratomsp;, ¢;, i, s; WhereUNIFY (p;, q) = 6:

PLA .. Pj oo APny = T1V ... Ty,
SIN..NSpy = @1 V.o Qi -+ V(ny
SUBST(O,(pl/\...pj,1/\pj+1/\pn1/\slA...sn3 = P1Velng V@ Ve @_1Vag41VaVany))

7.13

a. Arrowt < Arrow!=' A =Shoot!
b. FacingRight! < (FacingRight'=!' A =TurnRight! N =TurnLeft')
V(FacingUp'~1 A TurnRight!
V(FacingDown!=! A TurnLeft!
¢. Theseformulaearethe sameas(7.7)and(7.8), exceptthatthe P for pit is replacedoy
W for wumpus,and B for breezyis replaceddy .S for smelly
K(—|W4’4)t = K(ﬂSgA)t V K(—|S4, 4)t
K(W474)t = K(5374)t VAN K(—'W274)t A K(ﬁW&g)t
V(K (S13)t A K (=Wt A K (=W 3)!

7.14 Optimal behaior meansachiezing an expectedutility that is asgood asary other
agentprogram.The PL-WUMPUS-AGENT is clearlynon-optimalwhenit choosesa random
move (andmay be non-optimalin otherbragnchef its logic). Oneexample:in somecases
whenthereare mary dangergbreezesand smells)but no safemove, the agentchoosesat
random. A morethoroughanalysisshouldshav whenit is betterto do that,andwhenit is
betterto go homeandexit the wumpusworld, giving up on ary chanceof finding the gold.
Evenwhenit is bestto gambleon anunsafelocation,our agentdoesnot distinguishdegrees
of safety— it shouldchoosethe unsafesquarewvhich containsa dangerin the fewestnumber
of possiblemodels.Theserefinementarehardto stateusingalogical agent,but we will see
in subsequenthapterghata probabilisticagentcanhandlethem.does

7.15 PL-WuMPUS-AGENT keepdrackof 6 staticstatevariablesbesideB. Thedifficulty
is thatthesevariableschange—welon't justaddnew informationaboutthem(aswe do with
pits andbreezylocations) we modify exisitng information. This doesnot sit well with logic,
which is designedor eternaltruths. Sotherearetwo alternatves. Thefirst is to superscript
eachpropositionwith the time (aswe did with the circuit agents),and thenwe could, for
exampledoTELL (K B, Ai{’;) to saythattheagents atlocationl, 1 attime 3. Thenattime4,
wewould have to copy over mary of theexisting propositionsandaddnew ones.Thesecond
possibilityis to treatevery propositionasa timelessone,but to remove outdatedpropositions
from the KB. Thatis, we could do RETRACT(K B, A1) andthenprogTell( K B, A; 2) to
indicatethatthe agenthasmovedfrom 1,1 to 1, 2. Chapterl0 describeghe semanticsand
implementatiorof RETRACT.

NOTE: Avoid assigningthis problemif you don't feel comfortablerequiring students
to think aheadaboutthe possibility of retraction.

7.16 It will take time proportionalto the numberof pure symbolsplusthe numberof unit
clauses.We assuméhat K B = « is false,andprove a contradiction.—-(KB = «) is
equvalentto K B A —«. Fromthis sentencehe algorithmwill first eliminateall the pure
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symbols,thenit will work on unit clauseauntil it choosesy (which is a unit clause);at that
point it will immediatelyrecognizethat eitherchoice (true or false)for « leadsto failure,
which meanghatthe original non-ngjatedassertioris true.

7.17 Codenotshavn.



Solutiondfor Chapter8
First-OrderLogic

8.1 This questionwill generatea wide variety of possiblesolutions. The key distinction
betweenanalogicaland sententialrepresentationss that the analogicalrepresentatiorau-
tomatically generatesonsequencethat can be “read off” wheneer suitablepremisesare
encoded. Whenyou get into the details, this distinction turns out to be quite hardto pin
down—for example,whatdoes‘read off” mean?—ht it canbe justified by examiningthe
time compleity of variousinferenceson the “virtual inferencemachine”provided by the
representatiosystem.

a. Dependingon the scaleandtype of the map, symbolsin the map languagetypically

includecity andtown markers,roadsymbols(varioustypes) lighthouseshistoricmon-
umentsriver coursesfreenay intersectionsetc.

. Explicit andimplicit sentenceghis distinctionis alittle tricky, but the basicideais that
whenthe map-draver plunksa symboldown in a particularplace,he saysoneexplicit
thing (e.g. thatCoit Tower is here),but the analogicalstructureof the maprepresenta-
tion meanghatmary implicit sentencesannow bederived. Explicit sentencesthere
isamonumentalledCoit Tower atthislocation;LombardStreetruns(approximately)
east-westSanFranciscoBay exists and hasthis shape.Implicit sentencesVan Ness
is longerthanNorth Willard; Fishermars Wharf is north of the Mission District; the
shortestdrivableroutefrom Coit Towerto Twin Peakss thefollowing .. ..

. Sentencesinrepresentabli the maplanguageTelegraphHill is approximatelyconi-
calandabout430feethigh (assuminghe maphasno topographicahotation);in 1890
therewas no bridge connectingSanFranciscoto Marin County (map doesnot repre-
sentchangingnformation);Interstate680runseithereastor westof WalnutCreek(no
disjunctive information).

. Sentenceshat are easierto expressin the map language:ary sentencehat can be
written easilyin Englishis not going to be a good candidatefor this question. Any
linguistic abstractiorfrom the physicalstructureof SanFrancisco(e.g. SanFrancisco
is onthe endof a peninsulaat the mouthof a bay) canprobablybe expressedequally
easilyin the predicatecalculus,sincethat’s whatit was designedfor. Factssuchas
the shapeof the coastline,or the pathtaken by a road, are bestexpressedn the map
language Eventhen,onecanarguethatthecoastlinedravn onthemapactuallyconsists
of lots of individual sentencespnefor eachdot of ink, especiallyif the mapis dravn

42
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usinga digital plotter In this case,the advantageof the mapis really in the easeof
inferencecombinedwith suitability for human“visual computing”apparatus.
e. Examplesof otheranalogicakepresentations:

¢ Analogaudiotaperecording. Advantages:simple circuits canrecordandrepro-
ducesounds.Disadantages:ssubjectto errors,noise;hardto processn orderto
separatesoundsor remove noiseetc.

e Traditionalclock face. Advantageseasierto readquickly, determinatiorof how
muchtimeis availablerequiresno additionalcomputation Disadantageshardto
readprecisely cannotrepresensmallunitsof time (ms) easily

¢ All kindsof graphsbarcharts,pie charts. Advantagesenormousdatacompres-
sion, easytrend analysis,communicatdanformationin a way which we canin-
terpreteasily Disadantagesimprecise,cannotrepresentlisjunctive or negated
information.

8.2 The knowledgebasedoesnot entail V= P(x). To shav this, we mustgive a model
whereP(a) andP(b) butV x P(z) is false.Considerary modelwith threedomainelements,
wherea andb referto thefirst two elementsandtherelationreferredto by P holdsonly for

thosetwo elements.

8.3 Thesentencelz,y x =y isvalid. A sentenceés valid if it is truein every model. An
existentiallyquantifiedsentencés truein amodelif it holdsunderary extendednterpretation
in which its variablesareassignedo domainelements Accordingto the standardsemantics
of FOL asgivenin the chapter every model containsat leastone domainelement,hence,
for ary model,thereis an extendedinterpretationin which z andy areassignedo thefirst
domainelement.In suchaninterpretationg =y is true.

8.4 Vzx,y x=y stipulateshatthereis exactly oneobject. If therearetwo objects,then
thereis an extendedinterpretationn which x andy areassignedo differentobjects,sothe
sentencavould befalse. Somestudentanay alsonoticethatary unsatisfiablesentencelso
meetsthecriterion, sincetherearenoworldsin which thesentences true.

8.5 We will usethe simplestcountingmethod,ignoring redundantombinations.For the
constansymbols thereare D¢ assignmentsEachpredicateof arity k£ is mappedntoa k-ary
relation,i.e.,asubsebf the D* possible%—elementuples;thereareQDk suchmappingsEach
functionsymbolof arity & is mappedontoa k-ary function, which specifiesa valuefor each
of the D¥ possiblek-elementuples.Includingtheinvisible elementthereare D + 1 choices
for eachvalue,sothereare(D + 1)°" functions. Thetotal numberof possiblecombinations
is therefore
A A
De- <Z 2D’“> : (Z(D+ 1)D’°> .

k=1 k=1
Two thingsto note: first, the numberis finite; second,the maximumarity A is the most
crucialcompleity parameter

8.6 In this exercise,it is bestnot to worry aboutdetailsof tenseandlarger concernswith
consistenbntologiesand so on. The main point is to make surestudentsunderstanacton-
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nectvesandquantifiersandthe useof predicatesfunctions,constantsandequality Let the
basicvocalulary beasfollows:

Takes(zx, ¢, s): studentr takescoursec in semestes;

Passes(z, ¢, s): student: passegoursec in semestes;

Score(z, c, s): thescoreobtainedby studentz in coursec in semestes;

x >y z is greaterthany;

F andG: specificFrenchandGreekcourseqgonecould alsointerpretthesesentenceasre-
ferring to any suchcourse,in which caseone could usea predicateSubject(c, f) meaning
thatthe subjectof coursec is field f;

Buys(z,y, z): x buysy from z (usinga binary predicatewith unspecifiedselleris OK but

lessfelicitous);

Sells(x,y, z): x sellsy to z;

Shaves(z,y): personz sha/espersony

Born(z,c): personz is bornin countryc;

Parent(z,y): x is aparentof y;

Citizen(x, c,r): x is acitizenof countryc for reasorr;

Resident(z, ¢): x is aresidentof countryc;

Fools(z,y,t): personz fools persony attime;

Student(x), Person(x), Man(z), Barber(x), Expensive(x), Agent(x), Insured(x),

Smart(x), Politician(z): predicatesatisfiedoy memberof the correspondingateyories.

a. Somestudentgook Frenchin spring2001.
dx Student(x) A Takes(z, F, Spring2001).
b. Everystudentwho takesFrenchpassed.
Vz,s Student(x) A Takes(x, F,s) = Passes(z,F,s).
c. Only onestudenttook Greekin spring2001.
Jz Student(x)N\Takes(x,G, Spring2001)A\Vy y # x = —Takes(y, G, Spring2001).
d. Thebestscorein Greekis alwayshigherthanthebestscorein French.
Vs do Yy Score(z,G,s) > Score(y, I, s).
e. Every personwho buysapolicy is smart.
Vz Person(x) A (3y,z Policy(y) N Buys(x,y,z)) = Smart(z).
f. No persorbuysanexpensve policy.
Vz,y,z Person(z) A Policy(y) N Expensive(y) = —Buys(z,y,z).
g. Thereis anagentwho sellspoliciesonly to peoplewho arenotinsured.
dx Agent(z) AVy,z Policy(y) A Sells(z,y,z) = (Person(z) A =Insured(z)).
h. Thereis abarberwho sharesall menin town who do not shave themseles.
Jz Barber(z) AVy Man(y) A ~Shaves(y,y) = Shaves(z,y).
i. A personbornin the UK, eachof whoseparentss a UK citizenor aUK residentjs a
UK citizenby birth.
Vz Person(x)A\Born(z,UK)\(NVy Parent(y,z) = ((Ir Citizen(y,UK,r))V
Resident(y,UK))) = Citizen(x, UK, Birth).
j. A personbornoutsidethe UK, oneof whoseparentss a UK citizenby birth, is a UK
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citizenby descent.

Va Person(x) AN —Born(z,UK) A (3y Parent(y,z) A Citizen(y, UK, Birth))
= Citizen(x,UK, Descent).

k. Politicianscanfool someof thepeopleall of thetime, andthey canfool all of thepeople
someof thetime, but they cant fool all of the peopleall of thetime.

Vx Politician(z) =
(Jy YVt Person(y) A Fools(x,y,t)) A
(3t Yy Person(y) = Fools(z,y,t)) A
—(Vt Yy Person(y) = Fools(x,y,t))

8.7 Thekey ideais to seethattheword “same”is referringto every pair of GermansThere
areseverallogically equivalentformsfor this sentenceThe simplestis the Horn clause:

Vz,y,l German(z) A German(y) A Speaks(z,l) = Speaks(y.l) .

8.8 Vuz,y Spouse(xz,y) N Male(x) = Female(y). This axiomis nolongertruein
certainstatesandcountries.

8.9 This is a very educationalexercisebut also highly nontrivial. Once studentshave
learnedaboutresolution,askthemto do the proof too. In mostcasesthey will discorer
missingaxioms. Our basicpredicatesare Heard(zx, e, t) (x heardaboutevente attime t);
Occurred(e,t) (evente occurredattimet); Alive(z,t) (z is alive attimet).

3t Heard(W, DeathO f(N),t)

Vz,e,t Heard(z,e,t) = Alive(z,t)

Vx,e ty Heard(z,e,ta) = Ity Occurred(e,t1) ANt < tg

Vt1 Occurred(DeathOf(x),t1) = Yig t1 < ta = —Alive(x,ts)
Vi1, to —|(t2 < tl) = ((tl < tg) V (tl = tg))

Vi, tq,t3 (tl < tg) A ((tz < tg) V (tg = t'g)) = (tl < tg)

Vi1, to,t3 ((tl < tg) V (tl = tg)) AN (tg < tg) = (tl < tg)

8.10 It is notentirelyclearwhich sentenceseedto bewritten, but thisis oneof them:

Vs1 Breezy(s1) < dso Adjacent(si,sa) A Pit(s2) .

Thatis, a squareis breezyif andonly if thereis a pit in a neighboringsquare. Generally
speaking the size of the axiom setis independentf the size of the wumpusworld being
described.

8.11 Make sureyou write definitionswith <. If you use=-, you areonly imposingcon-
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straints,notwriting arealdefinition.
GrandChild(c,a) < 3b Child(c,b) A Child(b,a)
GreatGrandParent(a,d) < 3b,c Child(d,c) A Child(c,b) A Child(b, a)
Brother(z,y) < Male(z) A Sibling(x,y)
Sister(z,y) < Female(z) A Sibling(z,y)
Daughter(d,p) < Female(d) A Child(d, p)
Son(s,p) < Male(s) A Child(s,p)
AuntOrUncle(a,c) < Ip Child(c,p) A Sibling(a,p)
Aunt(a,c) < Female(a) N AuntOrUncle(a, c)
Uncle(u,c) < Male(u) N AuntOrUncle(a, c)
BrotherInLaw(b,z) < 3Im Spouse(x,m) A Brother(b,m)
SisterInLaw(s,x) < 3Im Spouse(x,m) A Sister(s,m)
FirstCousin(c,k) < 3( p)AuntOrUncle(p, c) A Parent(p, k)
A secondcousinis aachild of ones parents first cousin,andin generalannth cousin
is definedas:

NthCousin(n,c,k) < Ip, f Parent(p,c) N NthCousin(n — 1, f,p) A Child(k, f)

Thefactsin the family tree aresimple: eacharron representswo instancef C'hild
(e.g., Child(William, Diana) and Child(William,Charles)), eachnamerepresentsa
sex proposition(e.g., Male(William) or Female(Diana)), eachdoubleline indicatesa
Spouse proposition(e.g. Spouse(Charles, Diana)). Making the queriesof the logical
reasoningsystemis justaway of deluggingthe definitions.

8.12 Vz,y (xz+y) = (y+ z). Thisdoesfollow from the Peanocaxioms(althoughwe
shouldwrite the first axiom for + asVm NatNum(m) = + (0,m) = m). Roughly
speakingthedefinitionof + saysthatz + y = S*(y) = S**¥(0), whereS* is shorthandor
the S function appliedz times. Similarly, y + z = S¥(z) = S¥**(0). Hence,theaxioms
imply thatz + y andy + x areequalto syntacticallyidenticalexpressions.This agument
canbeturnedinto aformal proof by induction.

8.13 Although theseaxiomsare sufficient to prove setmembershipivhen z is in fact a
memberof a given set,they have nothingto sayaboutcasesvherezx is nota member For
example,it is notpossibleto provethatx is notamembeiof theemptyset. Theseaxiomsmay
thereforebe suitablefor alogical systemsuchasProlog,thatusesnegation-as-ilure.

8.14 Herewetranslatelist? to mearn‘properlist” in Lisp terminologyi.e.,aconsstructure
with Nil asthe*“rightmost” atom.

List?(Nil)

Va,l List?(l) < List?(Cons(x,l))

Va,y First(Cons(z,y))==z

Vx,y Rest(Cons(x,y))=vy

Vz Append(Nil,x)=x

Vv, z,y,z List?(x) = (Append(z,y)=2z < Append(Cons(v,z),y)=Cons(v,z))

Vo —Find(x, Nil)

Va List?(z) = (Find(z,Cons(y,z)) & (x=yV Find(zx, z))
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8.15 Thereareseveral problemswith the proposediefinition. It allows oneto prove, say
Adjacent([1,1],[1,2]) but not Adjacent([1,2],[1,1]); sowe needan additionalsymmetry
axiom. It doesnot allow oneto prove that Adjacent([1,1],[1, 3]) is false,soit needsto be
writtenas

v51752 ~ ...

Finally, it doesnot work asthe boundarief the world, so someextra conditionsmustbe
added.

8.16 We needthefollowing sentences:

Vs Smelly(s1) < Isa Adjacent(si,s2) A In(Wumpus, s2)
ds1 In(Wumpus, s1) AV sy (s1 # s2) = —In(Wumpus, s2) .

8.17 Therearethreestagedo gothrough.In thefirst stage we definethe conceptf one-
bit andn-bit addition. Then,we specifyone-bitandn-bit addercircuits. Finally, we verify
thatthen-bit addercircuit doesn-bit addition.

e One-bitadditionis easy Let Add; beafunctionof threeone-bitagumentgthe third
is the carry bit). Theresultof the additionis a list of bits representing 2-bit binary
number leastsignificantdigit first:

Addy(0,0,0) = [0,0]
Addy(0,0,1)=[0,1]
Addy(0,1,0) = [0,1]
Addy(0,1,1)=]1,0]
Addy(1,0,0) = [0,1]
Addy(1,0,1)=]1,0]
Addy(1,1,0)=[1,0]
Addy(1,1,1)=1,1]

¢ n-bit additionbuilds on one-bitaddition. Let Add,,(z1, z2,b) beafunctionthattakes
two lists of binarydigits of lengthn (leastsignificantdigit first) andacarrybit (initially
0), and constructsa list of lengthn + 1 thatrepresentsheir sum. (It will alwaysbe
exactlyn + 1 bitslong, evenwhentheleadingbit is 0—theleadingbit is the overflon
bit.)

Add, ([}, 11,6) = [0]
Addl(bl,bg,b) == [bg,b4] = Addn([b1|l‘1], [b2|1'2]b) = [bg‘Addn(Il,EQ,bzl)]

e Thenext stepis to definethe structureof a one-bitaddercircuit, asgivenin Section??.
Let Add,Circuit(c) be true of ary circuit that hasthe appropriatecomponentsand
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connections:
Ve AddiCircuit(c) <
dx1,x9,a1,a2,01 Type(x1)=Type(xs)=XOR

A Type(ay) =Type(as) = AND A Type(o1) =OR

A Connected(Out(1,x1), In(1,z2)) A Connected(In(1,c),

A Connected(Out(1,x1),In(2,a2)) A Connected(In(1,c), )
A Connected(Out(1,a2),In(1,01)) A Connected(In(2,c), In(2,x1)
A Connected(Out(1,a1), In(2,01)) A Connected(In(2,c), In(2,a1))
A Connected(Out(1, x2), Out(1, c)) A Connected(In(3,c), In(2,z2))
A Connected(Out(1,01), Out(Z, ¢)) A Connected(In(3,¢c), In(1,as))

Notice that this allows the circuit to have additionalgatesand connectionsput they
won't stopit from doingaddition.

Now we definewhatwe meanby ann-bit addercircuit, following the designof Figure
8.6. We will needto be careful,becausen n-bit adderis notjustann — 1-bit adder
plusaone-bitadder;we have to connectthe overflow bit of then — 1-bit adderto the
carry-bitinput of the one-bitadder We begin with thebasecasewheren =0:

Ve Add,Circuit(c,0) <

Signal(Out(1,¢))=0
Now, for the recursve casewe specifythat the first connectthe “overflon” outputof
then — 1-bit circuit asthe carrybit for thelastbit:

Ve,n n>0 = [Add,Circuit(e,n) <
Jdeg,d Add,Circuit(ca,n — 1) A AddyCircuit(d)

AYm (m>0)A(m<2n—1) = In(m,c)=1In(m,cs)

AYm (m>0)A(m<n) = AOut(m,c)=0Out(m,cs)

A Connected(Out(n, cz), In(3,d))

A Connected(In(2n — 1, ¢), In(1,d)) A Connected(In(2n,c), In(2,d))

A Connected(Out(1,d), Out(n,c)) A Connected(Out(2,d), Out(n + 1,c))
Now, to verify thata one-bitaddercircuit actuallyaddscorrectly we askwhether given
ary settingof theinputs,the outputsequalthe sumof theinputs:

Ve AddyCircuit(c) =
Viy,ia,i3 Signal(In(1,c)) =11 A Signal(In(2,c)) =1i2 A Signal(In(3,c)) =is
= Add; (il , 192, ig) = [Out(l, C), Out(2, C)}
If this sentencas entailedby the KB, thenevery circuit with the Add; C'ircuit design
is in factanadder The queryfor the n-bit canbewritten as

Ve,n Add,Circuit(e,n) =
Va1,x9,y InterleavedInputBits(z1,x2,c) A OutputBits(y, c)
= Addy(21,72,9)

where InterleavedInput Bits and Qutput Bits are definedappropriatelyto map bit
sequenceto the actualterminalsof the circuit. [Note this logical formulationhasnot
beentestedn atheoremprover andwe hesitateo vouchfor its correctness.]
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8.18 Strictly speakingthe primitive gatesmust be definedusing logical equivalencesto
excludethosecombinationshotlistedascorrect.If weareusingalogic programmingsystem,
we cansimply list the casesFor example,

AND(0,0,0) AND(0,1,0) AND(1,0,0) AND(1,1,1) .
For theone-bitadderwe have
\V/’il, ig, ’i3, 01,09 Add1 C’ircuit(il, ig, i3, o1, 02) ~
041,041,002 XOR(i1,12,051) A XOR(041,13,01)
A\ AND(Zl, ig, Oal) A AND(Zg, Ox1, Oag)
A OR(042, 041, 02)
Theverificationqueryis
\V/il, i27 i37 01,02 Addl (ila i27 23) = [7 o1, 02] = Addl C’L'TC’U/I;t(Z.l, i?v i37 01, 02)

It is not possibleto askwhetherparticularterminalsare connectedn a given circuit, since
theterminalsis notreified (noris thecircuit itself).

8.19 Theanswerserewill vary by country Thetwo key rulesfor UK passportaregiven
in theanswetto Exercsie8.6.



Solutiongfor Chapter9
Inferencean First-OrderLogic

9.1 Wewantto shav thatary sentencef theformVv « entailsary universalinstantiation
of thesentenceThesentenc& v «istrueif « istruein all possibleextendednterpretations.
But replacingv with ary groundterm g mustcountasone of the interpretationssoif the

original sentencds true,thentheinstantiatedsentencenustalsobetrue.

9.2 For ary sentencex containinga groundterm g andfor ary variablev not occuringin

o, we have
«

Jv SuBsTi({g/v}, a)
whereSuBST; is afunctionthatsubstitutegor a singleoccurrencef g with v.

9.3 Both b andc arevalid; ais invalid becausét introducesthe previously-usedsymbol
Everest Note that c doesnot imply that thereare two mountainsas high as Everest,be-
causenowhereis it statedthat BenNeis is differentfrom Kilimanjaro (or Eveest for that
matter).

9.4 Thisis aneasyexerciseto checkthatthe studentunderstandanification.

a. {z/A,y/B, z/B} (or somepermutatiorof this).

b. No unifier (x cannotbindto both A and B).

c. {y/John,z/John}.

d. No unifier (because¢he occurs-checlpreventsunificationof y with Father(y)).

9.5 Employs(Mother(John)fFather(Richard)Yhis pageisn’t wide enoughto draw the dia-
gramasin Figure9.2,sowe will draw it with indentationdenotingchildrennodes:

[1] Employs(x, V)
[2] Employs(x, Father(z))
[3] Employs(x, Father(Richard))
[4] Employs(Mother(w ), Father(Richard )
[5] Employs(Mother (J ohn), Father(Richard )
[6] Employs(Mother(w ), Father(z))
[4] ..
[71 Employs(Mother(J  ohn), Father(z))
[5] .

50
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[8] Employs(Mother( w), V)
[9] Employs(Mother(J  ohn), )
[10] Employs(Mother( John), Father(z)
[5]
6] ..
9.6 We will give the average-caséime compleity for eachquery/schemeombinationin
thefollowing table.(An entryof theform“1; n” meanghatit is O(1) to find thefirst solution
to thequery but O(n) to find themall.) We male thefollowing assumptionshashtablesgive
O(1) accesstherearen peoplein thedatabasethereareO(n) peopleof ary specifiedage;
every personhasonemother;thereare H peoplein Houstonand7 peoplein Tiny Town; T’
is muchlessthann; in Q4,the secondconjunctis evaluatedfirst.

Ql Q2 | Q3| Q4
S 1|1, Hil;n|T;T
S2[1 |n;nil;n| n;n
S3| n |n:; n|l; n|n? n?
S4 1 |n;n|l;n| n;n
SS5|1 |1, HiL;n|T;T

Anything thatis O(1) canbe considered‘efficient; asperhapscanarything O(T"). Note

thatS1andS5dominatethe otherschemedor this setof queries.Also notethatindexing on

predicateplaysnorolein thistable(exceptin combinatiorwith anargument) becaus¢here
areonly 3 predicategwhichis O(1)). It would make a differencein termsof the constant
factor

9.7 Thiswouldwork if therewereno recursve rulesin the knovledgebase.But suppose
theknowledgebasecontainshe sentences:

Member(z, [z|r])
Member(x,r) = Member(z,[y|r])

Now take the query M ember(3,[1,2, 3]), with a backward chainingsystem. We unify the
querywith the consequentf theimplicationto getthe substitutiord = {x/3,y/1,7/[2, 3]}.
We then substitutethis in to the left-hand side to get Member(3,[2,3]) andtry to back
chainon thatwith the substitutiond. Whenwe thentry to apply the implication again,we
get a failure because) cannotbe both 1 and2. In otherwords,the failure to standardize
apartcausedailure in somecasesvhererecursve ruleswould resultin a solutionif we did
standardizepart.

9.8 Considera3-SAT problemof theform
(1,1 Va1 Vasi) A(z12 Ve Vargs) V...

We wantto rewrite this asa singledefineclauseof the form
ANBANCNA... = Z,

alongwith afew groundclausesWe cando thatwith the definiteclause
OneOf(x1,1,221,231) NOneOf(x12,x22,232) A... = Solved
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alongwith thegroundclauses
OneOf(True,z,y)

OneO f(x, True,y)
OneOf(z,y, True)

9.9 Weuseaverysimpleontologyto make the exampleseasier:

a. Horse(r) = Mammal(z)

Cow(z) = Mammal(z)

Pig(x) = Mammal(zx)

Offspring(z,y) A Horse(y) = Horse(z)

Horse(Bluebeard)

Parent(Bluebeard, Charlie)

Offspring(z,y) = Parent(y,x)

Parent(xz,y) = Offspring(y, x)

(Notewe couldnt do Offspring(x,y) < Parent(y,z) becaus¢hatis notin theform
expectedby GeneralizedModusPonens.)

f. Mammal(x) = Parent(G(x),z) (hereG is a Skolemfunction).

Lo T

9.10 This questionglealswith the subjectof loopingin backward-chainingoroofs. A loop
is boundto occurwheneer asubgoalriseshatis a substitutioninstanceof oneof thegoals
onthestack.Not all loopscanbe caughtthis way, of course ptherwisewe would have away
to solve the halting problem.

a. Theprooftreeis shavnin FigureS9.1.Thebranchwith Offspring(Bluebeard,y) and
Parent(y, Bluebeard) repeatsndefinitely sotherestof the proofis neverreached.

b. We getaninfinite loop becausef rule b, Offspring(z,y) A Horse(y) = Horse(x).
Thespecificloop appearingn thefigureariseshecaus®f theorderingof theclauses—
it would bebetterto order H or se( Bluebeard) beforetherule from b. However, aloop
will occurno matterwhich way therulesareorderedf thetheorem-preer is asledfor
all solutions.

c. Oneshouldbeableto prove thatboth BluebearcandCharliearehorses.

d. Smith et al. (1986) recommendahe following method. Wheneer a “looping” goal
occurs(one that is a substitutioninstanceof a supegoal higher up the stack), sus-
pendthe attemptto prove that subgoal.Continuewith all otherbrancheof the proof
for the supegoal, gatheringup the solutions. Then usethosesolutions(suitably in-
stantiatedf necessaryassolutionsfor the suspendedubgoal,continuingthatbranch
of the proof to find additionalsolutionsif ary. In the proof shawvn in the figure, the
Offspring(Bluebeard, y) is arepeatedyoal andwould be suspendedSinceno other
way to prove it exists, that branchwill terminatewith failure. In this case,Smith’s
methodis sufiicient to allow thetheorem-praer to find bothsolutions.

9.11 Surprisingly the hard partto represents “who is thatman? We wantto ask “what
relationshipdoesthat manhave to someknown persor, but if we representelationswith
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Offspring(h,y) | Horse(BIuebeard}

Parent(y,h) | Offspring(BIuebeard,y)|

Yes, {y/Bluebeard,
h/Charlie}

| Parent(y,Bluebeard)|

| Offspring(BIuebeard,y)|

FigureS9.1 Partial prooftreefor finding horses.

predicateqe.qg., Parent(x,y)) thenwe cannotmake the relationshipbe a variablein first-

orderlogic. Soinsteadwe needto reify relationshipsWe will useRel(r, z,y) to saythatthe

family relationshipr holdsbetweenpeoplex andy. Let Me denoteme and MrX denote
“that man? We will alsoneedthe Skolem constants#’M for thefatherof Me and F' X for

thefatherof MrX. Thefactsof the case(putinto implicative normalform) are:

(1) Rel(Sibling, Me,x) = False
(2) Male(MrX)

(3) Rel(Father, FX, MrX)

(4) Rel(Father, FM, Me)

(5) Rel(Son, FX,FM)

We wantto be ableto shav that Me is the only sonof my father andthereforethat Me is
fatherof Mr X, whois male,andthereforghat“that man”is my son. Therelevantdefinitions
from thefamily domainare:

(6) Rel(Parent,z,y) N Male(z) < Rel(Father,z,y)

(7) Rel(Son,x,y) < Rel(Parent,y,x) N Male(x)

(8) Rel(Sibling,z,y) < = #yAdp Rel(Parent,p,z) A Rel(Parent,p,y)
(9) Rel(Father,z1,y) A Rel(Father,z2,y) = x1 = 2

andthe querywe wantis:
(Q) Rel(r, MrX,y)
We wantto beableto getbacktheanswer{r/Son,y/Me}. Translatingl-9 and@ into INF



Chapter 9. Inferencein First-OrderLogic

(andneggating@ andincludingthe definitionof #) we get:

(6a) Rel(Parent,z,y) N Male(x) = Rel(Father,z,y)

(6b) Rel(Father,z,y) = Male(x)

(6¢) Rel(Father,x,y) = Rel(Parent,z,y)

(7a) Rel(Son,z,y) = Rel(Parent,y,x)

(7b) Rel(Son,z,y) = Male(x))

(7¢) Rel(Parent,y,x) N Male(x) = Rel(Son,z,y)

(8a) Rel(Sibling,z,y) = x#y

(8b) Rel(Sibling,xz,y) = Rel(Parent, P(z,y),x

(8¢) Rel(Sibling,z,y) = Rel(Parent, P(x,y),y)

(8d) Rel(Parent, P(z,y),z) A Rel(Parent, P(x,y),y) ANz #vy = Rel(Sibling, z,y)

(9) Rel(Father,x1,y) N Rel(Father,z2,y) = x1 = X2

(N)True = z=yVa#y

(NYz=yANz#y = False
(Q) Rel(r,MrX,y) = False

Notethat (1) is non-Horn,sowe will needresolutionto be be sureof gettinga solution. It

turnsoutwe alsoneeddemodulatior{page284)to dealwith equality Thefollowing liststhe

stepsof the proof, with theresolentsof eachstepin parentheses:

(10) Rel(Parent, FM, Me) (
(11) Rel(Parent, FM, FX) (
(12) Rel(Parent, FM,y) N Me #y = Rel(Sibling, Me,y) (
(13) Rel(Parent, FM,y) AN Me #vy = False (
(14) Me # FX = False (
(15) Me = FX (14,N)
(16) Rel(Father,Me, MrX) (
(17) Rel(Parent, Me, MrX) (
(18) Rel(Son, MrX, Me) (
(19) False {r/Son,y/Me} (

9.12 Hereis agoaltree:
goals = [Criminal(West)]

goals = [American(West), Weapon(y), Sells(West, Yy, Z), Hostile(z)]
goals = [Weapon(y), Sells(West, Yy, 2Z), Hostile(z)]

goals = [Missle(y), Sells(West, Yy, z), Hostile(z)]

goals = [Sells(West, M1, z), Hostile(z)]

goals = [Missle(M1), Owns(Nono, M1), Hostile(Nono)]
goals = [Owns(Nono, M1), Hostile(Nono)]
goals = [Hostile(Nono) ]
goals =[]

9.13

a. In thefollowing, anindentedline is a stepdeepelin the proof tree,while two lines at
thesamendentationrepresentwo alternatve waysto prove thegoalthatis unindented
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aboreit. TheP1 andP2 annotatiornon a line meanthatthefirst or secondclauseof P
wasusedto derive theline.

P(A, [1,2,3]) goal
P@, [1]2,3]) P1 => solution, with A =1
P(1, [1]2,3]) P2
P2, [23]) P1 => solution, with A =2
P2, [2,3]) P2
P@3, [3]) P1 => solution, with A =3
PG, [3]) P2
P2, [1, A 3) goal
P2, [12, 3] P1
P@, [12, 3] P2
P2, [2]3]) P1 => solution, with A = 2
P2, [2]3]) P2
P2, [3]) P1
P2, [3]) P2

b. P couldbetterbe calledMember; it succeedsvhenthefirst agumentis anelementof
thelist thatis the secondargument.

9.14 Thedifferentversionsof sort illustratethedistinctionbetweenogicalandprocedu-
ral semanticsn Prolog.

a. sorted([]).
sorted([X]).
sorted([X,Y|L]) - X<Y, sorted([Y|L]).
b. perm((l,0).
perm([X]|L],M)
delete(X,M,M1),

perm(L,M1).
delete(X,[X|L],L). %%deleting an X from [X|L] vyields L
delete(X,[Y|LL,[Y|M]) - delete(X,L,M).
member(X,[X|L]).
member(X,[_|L]) - member(X,L).
C. sort(L,M) - perm(L,M), sorted(M).

This is aboutas closeto an executableformal specificationof sortingasyou can
get—it saysthe absoluteminimumaboutwhatsortmeansin orderfor Mto beasortof
L, it musthave thesameelementsasL, andthey mustbein order

d. Unfortunately this doesnt fare aswell asa programasit doesasa specification. It
is a generate-and-tesbrt: perm generategsandidatgpermutationneat atime, and
sorted teststhem.In theworstcase(whenthereis only onesortedpermutationand
it is thelastonegenerated}hiswill take O(n!) generationsSinceeachperm is O(n?)
andeachsorted is O(n), thewholesort is O(n!n?) in theworstcase.

e. Heresasimpleinsertionsort,whichis O(n?):

isort([],[D).
isort([X|L],M) - isort(L,M1), insert(X,M1,M).
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insert(X,[1,[X])-
insert(X,[Y|LLIX,YIL]) - X=<Y.
insert(X,[Y|LL[Y|M]) - Y<X, insert(X,L,M).

9.15 Thisexerciseillustratesthe power of pattern-matchingyhich s built into Prolog.

a. Thecodefor simplificationlooksstraightforvard, but studentsnayhave troublefinding
the middle way betweerundersimplifyingandloopinginfinitely.

simplify(X,X) - primitive(X).

simplify(X,Y) - evaluable(X), Y is X

simplify(Op(X)) - simplify(X,X1), simplify_exp(Op(X1)).

simplify(Op(X,Y)) - simplify(X,X1), simplify(Y,Y1), simplify_exp(Op(X1,Y1)).
simplify_exp(X,Y) - rewrite(X,X1), simplify(X1,Y).

simplify_exp(X,X).

primitive(X) - atom(X).
b. Hereareafew representati rewrite rulesdravn from theextensve list in Norvig (1992).

Rewrite(X+0,X).

Rewrite(0+X,X).

Rewrite(X+X,2*X).

Rewrite(X*X,X"2).

Rewrite(X"0,1).

Rewrite(0"X,0).

Rewrite(X*N,N*X) - number(N).
Rewrite(In(e"X),X).
Rewrite(X"Y*X"Z,X*(Y+Z)).
Rewrite(sin(X)2+cos(X)"2,1).

c. Herearethe rulesfor differentiation,usingd(Y,X) to representhe derwvative of ex-
pressionY with respecto variableX.

Rewrite(d(X,X),1).

Rewrite(d(U,X),0) - atom(U), U /= X
Rewrite(d(U+V,X),d(U,X)+d(V,X)).
Rewrite(d(U-V,X),d(U,X)-d(V,X)).
Rewrite(d(U*V,X),V*d(U,X)+U*d(V,X)).
Rewrite(d(U/V,X),(V*d(U,X)-U*d(V,X))/ V°2) ).
Rewrite(d(U"N,X),N*U"(N-1)*d(U, X)) - number(N).
Rewrite(d(log(U),X),d(U,X)/U).
Rewrite(d(sin(U),X),cos(U)*d(U,X)).
Rewrite(d(cos(U),X),-sin(U)*d(U,X)).
Rewrite(d(e"U,X),d(U,X)*e"U).

9.16 Onceyouunderstandhon Prologworks,theanswers easy:

solve(X,[X]) - goal(X).

solve(X,[X|P]) - successor(X,Y), solve(Y,P).

We could renderthis in Englishas “Given a start state,if it is a goal state,thenthe path
consistingof just the startstateis a solution. Otherwise find somesuccessostatesuchthat

thereis apathfrom the successaio thegoal;thenasolutionis the startstatefollowed by that
path’
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Noticethatsolve cannotonly beusedto find apathP thatis a solution,it canalsobe
usedto verify thata givenpathis a solution.

If youwantto addheuristics(or evenbreadth-firssearch)you needanexplicit queue.
The algorithmsbecomequite similar to the versionswritten in Lisp or Pythonor Java or in
pseudo-cod@n thebook.

9.17 This questiontestsboth the students understandingf resolutionandtheir ability to
think atahigh level aboutrelationsamongsetsof sentencesRecallthatresolutionallows one
to shav that K B = « by proving that K B A -« is inconsistentSupposehatin generathe
resolutionsystemis calledusingA sk (K B, «). Now we wantto shav thata givensentence,
say3 is valid or unsatisfiable.

A sentence’ is valid if it canbe shavn to betrue without additionalinformation. We
checkthis by calling Ask (K By, 3) whereK By is theemptyknowledgebase.

A sentenced thatis unsatisfiablas inconsistenby itself. Soif we the emptyknowl-
edgebaseagainandcall Ask (K By, —(3) theresolutionsystemwill attemptto derive a con-
tradiction startingfrom —— 3. If it cando so, thenit mustbe that ——3, and henceg, is
inconsistent.

9.18 Thisis aform of inferenceusedto shav thatAristotle’s syllogismscould not capture
all soundinferences.

a. Vo Horse(x) = Animal(x)
Va,h Horse(z) N HeadOf(h,x) = Jy Animal(y) N HeadO f(h,y)
b. A. =Horse(z) V Animal(z)
B. Horse(G)
C. HeadOf(H,Q)
D. = Animal(y) V ~HeadO f(H,y)
(Here A. comesfrom thefirst sentencén a. while the otherscomefrom the second.H
andG areSkolemconstants.)
c. Resolhe D andC to yield -~ Animal(G). Resole this with A to give —Horse(G).
Resole thiswith B to obtaina contradiction.

9.19 This exerciseteststhe studentsinderstandingf modelsandimplication.

a. (A) translatego “For every naturalnumberthereis someothernaturalnumberthatis
smallerthanor equalto it.” (B) translatedo “Thereis a particularnaturalnumberthat
is smallerthanor equalto ary naturalnumber

b. Yes,(A) is trueunderthis interpretation.You canalwayspick the numberitself for the
“someother’number

c. Yes, (B) is true underthis interpretation. You can pick O for the “particular natural
number

d. No, (A) doesnotlogically entail (B).

e. Yes,(B) logically entails(A).

f. Wewantto try to prove viaresolutionthat(A) entails(B). To dothis, we setour knowl-
edgebaseto consistof (A) andthe negationof (B), whichwe will call (-B), andtry to
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derive acontradiction Firstwe haveto convert (A) and(-B) to canonicaform. For (-B),
this involves moving the — in pastthe two quantifiers.For both sentencest involves
introducinga Skolemfunction:

(A) x> Fy(z)

(-B) ~Fa(y) = y
Now we cantry to resole thesewo togetherbut theoccurscheckrulesouttheunifica-
tion. It lookslike thesubstitutiorshouldbe {x/ F>(y), y/Fi(z)}, butthatis equivalent
to {z/Fs(y), y/Fi(F2(y))}, whichfails because is boundto anexpressioncontain-
ing y. Sotheresolutionfails, thereareno otherresolutionstepgo try, andtherefore(B)
doesnotfollow from (A).

g. To prove that (B) entails(A), we startwith a knowledgebasecontaining(B) andthe

negationof (A), whichwe will call (-A):

(-A) 1>y

(B) z > Fy(x)
Thistimetheresolutiongoesthrough with thesubstitution{x/ Fy, y/F»(F1)}, thereby
yielding F'alse, andproving that(B) entails(A).

9.20 Oneway of seeingthis s thatresolutionallows reasonindyy casesby which we can
prove C' by proving that either A or B is true, without knowing which one. With definite
clauseswe alwayshave a singlechainof inference for which we canfollow the chainand
instantiatevariables.

9.21 No. Part of the definition of algorithmis thatit mustterminate. Sincetherecanbe
an infinite numberof consequencesf a setof sentencesno algorithm cangeneratehem
all. Anotherway to seethattheansweris no is to rememberthat entailmentfor FOL is
semidecidablelf therewerean algorithmthatgenerateshe setof consequencesf a setof
sentence$, thenwhengiventhetaskof decidingif B is entailedby S, onecouldjust check
if B isinthegeneratedet.Butwe know thatthisis not possiblethereforegeneratinghe set
of sentencess impossible.
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KnowledgeRepresentation

10.1 Shootingthe wumpusmakesit dead,but thereare no actionsthat causeit to come
alive. Hencethe successestateaxiomfor Alive justhasthe secondclause:
Va,s Alive(Wumpus, Result(a,s)) < [Alive(x,y,s)
A=(a= Shoot A Has(Agent, Arrow, s)
AFacing(Agent, Wumpus, s))]
where Facing(a, b, s) is definedappropriatelyin termsof the locationsof a andb andthe
orientationof a. Possessionf the arraw is lost by shooting,and againthereis no way to
male it true:
Va,s Has(Agent, Arrow, Result(a,s)) <
[Has(Agent, Arrow, s) A (a # Shoot)]

10.2
Time(Sp,0)
Time(Result(seq, s),t) = Time(Result(]a|seq],s),t + 1)
Noticethattherecursiomeedsmo basecasebecauseave alreadyhave theaxiom
Result([],s) = s .

10.3 This questiontakesthe studentthroughthe initial stagesof developinga logical rep-
resentatioror actionsthatincorporatesnoreandmorerealism.Implementingthereasoning
tasksin atheorem-preer is alsoa goodidea. Althoughthe useof logical reasoningor the
initial task—findinga route on a graph—mayseemlike overkill, the studentshouldbe im-
pressedhatwe cankeepmakingthe situationmorecomplicatedsimply by describingthose
addedcomplicationswith no additionsto thereasoningystem.
a. At(Robot, Arad, Sy).
b. 3s At(Robot, Bucharest,s).
c. Thesuccessestateaxiomshouldbe mechanicaby now. Va, z,y, s :
At(Robot,y, Result(a,s)) < [(a=Go(x,y)
ADirect Route(x,y) A At(Robot, z, s))
vV  (At(Robot, y, s)
A=(3z a=Goly,z) Az #y))]

59
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d. To representhe amountof fuel the robot hasin a given situation, use the function
Fuel(Robot, s). Let Distance(x,y) denotethe distancebetweercitiesz andy, mea-
suredin unitsof fuel consumptionLet Full beaconstantlenotingthe fuel capacityof
thetank.

e. The initial situationis describedby At(Robot, Arad, Sy) N Fuel(Robot, s) = Full.

The above axiom for locationis extendedas follows (note that we do not say what
happensf therobotrunsoutof gas).Va,z,y,s :

At(Robot,y, Result(a,s)) < [(a=Go(z,y)
ADirect Route(x,y) N At(Robot, x, s)
ADistance(z,y) < Fuel(Robot, s))
vV (At(Robot,y, s)
A3z a=Go(y,z) Nz #y))]
Fuel(Robot, Result(a,s))=f < [(a=Go(z,y)
ADirect Route(x,y) A At(Robot, x, s)
ADistance(z,y) < Fuel(Robot, s)
Af = Fuel(Robot,s) — Distance(x,y))
vV (f = Fuel(Robot, s)
A=(Fv,w a=Go(v,w) ANv # w))]

f. Thesimplestway to extendthe representatiois to addthe predicateGasStation(x),
which is true of cities with gasstations. The Fillup actionis describedby adding
anotherclauseto the abose axiomfor Fuel, sayingthat f = F'ull whena = FillUp.

10.4 This questionwasinadwertentlyleft in the exercisesafter the correspondingnaterial
wasexcisedfrom the chapter Futureprintingsmay omit or replacethis exercise.

10.5 Remembethatwe definedsubstanceso that Water is a catgory whoseelements
areall thosethingsof which onemight say“it' s water” Onetricky partis thatthe English
languagds ambiguous.Onesenseof theword “water” includesice (“that’s frozenwater”),
while anothersenseexcludesit: (“that’'s not water—it's ice”). The sentencefiereseemto
usethefirst sensesowe will stick with that. It is thesensedhatis roughly synorymouswith
H>0.

Theothertricky partis thatwe aredealingwith objectsthatchange(freezeandmelt)
over time. Thus,it won't do to sayw € Liquid, becausav (a massof water) might be a
liquid at onetime anda solid at another For simplicity, we will usea situationcalculus
representationwith sentencesuchasT'(w € Liquid, s). Therearemary possiblecorrect
answergo eachof these. The key thing is to be consistenin the way that informationis
representedr-or example,do not use Liquid asa predicateon objectsif Water is usedasa
substanceateyory.

a. “Wateris a liquid between0O and 100 degrees. We will translatethis as “For ary
waterandary situationthe wateris liquid iff andonly if thewaters temperaturén the
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situationis betweerD and100centigradé.

Yw,s weWater =
(Centigrade(0) < Temperature(w, s) < Centigrade(100)) <
T'(w € Liquid, s)
b. “Waterboils at 100 degrees. It is a good ideahereto do sometool-tuilding. On
page243 we used Melting Point asa predicateapplyingto individual instancesof
a substance Here,we will defineSBoilingPoint to denotethe boiling point of all
instance®f asubstanceThebasicmeaningof boiling is thatinstance®f thesubstance
becomegaseousbore theboiling point:

S Boiling Point(c,bp) <
Vr,s x€c =
(Vt T(Temperature(x,t),s) Nt >bp = T(x € Gas,s))

Thenwe needonly say S Boiling Point(W ater, Centigrade(100)).

¢. “The waterin Johns waterbottleis frozen’

Wewill usetheconstantVow to representhesituationin whichthissentencéolds.
Notethatit is easyto make mistalesin which oneassertghatonly someof the water
in thebottleis frozen.

3b Yw we Water ANbe WaterBottles N Has(John,b, Now)
A Inside(w,b, Now) = (w € Solid, Now)

d. “Perrieris akind of water”
Perrier C Water

e. “JohnhasPerrierin his waterbottle”

3b Yw we Water Abe Water Bottles A Has(John, b, Now)
A Inside(w,b, Now) = w € Perrier

f. “All liquids have afreezingpoint”
Presumablywhat this meansis that all substancethatareliquid at room temper
aturehave a freezingpoint. If we use R1 LiquidSubstance to denotethis classof
substanceghenwe have

Ve RT LiquidSubstance(c) = 3t SFreezingPoint(c,t)

whereS FreezingPoint is definedsimilarly to S Boiling Point. Notethatthis state-
mentis falsein therealworld: we caninventcateyoriessuchas“blue liquid” whichdo
not have a uniquefreezingpoint. An interestingexercisewould be to definea “pure”

substancasoneall of whoseinstance$iave the samechemicalcomposition.

g. “A liter of waterweighsmorethanalliter of alcohol’
Vw,a weWater A a€ Alcohol N Volume(w) = Liters(1)
AVolume(a) = Liters(1) = Mass(w) > Mass(a)

10.6 Thisis afairly straightforvard exercisethatcanbe donein directanalogyto the cor
respondinglefinitionsfor sets.
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a. ExhaustivePartDecomposition holds betweena setof partsand a whole, saying
thatanything thatis a partof thewhole mustbea partof oneof the setof parts.

Vs,w ExhaustivePartDecomposition(s,w) <
(Vp PartOf(p,w) = 3pz pa€s A PartOf(p,p2))

b. PartPartition holdsbetweera setof partsandawholewhenthe setis disjointandis
anexhaustve decomposition.

Vs,w PartPartition(s,w) <
PartwiseDisjoint(s) A\ Exhaustive Part Decomposition(s,w)

c. A setof partsis PartwiseDisjoint if whenyoutake ary two partsfrom the set,there
is nothingthatis a partof bothparts.

Vs PartwiseDisjoint(s) <
Vp1,p2 p1ESAp2EsApr #p2 = —3ps PartO f(ps. p1) A PartO f(ps, p2)

It is not the casethat PartPartition(s, BunchOf(s)) for ary s. A sets may consistof
physically overlappingobjects,suchas a handand the fingersof the hand. In that case,
BunchOf (s) is equalto the hand,but s is not a partition of it. We needto ensurethatthe
elementf s arepartwisedisjoint:

Vs PartwiseDisjoint(s) = PartPartition(s, BunchOf(s)) .

10.7 For aninstancei of a substance with price per poundc andweightn pounds,the
priceof ¢ will ben x ¢, orin otherwords:

Vi,s,n,c i €s A PricePer(s, Pounds(1)) = $(c) A Weight(i) = Pounds(n)
= Price(i) =$(n x c)
If bis the setof tomatoesn a bag,then BunchO f(b) is the compositeobjectconsistingof
all thetomatoesn thebag. Thenwe have

Vi,s,n,c b C s A PricePer(s, Pounds(1)) = $(c)
N Weight(BunchO f (b)) = Pounds(n)
= Price(BunchOf(b))=$(n x c)
10.8 Inthescheman thechapteracornversionaxiomlookslike this:
Va Centimeters(2.54 x x) = Inches(x) .

“50 dollars”is just $(50), the nameof anabstracimonetaryquantity For ary measurdunc-
tion suchas$, we canextendthe useof > asfollows:

Vz,y >y = 3(z) > $(y) .
Sincethe conversionaxiomfor dollarsandcentshas
Vz Cents(100 x z)=$(x)

it followsimmediatelythat$(50) > Cents(50).
In the new schemewe mustintroduceobjectswhoselengthsarecorverted:

YV Centimeters(Length(x)) = 2.54 x Inches(Length(z)) .
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Thereis no obviousway to referdirectly to “50 dollars” or its relationto “50 cents”. Again,
we mustintroduceobjectswhosemonetaryalueis 50 dollarsor 50 cents:

Vz,y $(Value(z)) =50 A Cents(Value(y)) =50 = $(Value(z)) > $(Value(y))

10.9 Wewill defineafunction ExchangeRate thattakesthreearguments:a sourcecur
reng/, atime intenal, anda target curreng. It returnsa numberrepresentinghe exchange
rate.For example,

ExchangeRate(U S Dollar, 17Feb1995, DanishKrone) = 5.8677

meansthat you canget5.8677Krone for a dollar on Februaryl7th. This wasthe Federal
Resere banks Spotexchangeateasof 10:00AM. It is themid-pointbetweerthebuyingand
sellingrates.A morecompleteanalysismight wantto include buying andselling rates,and
the possibility for mary differentexchangesaswell asthe commissionsaandfeesinvolved.
Note alsothedistinctionbetweera curreny suchaslU S Dollar anda unit of measurement,
suchasis usedin the expression/ S Dollars(1.99).

10.10 Anotherfun problemfor clearthinkers:

a. RemembethatT'(c, 1) meanghatsomeeventof type ¢ occursthroughoutheintenal

i

Ve,i T(e,i) < (e e€cA During(i,e))
Using SubFvent asthequestiorrequestss notsoeasy becausdheinterval subsumes
all eventswithin it.

b. A Both(p,q) eventis onein which both p andgq occurthroughoutthe durationof the
event. Thereis only oneway this canhappenbothp andq have to persistfor thewhole
interval. Anotherway to sayit:

Vi,j During(j,i) = [T(p,j) AT(q,j)]
is logically equialentto

[Vi,j During(j.1) = T(p,j)] A[Vi.j During(j,i) = T(q,])]
whereaghe sameequialencefails to hold for disjunction(seethenext part).

c. T(OneOf(p,q),i) meanghatap eventoccursthroughout or ag eventdoes:

Vp,q,i T(OneOf(p,q),i) <
[(Vj During(j,i) = T(p.j))V (Vj During(j.i) = T(q,]))] -
On the otherhand, T'( Either(p, q), i) holdsif, atevery pointin i, eitherap oragq is
happening:
Vp,q,i T(OneOf(p,q),i) < (Vj During(j,i) = (T(p,j)VT(q,5))) -

d. T(Never(p),i) shouldmeanthatthereis never an event of type p goingon in ary
subinteral of ¢, while T'(Not(p), i) shouldmeanthatthereis no singleeventof typep
thatspansll of 7, eventhoughtheremay be oneor moreeventsof typep for subinter
valsof i:

Vp,i T(Never(p),i) < —3j During(j,i) ANT(p,j)
Vp.i T(Not(p),i) < —T(p,i)
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Onecould alsoaskstudentgo prove two versionsof de Morgan’s laws usingthe two
typesof negation,eachwith its correspondindype of disjunction.

10.11 Any objectz is anevent,and Location(z) is the eventthatfor every subinteral of
time, refersto the placewherex is. For example, Location(Peter) is the complex event
consistingof hishomefrom midnightto about9:00today thenvariouspartsof theroad,then
his office from 10:00to 1:30,andsoon. To saythataneventis fixedis to saythatarny two
momentf theeventhave the samespatialextent:
Ve Fizred(e) <
(Va,b a€ Moments A be Moments A Subevent(a,e) N Subevent(b, e)
= Spatial Extent(a) = Spatial Extent (b))

10.12 Wewill omit universallyquantifiedvariables:

Before(i,j) < 3k Meet(i, k) N Meet(k,j)

After(i,j) < Before(j,1)

During(i,j) < 3Jk,m Meet(Start(j),k) N Meet(k,1)
AMeet(i,m) A Meet(m, End(j))

Overlap(i,j) < Ik During(k,i) A During(k, j)

10.13
Link(urly, urly) <
InTag(“a”, str, GetPage(utly)) A In(*href ="" +urly + """, str)
LinkText(urly, urls, text) <
InTag(“a”, str, GetPage(utly)) A In(*href =" +urly +""" + text, str)

10.14 Hereis aninitial sketchof oneapproach(Othersarepossible.)A givenobjectto be
purchasednayrequir someadditionalparts(e.g.,batteries}o be functional,andtheremay
alsobe optional extras. We canrepresentequirementasa relationbetweenan individual
objectanda classof objects,qualifiedby the numberof objectsrequired:

Va x € Coolpiz995DigitalCamera = Requires(x, AABattery, 4) .

We alsoneedto know thata particularobjectis compatible,.e., fills a givenrole appropri-
ately For example,

Vz,y x € Coolpiz995Digital Camera Ny € DuracellA A Battery
= Compatible(y, z, AABattery)

Thenit is relatively easyto testwhetherthe setof orderedobjectscontainscompatiblere-
quiredobjectsfor eachobject.

10.15 Pluralscanbehandledby a Plural relationbetweerstrings,e.g.,

" w

Plural(“ computer”, " computers”)
plusanassertiorthatthe plural (or singular)of anameis alsoa namefor the samecateyory:

Ve, s1,82 Name(sy,c) A (Plural(sy, s2) V Plural(se,s1)) = Name(sa,c)
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Conjunctionanbe handledby sayingthatary conjunctionstringis a namefor a cateyory if
oneof the conjunctsis a namefor the cateory:

Ve, s,s9 Conjunct(se,s) A Name(sa,c¢) = Name(s,c)

where Conjunct is definedappropriatelyin termsof concatenation.Probablyit would be
betterto redefineRelevantCategoryName instead.

10.16 Chapter22 explainshow to uselogic to parsetext stringsandextractsemantidnfor-
mation. The outcomeof this processs a definition of whatobjectsareacceptabldo theuser
for a specificshoppingrequestihis allows the agentto go out andfind offers matchingthe
users requirementsWe omit the full definitionof the agentalthougha skeletonmayappear
onthe AIMA projectwebpages.

10.17 Hereis asimpleversionof theanswerjt canbeelaboratecdinfinitum Lettheterm
Buy(b, x, s, p) denotethe eventcateory of buyerb buying objectx from sellers for pricep.
We wantto sayaboutit thatb transfergshemoney to s, ands transfersownershipof x to b.
T(Buy(b,x,s,p),i) <
T(Owns(s, ), Start(i))A
dm Money(m) A p=Value(m) A T(Owns(b,m), Start(i))\
T(Owns(b,x), End(i)) A T(Owns(s,m), End(i))

10.18 Let T'rade(b,z,a,y) denotethe classof eventswherepersonb tradesobjecty to
persora for objecta:
T(Trade(b,z,a,y),i) <
T(Owns(b,y), Start(i)) A T(Owns(a, x), Start(i))A
T(Owns(b,x), End(i)) AN T(Owns(a,y), End(i))
Now theonly tricky partaboutdefiningbuying in termsof tradingis in distinguishinga price
(ameasuremenfyom anactualcollectionof money.

T(Buy(b,z,a,p),i) < Im Money(m) A Trade(b,z,a,m) A Value(m)=p

10.19 Therearemary possibleapproacheso this exercise. Theideais for the studentdo
think aboutdoing knowledgerepresentatioffor real; to considera hostof complicationsand
find someway to representhefactsaboutthem.Someof the key pointsare:

e Ownershipoccursovertime, sowe needeithera situation-calculusr interval-calculus
approach.

e Therecanbe joint ownershipandcorporateownership. This suggestthe owneris a
groupof somekind, whichin thesimplecaseis a groupof oneperson.

e Ownershipprovidescertainrights: to use,to resell,to give away, etc. Much of thisis
outsidethe definition of ownershipper se but a goodanswerwould at leastconsider
how muchof thisto represent.

e Own canown abstracbbligationsaswell asconcreteobjects. This is theideabehind
the futuresmarket, and also behindbanks: whenyou deposita dollar in a bank,you
aregiving up ownershipof that particulardollar in exchangeor ownershipof theright
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to withdrav anotherdollar later (Or it could coincidentallyturn out to be the exact
samedollar) Leasesandthe like work this way aswell. This is tricky in termsof
representationbecausdt meanswe have to reify transactionsf this kind. That s,
Withdraw(person, money, bank, time) mustbeanobject,nota predicate.

10.20 Mostschooldistinguishbetweerrequiredcoursesandelectedcoursesandbetween
coursesnsidethedepartmenandoutsidethe departmentFor eachof thesetheremaybere-

quirementgor the numberof coursesthe numberof units(sincedifferentcoursesnaycarry

differentnumbersof units),andon gradepoint averagesWe shav our chosernvocalulary by

example:

e Studentlones’completecourseof studyfor thewholecollegecareerconsistof Mathl,
CS1,CS2,CS3,CS21,CS33andCS34,andsomeothercourseutsidethe major.

Take(Jones,
(Mathl, EE1, Bio24, CS1,C52, C'S3, 021, C'S33, C'S34|others))

e Joneaneetgherequirement$or amajorin ComputerScience
Major(Jones, C'S)
e CoursedMathl,CS1,CS2,andCS3arerequiredfor a ComputerSciencemajor

Required({Mathl,CS1,CS2,CS3},CS)
Vs,d Required(s,d) <
(Vp Fothers Major(p,d) = Take(p,Union(s,others)))

o A studentmusttake atleast18 unitsin the CSdepartmento getadegreein CS.

Department(CS1)=CS A Department(Mathl) = Math A ...
Units(CS1) =3 AUnits(CS2)=4AN...
RequiredUnitsIn(18,CS,CS)
Vu,d RequiredUnitsIn(u,d) <
(Vp Is,others Major(p,d) = Take(p,Union(s,others))

N AllInDepartment(s,d) A TotalUnits(s) > u
Vs,d AllInDepartment(s,d) < (Ve c€s = Department(c)=d)
Ve TotalUnits({})=0
Ve, s TotalUnits({c|s})=Units(c) + TotalUnits(s)

Onecaneasilyimagineotherkinds of requirementsthesgust give you aflavor.

In this solutionwe took “over an extendedperiod” to meanthatwe shouldrecommend
a setof coursedo take, without schedulingthem on a semesteby-semestebasis. If you
wantedto do that, you would needadditionalinformation suchaswhencoursesaretaught,
whatis areasonableourseloadin a semesterandwhat coursesare prerequisitegor what
others.For example:

Taught(CS1, Fall)

Prerequisites({CS1,CS2},CS3)

TakeInSemester(Jones, Fall95,{ Mathl,CS1, Englishl, Historyl})

MazCoursesPerSemester(5)
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The problemwith finding the bestprogramof studyis in definingwhat bestmeansto the
student.lt is easyenoughto saythatall otherthingsbeingequal,oneprefersa goodteacher
to abadone,or aninterestingcourseto a boringone. But how do you decidewhich is best
whenonecoursehasa betterteacheiandis expectedo beeasierwhile analternatve is more
interestingand providesone morecredit? Chapterl6 usesutility theoryto addresghis. If
you canprovide away of weighingtheseelementsagainsteachother thenyou canchoosea
bestprogramof study;otherwiseyou canonly eliminatesomeprogramsasbeingworsethan
others,but cant pick anabsoluteébestone. Compleity is a further problem: witha general-
purposetheorem-preer it's hardto do muchmorethanenumeratdegal programsand pick
thebest.

10.21 This exerciseandthe following two are rathercompl«, perhapssuitablefor term
projects. At this point, we wantto strongly urge thatyou do assignsomeof theseexercises
(or oneslike them) to give your studentsa feeling of whatit is really like to do knowl-

edgerepresentationln general studentdind classificatiorhierarchiesasierthanotherrep-
resentatiortasks. A recenttwist is to compareones hierarchywith online onessuchas
yahoo.com .

10.22 Thisis themostinvolvedrepresentatioproblem.lt is suitablefor agroupprojectof
2 or 3 studentover the courseof atleast2 weeks.

10.23 Normally onewould assignl0.22in oneassignmentandthenwhenit is done,add
this exercise(posibly varying the questions).That way, the studentsseewhetherthey have
madesuficientgeneralizations theirinitial answerandgetexperiencewith deluggingand
modifying aknowledgebase.

10.24 In mary Al andPrologtextbooks,you will find it statedplainly thatimplications
sufiice for the implementatiorof inheritance.This is true in the logical but not the practical
sense.

a. Herearethreerules,writtenin Prolog. We actuallywould needmary moreclauseson
theright handsideto distinguishbetweerdifferentmodels differentoptions,etc.
worth(X,575) - year(X,1973), make(X,dodge), style(X,van).
worth(X,27000) - year(X,1994), make(X,lexus), style(X,sedan).
worth(X,5000) - year(X,1987), make(X,toyota), style(X,sedan).

Tofind thevalueof JB, givenadatabasewith year(jb,1973) ,make(jb,dodge)
andstyle(jb,van) wewouldcall thebackwardchainemwith thegoalworth(jb,D)
andreadthevaluefor D.

b. Thetime efficiengy of this queryis O(n), wheren in this caseis the 11,000entriesin
the Blue Book. A semanticnetwork with inheritancewould allow usto follow a link
from JB to 1973-dodge-van , andfrom thereto follow theworth slotto find the
dollarvaluein O(1) time.

¢. With forward chaining,assoonaswe aretold thethreefactsaboutJB, we addthe new
factworth(jb,575) . Thenwhenwe getthe queryworth(jb,D) ,itisO(1) to
find the answey assumingndexing on the predicateandfirst algument. This makes
logical inferenceseemjust like semanticnetworks exceptfor two things: the logical
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inferencedoesa hashtablelookup insteadof pointerfollowing, andlogical inference
explicitly storesworth statement$or eachindividual car, thuswastingspacef there
area lot of individual cars. (For this kind of application,however, we will probably
wantto consideronly afew individual cars,asopposedo the11,000differentmodels.)

d. If eachcatggory hasmary properties—foexample thespecification®f all thereplace-
mentpartsfor the vehicle—thenforward-chainingon the implicationswill alsobe an
impracticalway to figure out the price of avehicle.

e. If we have arule of thefollowing kind:
worth(X,D) - year-make-style(X,Yr,Mk,St),
year-make-style(Y,Yr,Mk,St), worth(Y,D).
togethemwith factsin the databas@boutsomeotherspecificvehicle of the sametype
as JB, thenthe queryworth(jb,D) will be solvedin O(1) time with appropriate
indexing, regardlesof how mary otherfactsareknown aboutthattype of vehicleand
regardlesof the numberof typesof vehicle.

10.25 Whencategyoriesarereified, they canhave propertiesasindividual objects(suchas
Cardinality andSupersets) thatdo notapplyto their elementsWithout thedistinctionbe-
tweenboxed andunbo»ed links, the sentenc&” ardinality(SingletonSets, 1) might mean
thatevery singletonsethasoneelementpor thattheresi only onesingletonset.



Solutionsfor Chapterll
Planning

11.1 Bothproblemsolver andplannerareconcernedvith gettingfrom a startstateto agoal
usinga setof definedoperationsr actions.But in planningwe openup therepresentatioof
statesgoals,andplans,whcihcallows for a wider variety of algorithmsthatdecomposé¢he
searclspace.

11.2 Thisis aneasyexercise,the point of which is to understandhat“applicable” means
satisfyingthe preconditions,and that a concreteaction instanceis one with the variables
replacedby constantsTheapplicableactionsare:

Fly(P,, JFK, SFO)
Fly(P,, JFK, JFK)
Fly(Py, SFO, JFK)
Fly(Py, SFO, SFO)

A minor point of this is that the action of flying nowvhere—fromone airport to itself—is
allowableby thedefinitionof Fly, andis applicable(if notuseful).

11.3 Fortheregularschemave have:

FlyPrecond(p, f,to,s) <
At(p, f,s) A Plane(p) A Airport(f) A Airport(to)
At(p, x, Result(a, s)) <
(At(p,z,s) A (a # Fly(p, f,z) V =~ FlyPrecond(p, f,x,s)))
V At(p, f,s) Na = Fly(p, f,x) N FlyPrecond(p, f,x, s)
Whenwe add Warped we get:
At(p, z, Result(a, s)) <
(At(p,z,s) A (a # Fly(p, f,z) A a # Teleport(p, f,x))
Va= Fly(p, f,z) N —FlyPrecond(p, f,z, s)
V a = Teleport(p, f,z) N =Teleport Precond(p, f,x, s)
V At(p, f,s) Na = Fly(p, f,x) N FlyPrecond(p, f,x, s)
V At(p, f,s) A a = Teleport(p, f,z) A Teleport Precond(p, f,x,s)

In generalwe (1) createdh Precond predicatdor eachaction,andthen,for eachfluent
suchas At, we createa predicatehatsaysthefluentkeepsits old valueif eitheranirrelevant
actionis taken, or anactionwhosepreconditionis not satisfied andit takeson a new value
accordingo theeffectsof arelevantactionif thatactions preconditionsaresatisfied.
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11.4 Thisexerciseis intendedasafairly easyexercisein describinga domain.lt is similar
to the Shaley problem(11.13),soyou shouldprobablyassignonly oneof thesetwo.

a. Theinitial stateis:
At(Monkey, A) A\ At(Bananas, B) A\ At(Box,C) A
Height(Monkey, Low) A Height(Box, Low) A\ Height(Bananas, High) A
Pushable(Box) A Climbable( Box)

b. Theactionsare:
Action(ACTION:Go(z,y), PRECOND: At(Monkey, x),
EFFECT: At(Monkey,y) N —~(At(Monkey,x)))
Action(ACTION: Push(b, z,y), PRECOND: At(Monkey,x) A Pushable(b),
EFFECT: At(b, y) N At(Monkey,y) A —At(b, z) A ~At(Monkey, x))
Action(ACTION:ClimbUp(b),
PRECOND: At(Monkey,x) A At(b, z) A Climbable(b),
EFFECT:On(Monkey, b) A ~Height(Monkey, High))
Action(ACTION:Grasp(b),
PRECOND: Height(Monkey, h) A Height(b, h)
N At(Monkey, z) N\ At(b, x),
EFFeCT: Have(Monkey, b))
Action(ACTION:ClimbDown(b),
PRECOND:On(Monkey,b) N Height(Monkey, High),
EFFECT: ~On(Monkey, b) A —Height(Monkey, High)
A Height(Monkey, Low)
Action(ACTION:UnGrasp(b), PRECOND: Have(Monkey, b),
EFFeCT: ~Have(M onkey, b))

c. In situationcalculus thegoalis a states suchthat:
Have(Monkey, Bananas, s) A (3z At(Box,z,sy) N At(Bozx,x,s))

In sTRIPS, we canonly talk aboutthegoalstate thereis noway of representinghefact
thattheremustbe somerelation(suchasequalityof locationof anobject)betweertwo
stateswithin the plan. Sothereis no way to representhis goal.

d. Actually, we did includethe Pushable precondition.Thisis anexampleof the qualifi-
cationproblem.

11.5 Only positwve literalsarerepresenteth a state.Sonot mentioninga literal is thesame
ashaving it be neggative.

11.6 Goalsand preconditionscanonly be positive literals. So a negative effect canonly
make it harderto achieve agoal(or apreconditiorto anactionthatachiezesthegoal). There-
fore, eliminatingall negative effectsonly makesa problemeasier

11.7

a. It is feasibleto usebidirectionalsearch,becausat is possibleto invert the actions.
However, most of thosewho have tried have concludedthat biderectionalsearchis
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generallynot efficient, becausdhe forward and backward searchesendto misseach
other Thisis dueto thelarge statespace A few plannerssuchasProbpiGy (Fink and
Blythe, 1998)have usedbidirectionalsearch.

b. Again, this is feasiblebut not popular PrRODIGY is in fact (in part) a partial-order
planner:in theforward directionit keepsatotal-orderplan (equvalentto a state-based
planner)andin thebackwarddirectionit maintainsatree-structuregartial-ordemplan.

c. An action A canbe addedif all the preconditionsof A have beenachiered by other
stepsn theplan. When A is addedprderingconstraint@andcausalinks arealsoadded
to malke surethat A appearsfterall the actionsthatenabledt andthata precondition
is notdisestablishethefore A canbe executed.Thealgorithmdoessearchforward, but
it is notthesameasforwardstate-spacsearctbecausé canexploreactionsin parallel
whenthey don't conflict. For example,if A hasthreepreconditionghatcanbesatisfied
by the non-conflictingactionsB, C, and D, thenthe solutionplan canbe represented
asa singlepartial-ordermlan, while a state-spacelannerwould have to considerall 3!
permutation®f B, C', andD.

d. Yes, this is one possibleway of implementinga bidirectionalsearchin the spaceof
partial-ordemplans.

11.8 Thedrawing is actuallyrathercomple, anddoesnt fit well on this page. Somekey

thingsto watchout for: (1) Both Fly and Load actionsarepossibleat level Ay; the planes
canstill fly whenempty (2) Negative effectsappeatin S1, andaremutex with their positive

counterparts.

11.9
a. Literalsarepersistentsoif it doesnotappeaiin thefinal level, it never will andnever

did, andthuscannotbeachieved.

b. In aserialplanninggraph,only oneactioncanoccurpertime step. Thelevel cost(the
level atwhich a literal first appearsjhusrepresentshe minimumnumberof actionsin
aplanthatmight possiblyachieve theliteral.

11.10 A forwardstate-spacplannemaintainsa partialplanthatis a strictlinearsequence
of actions;the plan refinementoperatoris to addan applicableactionto the endof the se-
guenceupdatingliteralsaccordingto theactions effects.

A backwvard state-spacelannermaintainsa partial planthatis a reversedsequencef
actions;the refinementbperatoris to addanactionto the beginning of the sequenceaslong
astheactions effectsarecompatiblewith the stateat the beginning of the sequence.

11.11 Theinitial stateis:

On(B,Table) N On(C, A) A On(A,Table) A Clear(B) A Clear(C')
Thegoalis:

On(A, B) AOn(B,C)

Firstwe’'ll explainwhy it is ananomalyfor anoninterlesed planner Therearetwo subgoals;
supposewe decideto work on On(A, B) first. We canclearC off of A andthenmove A
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onto B. Butthenthereis noway to achiere On(B, C') without undoingthe work we have
done.Similarly, if we work onthe subgoalOn (B, C) first we canimmediatelyachieve it in
onestep,but thenwe have to undoit to get A on B.

Now we’ll shav how thingswork out with aninterleaved plannersuchasPOP. Since
On(A, B) isn't truein theinitial state thereis only onewayto achieve it: Move(A, z, B),
for somez. Similarly, we alsoneeda Move(B, z',C) step,for somez’. Now let’s look
atthe Move(A, z, B) step. We needto achieve its preconditionClear(A). We could do
that eitherwith Move(b, A,y) or with MoveT oT able(b, A). Let's assumene choosethe
latter Now if we bindb to C, thenall of the preconditiondor thestepMoveT 0T able(C, A)
aretruein theinitial state,andwe canaddcausallinks to them. We thennoticethatthere
is a threat: the Move(B,2',C) stepthreatenghe Clear(C') conditionthatis requiredby
the MoveT oTable step. We canresole the threatby ordering Move(B, ', C) after the
MoveT oTable step.Finally, noticethatall the preconditiongor Move(B, z’, C') aretruein
theinitial state. Thus,we have a completeplanwith all the preconditionssatisfied.It turns
outthereis awell-orderingof thethreesteps:

MoveToTable(C, A)
Move(B,Table,C')
Move(A,Table, B)

11.12 Theactionswe needarethefour from page346:

Action(ACTION: RightShoe, PRECOND: RightSockOn, EFFECT: Right ShoeOn)
Action(ACTION: RightSock, EFFECT: RightSockOn)

Action(ACTION: Le ftShoe, PRECOND: Le ft SockOn, EFFECT: Le ft ShoeOn)
Action(ACTION: Le ftSock, EFFECT: Le ft SockOn)

Onesolutionfound by GRAPHPLAN is to executeRightSok andLeftSo& in the first time
step,andthenRightShoeandLeftShodn the second.
Now we addthefollowing two actions(neitherof which haspreconditions):

Action(ACTION: Hat, EFFECT: HatOn)
Action(AcTION:Coat, EFFECT: CoatOn)

The partial-ordermlanis shavn in FigureS11.1.We saw on page348thatthereare6 total-
orderplansfor the shoes/sockproblem. Eachof theseplanshasfour steps,andthusfive
arron links. Thenext step,Hat couldgo atarny oneof thesefive locationsgiving us6 x 5 =
30 total-orderplans,eachwith five stepsandsix links. Thenthefinal step,Coat cangoin
ary oneof these6 positions giving us 30 x 6 = 180 total-orderplans.

11.13 Theactionsarequitesimilarto themonkey andbanannagroblem—youwshouldprob-
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Start
Left Right
Hat Sock Sock Coat

FigureS11.1 Partial-orderplanincludinga hatandcoat,for Exercisel1.1.

ably assignonly oneof thesetwo problems.Theactionsare:

Action(ACTION:Go(z,y), PRECOND: At(Shakey,z) A In(z,r) A In(y,r),
EFFeCT: At(Shakey,y) A ~(At(Shakey,x)))
Action(ACTION: Push(b, x,y), PRECOND: At(Shakey, z) A Pushable(b),
EFFECT: At(b,y) A At(Shakey,y) A —At(b,z) N ~At(Shakey,x))
Action(ACTION:ClimbUp(b), PRECOND: At(Shakey,x) N\ At(b,x) A Climbable(b)
EFFECT: On(Shakey,b) A =On(Shakey, Floor))
Action(ACTION:ClimbDown(b), PRECOND:On(Shakey, b),
EFFECT:On(Shakey, Floor) A =On(Shakey,b))
Action(ACTION:TurnOn(l), PRECOND:On(Shakey, b) A At(Shakey, z) N At(l, x),
EFFECT: T'urnedOn(l))
Action(ACTION:TurnO f f(1), PRECOND:On(Shakey,b) A At(Shakey, z) N At(l, x),
EFFECT: =T'urnedOn(l))

’

Theinitial stateis:

A In(Doory, Room1) A\ In
In(Switchy, Rooms) A In(Doors, Rooms) A In
(

( ) Doory, Corridor

( )
In(Switchy, Rooms) A\ In(Doors, Rooms) A In

( )

(

Doors, Corridor
Doors, Corridor
Doory, Corridor

In(Switchy, Roomq

— — — —
A~ N AN N
— — — —

In(Switchy, Roomy4) A In(Doory, Roomys) A In
In(Shakey, Rooms) A At(Shakey, Xg)
In(Box1, Room1) A In(Boxa, Roomy) A In(Boxs, Room1) A In(Boxy, Room;)
Climbable(Boz1) A Climbable( Boxs) A Climbable( Boxs) A Climbable( Boxy)
Pushable(Bozxy1) A Pushable(Boxs) A Pushable(Boxs) A Pushable(Box,)
At(BO:L‘l, Xl) VAN At(BOIQ, XQ) VAN At(BO.CL‘g, Xg) VAN At(BOI4, X4)
TurnwdOn(Switchy) A TurnedOn(Switchy)
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A planto achiere thegoalis:

Go(Xg, Doors)

Go(Doors, Door)
Go(Doory, Xs)

Push(Boxa, Xo, Door)
Push(Boxg, Doory, Doors)
Push(Boxa, Doory, Switchs)

11.14 GRAPHPLAN is apropositionalalgorithm,so, justaswe couldsolve certainFOL by
translatingheminto propositionalogic, we cansolwe certainsituationcalculusproblemsby
translatingnto propositionaform. Thetrick is how exactly to do that.

TheFinishactionin POPplanninghasasits preconditionghe goalstate.We cancreate
a Finish actionfor GRAPHPLAN, andgive it the effect Done In this casetherewould be a
finite numberof instantiationf the Finish action,andwe would reasorwith them.

11.15 (Figure(11.1)is alittle hardto find—it is on page403.)

a. Thepointof thisexerciseis to considemwhathappensvhenaplannercomesup with an
impossibleaction,suchasflying a planefrom someplacevhereit is not. For example,
supposeP; is at JFK andwe give it the actionof flying from Bangaloreto Brisbane.
By (11.1), P, wasat JFK anddid notfly away, soit is still there.

b. Yes,theplanwill still work, becausehefluentshold from the situationbeforeaninap-
plicableactionto the stateafterward, sothe plancancontinuefrom thatstate.

c. It dependon the detailsof how the axiomsarewritten. Our axiomswereof the form
Actionis possible = Rule Thistells us nothingaboutthe casewherethe actionis
not possible.We would needto reformulatethe axioms,or addadditionalonesto say
whathappensvhentheactionis not possible.

11.16 A preconditionaxiom is of theform
Fly(Py, JFK,SFO)? = At(Py, JFK)°.

ThereareO(T x |P| x |A|?) of theseaxioms,whereT is the numberof time steps,|P| is
the numberof planesand|A| is the numberof airports.More generally if therearen action
schemataf maximumarity k, with |O| objectsthenthereareO(n x T x |O|F) axioms.

With symbol-splitting,we don't have to describesachspecificflight, we needonly say
thatfor aplaneto fly anywhee, it mustbe atthe startairport. Thatis,

Fly;(P)° A Flyo(JFK)? = At(Py, JFK)°
More generallyif therearen actionschemataf maximumarity &, with |O| objectsandeach
preconditionaxiom dependson just two of the agumentsthenthereareO(n x T x |O|?)
axioms,for aspeedupf O(|O|*~2).

An action exclusionaxiom is of theform

~(Fly(Py, JFK, SFO)° A Fly(Py, JFK, LAX)").

With the notationusedabove, thereare O(T" x | P| x | A]?) axiomsfor Fly. More generally
therecanbeupto O(n x T x |O|?*) axioms.
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With symbol-splitting,we wouldnt gain anything for the F'ly axioms,but we would

gainin casesvherethereis anothervariablethatis notrelevantto the exclusion.
11.17

a. Yes,this will find a planwheneer the normal SATPLAN finds a plan no longerthan

b.

Tmaa: .

No.

c. Thereis no simpleandclearway to induceWALKSAT to find shortsolutions because

it hasno notionof thelengthof a plan—thefactthatthe problemis a planningproblem
is partof the encodingnot partof WALKSAT. But if we arewilling to do somerather
brutalsuigery on WALK SAT, we canachie/e shortersolutionsby identifying the vari-

ablesthatrepresentctionsand (1) tendingto randomlyinitialize the actionvariables
(particularlythe laterones)to false,and(1) preferingto randomlyflip anearlieraction
variableratherthanalaterone.



Solutionsfor Chapterl?2

PlanningandActing in theReal
World

121

a. Duration(d) is eligibleto beaneffectbecaus¢heactiondoeshave theeffectof moving
the clock by d. It is possiblethat the durationdependson the actionoutcome,so if
disjunctive or conditionaleffects are usedtheremustbe a way to associatelurations
with outcomeswhich is most easily doneby putting the durationinto the outcome
expression.

b. The STRIPS modelassumeshatactionsaretime pointscharacterizednly by their pre-
conditionsandeffects. Evenif anactionoccupiesaresourcethathasno effect onthe
outcomestate(asexplainedon page420). Therefore we mustextendthe STRriPs for-
malism.We coulddothis by treatinga RESOURCE: effectdifferentlyfrom othereffects,
but the differenceis sufiiciently large thatit makesmoresensdo treatit separately

12.2 Thebasicideahereis to recordthe initial resourcdevel in the preconditionandthe
changen resourcdevel in the effect of eachaction.

a. Let Screws(s) denotethe factthatthereare s scravs. We needto add Screws(100)
to theinitial state,andadda fourth agumentto the Engine predicateindicatingthe
numberof scravsrequired—i.e. Engine(E1, C1, 30,40) andEngine(Esy, Ca, 60, 50).
WeaddScrews(sg) to thepreconditiomof Add Engine andadds asafourthagument
of the Engine literal. ThenaddScrews(sg — s) to theeffectof Add Engine.

b. A simplesolutionis to saythatary actionthat consumes resources potentiallyin
conflictwith ary causalink protectingthe sameresource.

c. The plannercankeeptrack of the resourcerequirement®f actionsaddedto the plan
andbacktrackwheneer thetotal usageaxceedsheinitial amount.

12.3 Thereis awide rangeof possibleanswergo this question.Theimportantpointis that
studentsunderstandvhatconstitutesa correctimplementatiorof anaction: asmentionecbn
page424,it mustbe a consistenplanwhereall the preconditionsandeffectsareaccounted
for. Sothefirst thing we needis to decideon the preconditionsandeffectsof the high-level
actions. For GetRermit, assumethe preconditionis owning land, andthe effect is having a
permitfor that pieceof land. For HireBuilder, the preconditionis having the ability to pay
andtheeffectis having a signedcontractin hand.

76
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Onepossibledecompositiorfor GetRermit is the three-steequencéetRermitForm,
FillOutForm, and GetFormAppoved Thereis a causallink with the condition Haveform
betweerthefirst two, andonewith the conditionHaveCompletedi¥m betweerthelasttwo.

Finally, the GetFormAppovedstephasthe effect HaveRermit Thisis avalid decomposition.

For HireBuilder, supposave choosdhethree-stepequencintervievBuilders, Choose
Builder, andSignContact ThislaststephasthepreconditionAbleToPayandtheeffectHave-
ContractinHand Therearealsocausallinks betweerthe substepsbut they dont affect the
correctnessf thedecomposition.

12.4 Considerthe problemof building two adjacentwvalls of the house.Mostly thesesub-
plansareindependentyut they mustsharethe stepof puttingup acommonpostatthecorner
of thetwo walls. If thatstepwasnot sharedwe would endup with an extra post,andtwo
unattacheavalls.

Notethattasksareoftendecomposedpecificallysoasto minimizetheamountof step
sharing. For example,one could decomposéhe housebuilding taskinto subtasksuchas
“walls” and“floors” However, realcontractorglont doit thatway. Insteadthey have “rough
walls” and“rough floors” stepsfollowed by a “finishing” step.

12.5 In the HTN view, the spaceof possibledecompositiongnay constrainthe allowable
solutions,eliminating somepossiblesequencesf primitive actions. For example,the de-
compositionof the LATONYRoundfip actioncanstipulatethatthe agentshouldgo to New
York. In asimpleSTRIPSformulationwherethe startandgoalstatesarethe sametheempty
planis a solution. We cangetaroundthis problemby rethinkingthe goal description. The
goalstateis not At(LA), but At(LA) A Visited(NY). We addVisited(y) asan effect of
Fly(z,y). Then,thesolutionmustbeatrip thatincludesNew York. Thereremaingheprob-
lem of preventingthe STRIPSplanfrom including otherstopson its itinerary; fixing this is
muchmoredifficult becaus@egatedgoalsarenot allowed.

12.6 Supposeve have a STRIPS actiondescriptionfor a with preconditionp andeffect q.

The"action” tobedecomposets Achieve(q). Thedecompositiomastwo steps:Achieve(p)

and a. This can be extendedin the obvious way for conjunctve effects and precondi-
tions.

12.7 Weneedoneaction,Assign, whichassignghevaluein thesourceregister(or variable
if you prefer but the term “register” makesit clearerthat we are dealingwith a physical
location)sr to the destinatiorregisterdr:

Action(ACTION: Assign(dr, sr),
PRECOND: Register(dr) A Register(sr) A Value(dr,dv) A Value(sr, sv),
EFFeCT: Value(dr, sv) A =V alue(dr, dv))

Now supposeve startin aninitial statewith Register(R1)ARegister(Ro) AV alue(Ry, Vi)A
Value(Rq, Va) andwe have thegoal Value(R;1, Va) A Value(Rg, V7). Unfortunatelythere
is noway to solwe this asis. We eitherneedto addanexplicit Register(Rs) conditionto the
initial state,or we needa way to createnew registers.Thatcouldbe donewith anactionfor
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allocatinga new register:

Action(ACTION: Allocate(r),
EFFECT: Register(r))

Thenthefollowing sequencef stepsconstituesavalid plan:

Allocate(R3)

Assign(Rs, R1)
Assign(Ry, Rs)
Assign(Rs, Ry)

12.8 Forthefirst casewhereoneinstanceof actionschema is in the plan,thereformula-
tion is correct,in thesensdhata solutionfor theoriginal disjunctive formulationis a solution
for the new formulationandviceversa For the secondcase wheremorethanoneinstance
of theactionschemanay occur thereformulationis incorrect.It assumeshatthe outcomes
of the instancesare governedby a single hiddenvariable,so thatif, for example, P is the
outcomeof oneinstancdt mustalsobetheoutcomeof theother It is possiblethata solution
for thereformulatedcasewill fail in the original formulation.

12.9 With unboundedndeterminay, the setof possibleeffectsfor eachactionis unknavn
or too large to be enumerated Hence,the spaceof possibleactionssequencesequiredto
handleall theseeventualitiesis fartoo largeto consider

12.10 Using the seconddefinition of Clear in the chapter—namely thatthereis a clear
spacdor ablock—theonly changds thatthe destinatiorremainsclearif it is thetable:

Action(Move(b, z,y),
PRECOND:On(b, z) A Clear(b) A Clear(y),
EFFECT:On(b,y) A Clear(xz) A —=On(b,z) A (Wheny # Table: =Clear(y)))

12.11 LetCleanH betrueiff therobot's currentsquards cleanandCleanO betrueiff the
othersquares clean.ThenSuck is characterizedy

Action(Suck, PRECOND:, EFFECT: CleanH )
Unfortunately moving affectsthesenew literals! For Le ft we have

Action(Left, PRECOND: ALR,
EFFeCT: AtL A = AtR Awhen Clean H: CleanO A when CleanO: Clean H
Awhen—=CleanO: =CleanH N when—CleanH: =CleanO)

with thedualfor Right.

12.12 Herewe borrav from thelastdescriptionof the Le ft on page433:

Action(Suck, PRECOND:,
EFFeCT: (When AtL: CleanL vV (whenCleanL: =Cleanl))
A (when AtR: CleanR V (when CleanR: =CleanR)))

12.13 Themainthingto noticehereis thatthevacuumcleanemovesrepeatedlyover dirty
areas—presumablyntil they areclean.Also, eachforwardmoveis typically short,followed
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by animmediatereversingover the samearea. This is explainedin termsof a disjunctive
outcome:theareamaybefully cleanedor not, thereversingenablegshe agentto check,and
therepetitionensurezompletion(unlesshedirt is ingrained).Thus,we have a strongcyclic
planwith sensingactions.

12.14

a. “Lather. Rinse.Repeat.
This is an unconditionalplan, if taken literally, involving an infinite loop. If the pre-
conditionof Lather is =Clean, andthegoalis Clean, thenexecutionmonitoringwill
causeexecutionto terminateonceClean is achieved becausat that point the correct
repairis theemptyplan.

b. “Apply shampodto scalpandlet it remainfor several minutes. Rinseand repeatif
necessary
Thisis aconditionalplanwhere®if necessarypresumablyests—Clean.

c. “Seeadoctorif problemspersist.
Thisis alsoa conditionalstep,althoughit is notspecifiecherewhatproblemsaretested.

12.17 First,we needto decideif the preconditionis satisfied.Therearethreecases:

a. If it is known to be unsatisfiedthe new belief stateis identicalto the old (sincewe
assumanothinghappens).

b. If it is known to be satisfied the unconditionakffects(which areall knowledgepropo-
sitions)areaddedanddeletedfrom the belief statein the usualSTriPs fashion.Each
conditionaleffect whoseconditionis known to betrueis handledn the sameway. For
eachsettingof the unknavn conditions,we createa belief statewith the appropriate
additionsanddeletions.

c. If the statusof the preconditionis unknavn, eachnew belief stateis effectively the
disjunctionof theunchangedbelief statefrom (a) with oneof the belief statesobtained
from (b). To enforcethe"list of knowledgepropositionsrepresentationye keepthose
propositionghatareidenticalin eachof thetwo beliefstatedeingdisjoinedanddiscard
thosethat differ. This resultsin a wealer belief statethan if we were to retain the
disjunction;onthe otherhand,retainingthe disjunctionsover mary stepscouldleadto
exponentiallylarge representations.

12.18 For Right we have theolviousdualversionof Equationl2.2:

Action(Right, PRECOND: AtL,
EFFeCT: K (AtR) A - K (AtL) AwhenCleanL: ~K(CleanL) A
when CleanR: K(CleanR) A when—CleanR: K(—CleanR))

With Suck, dirt is sometimeslepositedvhenthesquards clean.With automatidirt sensing,
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thisis alwaysdetectedsowe have a disjunctive conditionaleffect:

Action(Suck, PRECOND:,
EFFecT:when AtL A =CleanL: K (CleanL)
Awhen AtL A CleanL: K(CleanL) V =K (CleanL) A
when AtR A =CleanR: K (CleanR)
Awhen AtR A CleanR: K(CleanR) V =K (CleanR)

12.19 Thecontinuougplanningagentdescribedn Sectionl2.6hasatleastoneof thelisted
abilities,namelythe ability to accepinew goalsasit goesalong.A new goalis simply added
asanextra openpreconditionin the Finish step,andthe plannerwill find away to satisfy
it, if possible,alongwith the otherremaininggoals. Becausdhe datastructuresouilt by
the continuousplanningagentasit works on the planremainlargely in placeasthe planis
executed the costof replanningis usuallyrelatvely smallunlessthe failure is catastrophic.
Thereis no specifictime boundthatis guaranteedandin generalno suchboundis possible
becausechangingeven a single statevariable might require completelyreconstructinghe
planfrom scratch.

12.20 Let T bethe propositionthatthe patientis dehydratedand S be the side effect. We
have

Action(Drink, PRECOND:, EFFECT: —T)

Action(M edicate, PRECOND:, EFFECT:—~D A whenT": S)

andtheinitial stateis ~S A (T'Vv D) A (=T VvV = D). Thesolutionplanis [Drink, Medicate].
Therearetwo possiblevorlds,onewherel” holdsandonewhereD holds. In thefirst, Drink
causes-T" and M edicate hasno effect; in the second,Drink hasno effectand M edicate
causes-D. In bothcasesthefinal stateis —S A =T A —=D.

12.21 Onesolutionplanis [Test, if Culture Growththen[Drink, M edicate]].



