DIMACS Technical Report 2002 - 42

October 2002

Using inductive reasoning and reasoning about dynamic domains for automatic processing of claims by

Boris Galitsky 1 and DmitryVinogradov 2

1 KnowledgeTrail, Inc., 9 Charles Str. Natick M A 01760 USA.

( galitsky@dimacs.rutgers.edu )

2 VINITI RAS Usievicha 20, Moscow125190 Russia

( vin @ viniti.ru )

The first author gratefullyacknowledges the grant NS F STC 91 - 19999 for the support while visiting DIMACS.

DIMACS is a partnership ofRutgers University, Princeton University, AT&T Labs -

Research, BellLabs, NEC Research Institute and Telcordia Technologies (formerly

Bellcore).

DIMACS was founded as an NSF Science and TechnologyCenter, and also receives support fromthe New JerseyCommission on Science and Technology.

ABSTRACT

We report on the novelapproach to modeling a dynamic domain with limited knowledge. A domain mayinclude participating agents so that we are uncertain about motivations and decision - making principles ofsome ofthese agents. Our reasoning setting for such domain includes the deductive and inductive components. The former component is based on situation calculus and describes the behavior of agents with complete information. The latter, machine learning - based inductive component (with the elements ofabductive and analogou s reasoning) involves the previ ous experience with the agent, whose actions are uncertain to the system.

Suggested reasoning machine ryis applied to the problemofprocessing the claims of unsatisfied customers. The task is to predict the future actions ofa participating agent (the companythat has upset the customer) to determine the required course ofactions to settle down the clai m. We believe our framew ork reflects the generalsituation ofreasoning in dynamic domains in the conditions ofuncertainty, merging analyticaland analogy - based reasoning.

Introduction

In the recent decade, reasoning about action has become a disci pline, promising fromthe standpoint ofapplications. A series of formalisms, developed into the programming environment have been suggested for robotics applications. Particularly, the logic programming environment for dynamic domains GOLOG, suggested by (Levesque et al1997) has been extended bymultiple authors for a varietyof fields (Lakemeyer 1999, Grosskreutz & Lakemeyer 2001, Souchansky

2001). Involvement ofsensoryinformation in building the plan ofmultiagent interaction has significantlyincreas ed the applicabilityofGOLOG. However, GOLOG is stillnot wellsuited to handle the multiagent scenarios with lack ofinformation concerning the actions ofopponent agents, when it is impossible to sense them.

At the same time, the methodologyofobtainin g a formaldescription for a set of facts in the formofinductive reasoning in the wide sense has found a series ofapplications, including bio - chemistry, protein engineering, drug design, natural language processing, finite element mesh design, satellite diagnosis, text classification, medicine, games, planning, software engineering, software agents, information retrieval, ecology, traffic analysis and network management (De

Raedt 1999). The most appealing applications have three following important featu res:

1) The hypotheses are generated bya generalpurposes language that belongs to the family oflogic programming languages;

2) The results are judged byhuman expert;

3) New scientific insights in the application domain are obtained.

In this paper, we targ et domains that cannot be solved with classicalattribute value learning system. A knowledge discoverysystemthat is based on inductive logic programming or similar approaches (Muggleton 1992) is insufficient, taken alone, because it is incapable to perfo rm necessaryreasoning about actions in accordance to heuristics available fromdomain experts.

Neglecting this knowledge would dramaticallydecrease the extents ofpossible predictions. Also, a generic knowledge discoverysystem is not oriented to handle dynamic kind ofdata. Therefore, we intend to merge the reasoning about action - based and learning based systems to formthe environment to handle dynamic domains with incomplete information.

We choose the GOLOG (Levesque et al1997) and JSM (Finn 1999) en vironments for reasoning about action and inductive machine learning respectively because oftheir flexibilityand powerfulness . Using above approaches to illustrate our met hodology, we keep in mind that our architecture ofmerging deductive and inductive components is independent ofthe choice of particular formalismand better models re al - world domains than these approaches, taken separately.

A generic environment for reasoning about actions is not wellsuited for handling essentially - incomplete data, where neither totalityofprocedures, nor actions preconditions nor successor sta te constraints are available. Evidently, situation calculus byitselfdoes not have a predictive power and needs to be augmented bya learning systemcapable ofoperating in the dynamic language. Abstraction ofreasoning about action in the wayofGOLOG as sumes that action preconditions, successor state expressions and expression s for complex actions are known.

Incomplete knowledge about the world is reflected as an expression for nondeterministic choice oforder to performactions, nondeterministic choice ofargument value, and nondeterministic repetition. These settings are adequate for the selected robotics application, where the designer uses a particular approximation ofexternalworld. In a generalsetting, an agent that performs reasoning about actions is expected to learn fromthe situations, where the actualcourse ofactions has been forced bythe environment to deviate fromthe obtained plan, using the current world model.

Action1

Situation1

Action i

Situation i

�

Future action

Situation1

iFuture

Situation i

�

Reasoning - based predictor offuture action

Learning - based

Predictor offuture action

�

Reasoning - based and learning - based predictor offuture action

Ifthere is a lack of precondition or successor state axiom, then involve the learning - based predictor given previous actions and situations

Situation1

i

Situation i

Fig.1: Illustration for the merging reasoning about action - b ased and learning - based machineryfor performing the recognition of actions in dynamic domain. On the top: reasoning about action, in the middle: machine learning, on the bottom: merged approaches.

Let we have a task ofpredicting the action that follows a given situation (achieved after a series ofknown actions) in the deterministic environment. The latter means that the agents performactions based on the fixed set ofrules. There are two basic kinds ofmethodologies for deriving the future action or se t ofpossible actions (Fig.1):

1) Bymeans ofreasoning about actions. Its framework specifies a set ofavailable basic and combined actions with conditions, given a current situation, described via a set of fluents.

These fluents are in turn have additional constraints and obeycertain conditions, given a set ofprevious actions. Action possibilities, pre - conditions and successor state axioms are formulated manually , analyzing the past experience. This methodologycan fully solve the problemif fullformalpr erequisites for reasoning about action are available.

2) Bymeans oflearning the future action fromthe set ofexamples. Given a set ofexamples with the sequence ofactions and fluents in each, a prediction engine generates the hypotheses how theyare linke d to the future action. Resultant hypotheses are then applied to predict the future engine. Such kind oflearning requires enumeration of actions and fluents; learning itselfis performed automatically. This methodologyis worth to applyin a stand - alone manner ifneither explicit possibilities for actions nor their pre - conditions are available.

The intention ofcurrent studyis to demonstrate that above methodologies are complementary to each other. The following facts contribute to such observation:

1) Almo st anyprediction task, particularlyin deterministic approach, is some combination of manuallyobtained heuristics and automaticallyextracted features, which characterize an object ofinterest;

2) Ifto tryto predict allactions using learning, the p roblemcomplexity dramaticallyincreases and , therefore, the accuracyofsolution under possible approximation drops.

3) On the other hand, ifto tryto explicitlypresent pre - and post - action conditions for the deductive settings , we run against a frame problemthat mayneed a unique solution for a specific situation (Shanahan 1999). Besides, some other diff iculties are associated with the search ofinference (plan).

4) Considering a sequence ofactions in a dynamic domain, the longer this sequence is, the more inductive reasoning comes into playrelativelyto the deductive one.

Note that above considerations are valid when the choice ofaction does not occur in a pure mentalworld, i.e. a world where the situations are described in terms ofbelief, knowledge and intension (Galitsky2001). Choosing an action that is to be performed in a given mentalstate occurs in accordance to quite different laws (Galitsky2002) , unlike the ones for a physicalstate we are talking in this report.

Inductive machine learning as a logic program

In this p aper we deployboth the GOLOG and JSM environments in the w ayoflogic program.

We willbriefly comment on GOLOG in the following S ection because it has been thoroughly presented in the literature. As to JSM (Finn 1999), we build it as a logic program in this paper, following the form alframework s of (Anshakov et al. 1989) and (Vinogradov 1999) .

JSM environment is set byfeatures, objects and targets. Within a first - order language, objects are individ constants, features and targets are terms which include these constants . For a target

(feature), there are four groups ofobjects with respect to the evidence theyprovide for this target:

· Positive;

· Negative;

· No influence;

· Unknown.

Clearly, an inference in such environment can be represented as one in a respective four - valued logic. Prediction in JSM setting is based o n verification whether the objects fromlast group satisfy the target feature or not. Prediction machineryis based on building the examp le separation hypothesis target(X): - features 1 (X, �), �,feature n (X, �), where target Î targets, features 1 , �, feature n Î features, X ranges over objects, targets is the set ofalltargets, features is the set ofallfeatures.

Desired separation is based on the similarity ofobjects in terms of features theysatisfy.

Usually, such similarityis domain - dependent. However, building the generalframework of inductive - based prediction, we use the anti - unification of formulas that express the totalityof features ofthe given and other objects (our futures do not have to be unarypredicates).

Our starting example ofJSM settings f or unarypredicate i s as follows (fromnow on we use the conventionalPROLOG notations for variables and constants):

features([a,b,c,d,e]).

objects([o1, o2, o3, o4, o5, o6, o7]).

targets([v1]).

a(o1). b(o1). c(o1).

a(o2). b(o2). c(o2). e(o2).

a(o3). d (o3).

a(o4). c(o4). d(o4).

a(o5). b(o5). e(o5).

a(o6). d(o6).

a(o7). b(o7). c(o7). e(o7).

v1(o1). v1(o2). v1(o5).

unknown(v1(o7)).unknown(v1(o6)).

Starting with the positive and negative examples jPos(X, v) and jNeg(X, v) for the target v , we formthe to talityofexamples´ intersections ( positive ones U that satisfy iPos(U,v) and negative ones U that satisfy iNeg(U ,v) ):

iPos(U, v): - jPos(X1, v), jPos(X2, v), X1 \ =X2, similar(X1, X2, U), U \ =[].

iPos(U, v): - iPos(U1, v), jPos(X1, v), similar(X1, U1, U), U \ =[].

iNeg(U, v): - jNeg(X1, v), jNeg(X2, v), X1 \ =X2, similar(X1, X2, U), U \ =[].

iNeg(U, v): - iNeg(U1, v), jNeg(X1, v), similar(X1, U1, U), U \ =[].

Above are the recursive definitions ofthe hypothesis. As the logic programclauses that act ually formthe totalityof intersection ofexamples, we derive the following:

iPos(U, V): - iPos(U, V, _).

iPos(U, V, Accums): - jPos(X1, V), jPos(X2, V), X1 \ =X2, similar(X1, X2, U),

Accums=[X1, X2], U \ =[].

iPos(U, V, AccumsX1): - iPos(U1, V , Accums), !, jPos(X1, V), not member(X1, Accums), similar(X1, U1, U), U \ =[], append(Accums, [X1], AccumsX1).

iNeg(U, V): - iNeg(U, V, _).

iNeg(U, V, Accums): - jNeg(X1, V), jNeg(X2, V), X1 \ =X2, similar(X1, X2, U),

Accums=[X1, X2], U \ =[].

iNeg(U, V, AccumsX1): - iNeg(U1, V, Accums), !, jNeg(X1, V), not member(X1, Accums), similar(X1, U1, U), U \ =[], append(Accums, [X1], AccumsX1).

To obtain the actualpositive and negative hypotheses fromtheir proimages, we filter out the hypotheses that are satisfied byboth positive and negative examples:

j0Hyp(U, V): - iPos(U, V), iNeg(U, V).

jPosHyp(U, V): - iPos(U, V), not j0Hyp(U, V).

jNegHyp(U, V): - iNeg (U, V), not j0Hyp(U, V).

The following clauses deliver the background (enumeration ofobjects that cause) for positive, negative and inconsistent hypotheses:

ePos(X, V): - jPos(X, V), jPosHyp(U, V), similar(X, U, U).

eNeg(X, V): - jNeg(X, V), jNegHyp(U, V), similar(X, U, U).

j01(X, V): - jT0(X,V), jPosHyp(U1, V), jNegHyp(U2, V), similar(X, U1, U1), similar(X, U2, U2).

Finally, we approach the clauses for prediction. For the objects with unknown tar get, the system predicts that theyeither satisf y that target, does not s atisfythe target, or that the fact of satisfaction is inconsistent with the input facts:

jPos1(X,V): - jT0(X, V), jPosHyp(U, V), similar(X, U,U), not j01(X, V).

jNeg1(X,V): - jT0(X, V), jNegHyp(U, V), similar(X, U,U), not j01(X, V).

jT1(X,V): - jT0(X,V), not jPos1(X, V), not jNeg1(X, V), not j01(X, V).

Indeed, the first clause above willserve as an entrypoint to predict (to choose) an action fromthe explicit list ofavailable actions that can be obtained for a current state given the precondition axioms. A lso, ifthere is no positivelypredicted action, we chose one with inconsistent prediction

(assuming it is better than nothing in the case when an action has to be selected and committed).

For example, for the knowledge base above, we have the following results:

I ntersections for positive, negative and unassigned hypotheses[[a(_E0C),b(_E1C),c(_E2C)],[a(_DDC),b(

_DEC)],[a(_D9C),b(_DAC),e(_DBC)]]

[[a(_E84),d(_E94)]]

[[a(o7),b(o7),c(o7),e(o7)],[a(o6),d(o6)]]

Positive, negative and contradiction hypotheses:

[[a(_FDC),b (_FEC),c(_FFC)],[a(_

FAC),b(_FBC)],[a(_F6C),b(_F7C),e(_F8C)]] , [[a(_1054),d(_1064)]] , []

Background for positive, negative and inconsistent hypotheses:

[[a(o1),b(o1),c(o

1)],[a(o2),b(o2),c(o2),e(o2)],[a(o5),b(o5),e(o5)]] ,

[[a(o3),d(o3)],[a(o4),c(o4)

,d( o4)]] , []

Prediction for positive, negative results and inconsistent prediction:

([[a(o7),b(o7),c(o7),e(o7)]] , [[a(o6),d(o6)]] , [])

Merging deductive and inductive reasoning about action

Based on the motivations, which were presented in the Introducti on, we have the following methodologyto predict an action ofan agent in the environment where we do not have complete information on this agent. Ifwe are unable to derive an action ofthis agent given the preconditions for his actions and successor stat e axioms to sufficientlycharacterize his current state, learning - based prediction needs to come into play. Instead ofjust taking into account the current state as reasoning about action would do, learning based prediction takes into account the totality ofprevious actions and states. It is required because there is the lack ofknowledge which previous actions and situations affect the current choice ofaction.

Situation calculus is formulated in a first - order language with certain second - order featur es

(McCarthy& Hayes 1969). A possible world historythat is a result ofsequence of actions is called situation . do(a,s) denotes the successor situation to s after action a is applied. For example, do(complain(Customer), do(harm(Company),S 0 )) is a situat ion expressing the world historythat is based on the sequence ofactions { complain(Customer), harm(Company) } , where Customer and Company are variables (with explicit meanings). We refer the reader to (Levesque et al1997) for the further details on the i mplementation ofsituation calculus. Also, situations involve the fluents, whose values varyfromsituation to situation and denote thembypredicates with last argument ranging over the situations, for example, upset(Customer, do(harm(Company),S 0 ))

Actions have preconditions ˘ the constraints on the action possibility:

poss(complain(Customer), s)

º upset(Customer, s).

Effect axioms (post - conditions) describe the effect ofa given action on the fluents:

poss(complain(Customer), s) &responsive(Comp any, ) É

settle_down(Customer, do(complain(Customer), s)).

Effect axioms express the causallinks between the domain entities.

As we see, the methodologyofsituation calculus is building a sequence ofactions given their pre -

and post - conditions. To choose an action, we verifythe preconditions dependent of fluents. After

an action is performed, it affects the fluents, which in turn determines the consecutive action, and

so forth.

The frame problem (Shanahan 1997) comes into playto reduce the number ofeffect axioms

that do not change (the common sense law ofinertia). Successor state axiomresolves the frame

problem(Reiter 1991):

poss(a,s) É [ f(

Ô

�GR�D�V� º g f + ( Ô �D�V� v ( f( Ô

�V� � Ø g f - ( Ô

�D�V�@� where g f + ( Ô �D�V� ( g f + ( Ô �D�V� ) i s a formula describing under what conditions doing action a in situation s makes fluent f become true (false, respectively) in the successor situation do(a,s).

GOLOG extends the situation calculus with complex actions, involving, in particular, if - the n and while constructions. Macros do( d , s, s´) denotes the fact that situation s´ is a terminating situation ofan execution ofcomplex action d starting in situation s. If a 1 ,�, a n are actions, then

· [ a 1 :�: a n ] is a deterministic sequence ofactions;

· [ a 1 #�# a n ] is a non - deterministic sequence ofactions;

· ifCond(p) is checking a condition expressed by p ;

· star(a) , nondeterministic repetition;

· if ( p , a 1 , a 2 ), if - then - else conditional;

· while ( p , a 1 , a 2 ), iteration.

Fig.2 depicts the problemof finding a pl an as a theorem - proving in situation calculus:

Axioms | = ( $ d ,s ) Do ( d , S 0 , s ) & Goal ( s ), where plan Goal ( s ) is synthesized as a side effect.

We suggest the reader to consult (Levesque 1997) for mode details, and proceed to the GOLOG interpreter.

We add the last line to suggest an alternative choice ofaction bymeans oflearning byexample, i fthe other options for the following action are exhausted.

do(A1 : A2,S,S1) : - do(A1,S,S2), do(A2,S2,S1).

do(ifCond(P),S,S) : - holds(P,S).

do(A1 # A2,S,S1) : - do(A 1,S,S1) ; do(A2,S,S1).

do(if(P,A1,A2),S,S1) : - do((call(P) : A1) # (call( not P) : A2),S,S1).

do(star(A),S,S1) : - S1 = S ; do(A : star(A),S,S1).

do(while(P,A),S,S1): - do(star(call(P) : A) : call( not P),S,S1).

do(pi(V,A),S,S1) : - sub(V,_,A,A1), do(A1,S,S1) .

do(A,S,S1) : - proc(A,A1), do(A1,S,S1).

do(A,S,do(A,S)) : - primitive_action(A), poss(A,S).

do(A, S, do(A, S)): - predict_action_by_learning(A, S).

Primitive actions

Complex control actions

Main control loop

Preconditions for primitive actions

Initial situation

Successor state axioms for primitive actions

Constraints on intermediate situations

|= " s Do( d , S 0 , s) É

P(s)

S 0 - initial situation s ˘ current situation

P(s) ˘ desired final situation s , obeying property P

Given d and initial situation S 0 , find a terminating situation for d if one exists

correctness termination

$ s Do( d , S 0 , s) |=

Fig.2: Methodologyfor deriving a plan in the settings of situation calculus.

Modeling the claims of unsatisfied customers

To suggest an extensive illustration ofreasoning about actions in the conditions ofuncertainty, we consider a real - life problemofautomation ofcustomers´ claim. This problemrequires a logical component tha t is capable ofmodeling the process ofinteraction between a cust omer and a company. This logic component is expected to provide a predictive power: given initialclaim circumstances, it suggests a set ofprocedures that might likelylead to customer sa tisfaction bya companyor a third party.

Our problemdomain is based on the experience ofa series ofconsumer advocacycompanies that tryto help the customers, unsatisfied byparticular product or service. We base our modelon the publiclyavailable database ofclaims (for example, planetfeedback.com , my3cents.com , etc.).

In our considerations, we skip the natural language component that would extract actions, fluents and their parameters; we refer to quite extensive literature on information extraction or to the particular approach ofthe author, based on logic programming (Galitsky2001). The task ofthe written claimprocessing can be formulated as relating a claimto a class that requires certain set of reactions (direct contacting a producer or retailer, clearing the situation to a consumer, bringing a case to a court, addressing to particular consumer advocacyfirmetc.). Performing such kind of task allows us to auto mate the claimprocessing, significantlyaccelerating the results and reducing the cost ofoperations for a consumer advocacyfirm(Fig.3).

Clearly, application ofstatistical machine learning would skip too manydetails to adequately relate a natural language claimto a class. Ifdetermination ofsuch class deploys a keyword - based information extraction, peculiarities ofboth natural language representation and dispute process are ignored. The reader should take into account that frequentlysimilar cl aims with slightly distinguishing mentalstates ofagents maybelong to totallydifferent classes ofreaction in accordance to the willingness ofa companyto satisfyits customer (so that he or she drops his/her claim).

Hence, we reveala set ofact ions and fluents for each claim. The claimscenario includes two main agents: a customer and a company(for simplicity, we consider multiple representatives ofa companyas a conventionalagent). The behavioralpatterns for these two agents are quite diffe rent with respect to uncertainty: a customer is assumed to be with us (the consumer advocacy company), and her intentions and motivations are clear. Conversely, we can observe the actions of a company, but we can onlybuild beliefs on its intentions and mo tivations: we are uncertain about the causalrelations between the company´s actions and its strategy.

Our current approach to modeling the claims is based on reasoning about actions and respective data mining; here we do not model mentalstates ofi nvolved agents in details, using a special machineryofreasoning about mentalstates, developed elsewhere (Wooldridge 2000,

Galitsky2002). As we said in the introduction, we performthis step ofapproximation (ignoring the peculiarities ofmentalworld) to focus on merging reasoning about action with deductive data mining. Also, in this domain we did not use default reasoning to describe the typicaland abnormal situations.

Processing a database ofclaims, we can revealthe typicalaction patterns f or both customers and companies. What we have discovered (and maybe naturalfor the reader) is that the familyof strategies for a given companyis constraint, as wellas that ofthe totalityofcustomers (the claim database available allows one a statist icallysignificant analysis ofa varietyofclaims for a given company).

Asdasda asdd asda d asd asd d as da das das das das s d claim

Claim recognizer:

Reasoning about action +

Deductive machine learning

Forward to court

Too insignificant

Classes of claims

Direct contact the company

Forward to consum er adv.

agency Instruct customer to settle down

Provide a customer with advice

Fig.3: The problem domain: recognizing the class of a claim.

We proceed to the sa mple set ofactions for a claim:

wrongDoC ˘ initialaction o fa companythat caused the claim. Usually, customers complain when theybelieve something went reallywrong and their interests are affected. Company´s actions are denoted with the identifier with last character `C´ to distinguish fromactions ofthe cust omer and his representatives.

askWhy ˘ the first thing a customer does is asking the customer service ^Whydid it happen? What got wrong?~, believing that the companyis readyto help.

customerServiceIgnoreAskWhyC ˘ a typicalstep in the development ofrel ationships between a customer and a companyis ignoring the customer´s request bythe company.

askHowToFix ˘ at this step the customer proceeds fromthe questions ^Why/how did it happen~ to ^How to achieve the normal/satisfaction situation?~ explainWrongly C ˘ the companygives a wrong advice that does not lead to above situation. It is questionable whether the company´s representatives are aware ofit.

followWrongAdviceNoResult ˘ the customer believes that company´s advice is adequate, follows it and discov er s that it is not the case.

ClaimBadCustomerService ˘ customer starts to complain not onlyabout wrongDoC but about customer service as well.

FindUnreasonableCauseForCustComplainC ˘ at this point, the companyblames the customer that he is non - cooperativ e and states that there are no reasons to complain.

complainToOtherEstablishments , askFriend, askLawer, askConsumerAdvocCompany ˘ the customer understand that she can achieve nothing being one - by - one with the companyand looks for help, including a frien d, an attorneyor a consumer advocacycompany.

settleDown, agreeToFixC, agreeToCompensateC, convinceToBeActingAsRequiredC ˘ the customer is settled down bya promise or actualfulfillment ofthe required actions bythe company that has found one wayor an other to satisfythis customer, or has convinced himthat nothing went reallywrong.

Primitive actions

Complex control actions

Preconditions for primitive actions

Successor state axioms

Constraints on fluents

Customer Company

Primitive actions

Complex control actions

Preconditions for primitive actions

Successor state axioms

Constraints on fluents

Fig.4: The knowledge base components of a claim: on the left: customer´s component, on the right: company´s component. Dotted boxes denote incomplete information.

In their claims, the c ustomers explicitlymention their actions and most ofthe fluents expressing their mentalstates. Ambiguityin representation ofactions for the customers maybe caused by the errors in naturallanguage processing and inadequate writing bythe customer.

As to the compa ny, we obtain a description ofits actions and incomplete plot ofits fluents in accordance to the customer´s viewpoint. This data is insufficient to performthe prediction ofthe company´s planning given onlycurrent scenario. On the other hand, using pur e predictive machinerywithout actuallymodeling the company´s sequence ofaction in the deductive way does not allow obtaining the latter in sufficient details to relate a given claimto a class.

The knowledge base components ofa formalized claimare depicted at Fig.4. The customer component includes complete knowledge of the precondition for primitive actions, successor state axioms and con straints on fluents. The customer ´ s component is readyfor modeling its sequence ofactions. However, the company´s component is incomplete : we don´t fullyknow preconditions for primitive actions; also, our knowledge on successor state axioms and constraints on fluents is incomplete.

Note that we cannot conduct learning for our system in a usualsense because no company would ever discl ose its customer support policyto eliminate uncertaintyin our representation for the company´s fluents. We formthe learning dataset using the past claims, where we mayget information about the claimresults and manuallyassign the class ofreaction. At the same time we would never get information on the company´s side.

Indeed, recognition ofa claimis determining the following action ofan opponent. A usual claimis a description ofa process ofinteraction between two conflicting agents:

My accou nt was debited f rom a positiv e balance to a negativ e balance f or "inactiv ity f ees" which I was not f ully inf ormed. W hen I opened the account, I wanted to leav e the money to earn interest. (Guess my surprise when I logged on to check my account and sawthat instead of the positiv e balance I was looking f orward to seeing, I sawa negativ e balance! ) NowI cannot close the account until I pay NetBank f or

"inactiv ity f ees". W hile I was in the process of closing the account, my account continued to be debited f or the "inactiv ity f ees" . This charge came 7 days af ter I was inf ormed of my negativ e balance. The last straw was that I called to cancel my account, and the customer serv ice representativ e asked "why". This obliv ious and appalling customer serv ice made me laugh at howNetBank can still be in business �

Id Essence of service failure Operation that confused a provider

Essence of customer service failure Claim

1 Payment delay Credit card payment None The problem concerns the billing or payment at your bank. I wanted to payfor something which had to be used via PayPal.com Whyshould I wait for 4 business days for a measly$1.95 on myown credit card. In the future I will likelytake mybusiness to othe

10 Reject promised service Sign-up bonus

Cheating and avoiding expected service The problem concerns the overall experience at your bank. Myaccount # was (secure). I was promised $50 for signing up with Netbank and all I got was charged fees. When I called about the $50 and the fees I was told on numerous occasions that I would be cr

11

Unable to follow the agreement with customer and properly notifyhim/her Account inactivity None

Myaccount was debited from a positive balance to a negative balance for "inactivity fees" which I was not fullyinformed. When I

12

Unable to correct amount of deposit

Cheating/disinforming/ig noring customer I’m writing concerning an absolutelyrediculous process of receiving a returned check (missing some information?) from an ATM deposit. I deposited a check on May22nd at an authorized ATM in myarea. The amount was credited as usual. I noticed that I had a

14

Unable to verifyexisting of account for deposit Transfer to unexisting account

Unwillingness/inabilityto understand client’s

On May24th I ordered goods and services for

$270.- (Transaction #

15

Unable to handle lost credit card situation Lost credit card

Responding with wrong information

They’ve stolen moneyfrom me! I’ve heard several months of BSand lies, and theystill

16 Delays Online bill payments Cheating NetBank delivered myon-line bill payments

26

Unable to handle a client with lost login Transactions with no login information

Unwillingness/inabilityyto help/advice

I have a PayPal Account, this account was created roughly1.5yrs ago. I created it strictly

Fig.5: A fragment of claim database.

Below we present a domain code for claims that includes enumeration ofprimitive and complex actions, and their pre - and post - conditions:

proc( complainToOtherEstablishments, ( askFriend # askLawyer # askConsumerAdvocCompany) ).

proc( settleDown, agreeToFixC # agreeToCompensateC # convinceToBeActingAsRequiredC ).

proc( mainComplaintScenario , [

[wrongDoC, askWhy, customerServiceIgnoreAskWhyC, askHowToFix, if(long_wait, askHowToFix, askWhy), explainWronglyC, followWrongAdviceNoResult, claimBadCustomerService, findUnreasonableCauseForCustComplainC, askFriend, askLawyer, askConsumerAdvocCompany, ag reeToFixC, agreeToCompensateC, convinceToBeActingAsRequiredC]).

]).

poss(actionToBePredicted(A),S).

poss(UnsatisfAction,S): - holds(unsatisfied,S), member(UnsatisfAction,

[askWhy, askHowToFix, claimBadCustomerService ]).

poss(followWrongAdviceNoResult, S) : - holds(disinformed, S).

poss(CompanyAction,S): - nonvar(CompanyAction), not member(CompanyAction,

[askWhy, askHowToFix,followWrongAdviceNoResult, claimBadCustomerService ]).

%% successor state axioms for primitive actions

%% a customer is unsatisf ied if a Companydid something wrong or this customer was

%% unsatisfied at the previous step holds(unsatisfied, do(E,S) ): - E = wrongDoC;

E = customerServiceIgnoreWhy;

E = explainWrong; E = findUnreasonableCauseForCu stComplain;

( holds(unsatisfied,S), not member( E, [agreeToFix, agreeToCompensate, convinceToBeActingAsRequired])

).

holds(disinformed, do(E, S) ): - E = explainWronglyC.

holds(company_untrusted, do(E, S) ): - holds(disinformed,S), E = fol lowWrongAdviceNoResult.

%%Everithing starts with a companywrongdoing (from the customer’s perspective) holds(wrongDoC, s0).

%% for JSM unaryParam. %%% handles onlyunaryfeatures

%%reducedNegParam. %%% handles reduced formation of negative hypotheses (t hose who have at least two atoms in common with a positive hypothesis)

%%%jsmGenParam.

% features are the set of all primitive actions and fixed

% objects are determined byavailable dataset and fixed

% targets are all actions that are pre - asumed to be possible at this step

% we mayassume available actions are bycounter - agent features(Fs): - findall(F, primitive_action(F), Fs).

objects([o1, o2, o3, o4, o5, o6, o7, o8, o0]).

%targets([companyIsRight, consumerAdv, tooHardToHelp]).

companyIsRight(o1) .

askWhy(o1).

askHowToFix(o1).

explainWronglyC(o1).

claimBadCustomerService(o1).

findUnreasonableCauseForCustComplainC(o1).

askLawyer(o1).

agreeToFixC(o1).

agreeToCompensateC(o1).

convinceToBeActingAsRequiredC(o1).

consumerAdv(o2).

askWhy(o2).

customerSe rviceIgnoreAskWhyC(o2).

askHowToFix(o2).

explainWronglyC(o2).

followWrongAdviceNoResult(o2).

claimBadCustomerService(o2).

findUnreasonableCauseForCustComplainC(o2).

askFriend(o2).

Now we proceed to the protocolofthe plan bui lding primitive_action(wrongDoC) , poss(wrongDoC,s0) ok_primitive_action(wrongDoC) , poss(wrongDoC,s0) list_conjunct(do(askWhy,do(wrongDoC,s0),_2AC),do([customerServiceIgnoreAskWhyC,askHowToFix,actionToB ePredicted(_11C)],_2AC,_CC)) proc(askWhy,_2E8) , do( _2E8,do(wrongDoC,s0),_2AC) primitive_action(askWhy) , poss(askWhy,do(wrongDoC,s0)) ok_primitive_action(askWhy) , poss(askWhy,do(wrongDoC,s0)) list_conjunct(do(customerServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0)),_438),do([askHowToFix,actionT oBePredicted (_11C)],_438,_CC)) proc(customerServiceIgnoreAskWhyC,_474) , do(_474,do(askWhy,do(wrongDoC,s0)),_438) primitive_action(customerServiceIgnoreAskWhyC) , poss(customerServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0))) ok_primitive_action(customerServiceIgnoreAs kWhyC) , poss(customerServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0))) list_conjunct(do(askHowToFix,do(customerServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0))),_5C4),do(acti onToBePredicted(_11C),_5C4,_CC)) proc(askHowToFix,_600) , do(_600,do(customerServic eIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0))),_5C4) primitive_action(askHowToFix) , poss(askHowToFix,do(customerServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0)))) ok_primitive_action(askHowToFix) , poss(askHowToFix,do(customerServiceIgnoreAskWhyC,do(askWhy,do( wrongDoC,s0)))) proc(actionToBePredicted(_11C),_79C) , do(_79C,do(askHowToFix,do(customerServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0)))),_CC)

%% forming the environment for prediction: finding the target features.

getObjects([o1,o2,o3,o4,o5,o6,o7,o8,o 0]) getFeatures([wrongDoC,askWhy,customerServiceIgnoreAskWhyC,askHowToFix,if(long_wait,askHowToFix,askW hy),explainWronglyC,followWrongAdviceNoResult,claimBadCustomerService,findUnreasonableCauseForCustCo mplainC,askFriend,askLawyer,askConsumerAdvocCompany,a greeToFixC,agreeToCompensateC,convinceToBeAc tingAsRequiredC,actionToBePredicted(_C74)]) going_to_predict_future_action_after([askHowToFix,customerServiceIgnoreAskWhyC,askWhy,wrongDoC])

===== target ===== explainWronglyC

Positive, negative and unassigned ex amples

[[askWhy(_1B54),askHowToFix(_1B74),explainWronglyC(_1B98),claimBadCustomerService(_1BC0),findUnreas onableCauseForCustComplainC(_1BF0),agreeToCompensateC(_1C30)],[explainWronglyC(_1A88),claimBadCust omerService(_1AB0),findUnreasonableCauseForCustCompl ainC(_1AE0),askLawyer(_1B20)],�]

[[askWhy(_1F3C),customerServiceIgnoreAskWhyC(_1F5C),askHowToFix(_1F90),findUnreasonableCauseForCust

ComplainC(_1FB4)],[askWhy(_1E40),customerServiceIgnoreAskWhyC(_1E60),askHowToFix(_1E94),followWro ngAdviceNoResult(_1EB8),fin dUnreasonableCauseForCustComplainC(_1EEC)],[askWhy(_1D54),customerServic eIgnoreAskWhyC(_1D74),askHowToFix(_1DA8),findUnreasonableCauseForCustComplainC(_1DCC),agreeToFix

C(_1E0C)]]

[[wrongDoC(o0)]]

Positive, negative and contradiction intersections:

[[askWh y(_26C4),askHowToFix(_26E4),explainWronglyC(_2708),claimBadCustomerService(_2730),findUnreaso nableCauseForCustComplainC(_2760),agreeToCompensateC(_27A0)],[explainWronglyC(_25F8),claimBadCusto merService(_2620),findUnreasonableCauseForCustComplainC(_2650),as kLawyer(_2690)],�] ,

[[askWhy(_2AAC),customerServiceIgnoreAskWhyC(_2ACC),askHowToFix(_2B00),findUnreasonableCauseForC ustComplainC(_2B24)],[askWhy(_29B0),customerServiceIgnoreAskWhyC(_29D0),askHowToFix(_2A04),follow

WrongAdviceNoResult(_2A28),findUnreasonabl eCauseForCustComplainC(_2A5C)],�] , []

Background for positive, negative and inconsistent hypotheses:

[[askWhy(o1),askHowToFix(o1),explainWronglyC(o1),claimBadCustomerService(o1),findUnreasonableCauseFor

CustComplainC(o1),askLawyer(o1),agreeToFixC(o1),agree ToCompensateC(o1),convinceToBeActingAsRequiredC

(o1)],�] ,

[[askWhy(o3),customerServiceIgnoreAskWhyC(o3),askHowToFix(o3),followWrongAdviceNoResult(o3),findUnre asonableCauseForCustComplainC(o3),askConsumerAdvocCompany(o3),agreeToCompensateC(o3)],�] , []

Pred iction for positive, negative results and inconsistent prediction: ( [wrongDoC(o0)], [] , [] ) , explainWronglyC ˘ predicted!

[(([] , [] , [[wrongDoC(o0)]]) , explainWronglyC),(([] , [] , [[wrongDoC(o0)]]) , findUnreasonableCauseForCustComplainC)] posActi ons = [] futureActions = [explainWronglyC,findUnreasonableCauseForCustComplainC] predict_action_by_learning(explainWronglyC,do(askHowToFix,do(customerServiceIgnoreAskWhyC,do(askWhy,d o(wrongDoC,s0))))) ok_list_conjunction(do(askHowToFix,do(customerServiceIg noreAskWhyC,do(askWhy,do(wrongDoC,s0))),do(ask

HowToFix,do(customerServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0))))),do(actionToBePredicted(explain

WronglyC),do(askHowToFix,do(customerServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0)))),do(actionToBe

Predicted( explainWronglyC),do(askHowToFix,do(customerServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0))

))))) ok_list_conjunction(do(customerServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0)),do(customerServiceIgnore

AskWhyC,do(askWhy,do(wrongDoC,s0)))),do([askHowToFix,acti onToBePredicted(explainWronglyC)],do(custom erServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0))),do(actionToBePredicted(explainWronglyC),do(askHow

ToFix,do(customerServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0))))))) ok_list_conjunction(do(askWhy,do(wrongDoC,s 0),do(askWhy,do(wrongDoC,s0))),do([customerServiceIgnoreAsk

WhyC,askHowToFix,actionToBePredicted(explainWronglyC)],do(askWhy,do(wrongDoC,s0)),do(actionToBePredi cted(explainWronglyC),do(askHowToFix,do(customerServiceIgnoreAskWhyC,do(askWhy,do(wrongDoC,s0)))) ))) ok_list_conjunction(do(wrongDoC,s0,do(wrongDoC,s0)),do([askWhy,customerServiceIgnoreAskWhyC,askHowTo

Fix,actionToBePredicted(explainWronglyC)],do(wrongDoC,s0),do(actionToBePredicted(explainWronglyC),do(ask

HowToFix,do(customerServiceIgnoreAskWhyC,do(askW hy,do(wrongDoC,s0))))))) ok(proc(mainComplaintScen1,[wrongDoC,askWhy,customerServiceIgnoreAskWhyC,askHowToFix,actionToBePre dicted(explainWronglyC)]),do([wrongDoC,askWhy,customerServiceIgnoreAskWhyC,askHowToFix,actionToBePr edicted(explainWronglyC)],s0,do(ac tionToBePredicted(explainWronglyC),do(askHowToFix,do(customerServiceIg noreAskWhyC,do(askWhy,do(wrongDoC,s0)))))))

%% belowis the resultant plan do(actionToBePredicted(explainWronglyC),do(askHowToFix,do(customerServiceIgnoreAskWhyC, do(askWhy,do(wrongDo C,s0)))))

We also present the algorithmfor finding anti - unification:

antiUnify(T1, T2, Tv): - var_const( (T1,T2), (T1c,T2c)), antiUnifyConst(T1c, T2c, T),

%writeln(antiUnifyConst(T1c, T2c, T)), var_con st(Tv, T).

antiUnifyConst(Term1, Term2,Term): -

Term1=..[Pred0|Args1], len(Args1, LA),

Term2=..[Pred0|Args2], len(Args2, LA), findall( Var, ( member(N, [0,1,2,3,4,5,6,7 ]),

[! sublist(N, 1, Args1, [VarN1]), sublist(N, 1, Args2, [VarN2]), string_term(Nstr, N), VarN1=..[Name|_], string_term(Tstr, Name), concat([’z’, Nstr,Tstr], ZNstr), atom_string(ZN, ZNstr) !], ifthenelse( not (VarN1=VarN2), ifthenelse( ( VarN1=..[Pred,_|_], VarN2=..[Pred,_|_]), ifthenelse( antiUnifyConst(VarN1, VarN2, VarN12),

( antiUnifyConst(VarN1, VarN2, VarN12),Var=VarN12 ),

Var=ZNstr) ),

Var=ZNstr),

Var=VarN1)

), Args), Term=..[Pred0|Args].

Conclusions

In this report, we merged deduc tive reasoning about action with the logic and combinatorial predictive machinerythat implements the inductive, abductive and analogicalkind ofreasoning.

Resultant formalismwas found adequate in terms ofmodeling the conflicting agents under the autom ated processing ofclaims for consumer advocacycompanies. Our model includes about ten consecutive actions, including deterministic and non - determ inistic ones. For a given claim that mentions the initialsequence ofaction s , the systemprovides the predicti on ofthe consecutive action s . As a result , the claim is assig n ed with the class of reactions . Our initialtesting showed that the p roper decision s are carried out in more than 80% of cases (20 testing claims, coming from 1 2 learning examples). We believe the method verification indeed requires more thorough e valuation , combined with information extraction capabilities . Also, the future studywillfocus on the improve ment of the performan ce ofour PROLOG implementation and on the NLP support .

References

1. De Giacomo, G. and Levesque, H. 1999. Progression and regression using sensors. In

Proc. IJCAI ˘ 99.

2. Levesque, H.J., Reiter, R., Lesperance, Y., Lin, F., Scherl, R.B., (1997) GOLOG: A logic programming language for dynamic domains. Journal of Logic Programming v31, 59 - 84.

3. Shoham, Y. 1988. Reasoning about Change: Time and Causation fromthe standpoint of

ArtificialIntelligence. MIT Press.

4. Reiter, R. 199 1. The frame problem in the situation calculus: A simple solution

(sometimes) and a completeness result for goalregression. In V. Lifschitz, ed. AI and

Math. theory of computation. p.359 - 380. Academic Press, San Diego 1991.

5. Wooldridge, M. 2000. Reasoning about RationalAgents. The MIT Press Cambridge MA

London England.

6. De Raedt, L. (1999) A perspective on Inductive Logic Programming. In Apt, K.R, Marek,

V.W., Truszczynski, M., Warren, D. Eds. The Logic Programming Paradigm Springer.

7. Lakemeyer, G. (1999) On sensing in GOLOG.in Levesque, H.J., Pirri, F., eds. Logical foundations for cognitive agents , Springer.

8. Grosskreutz & Lakemeyer, G. (2001) On - line execution ofcc - GOLOG plans. in IJCAI -

01.

9. Souchansky, M. (2001) On - line Decision - Theoretic GOLOG Interpret er. IJCAI - 01.

10. Muggleton,S., 1992 ed. Inductive Logic Programming. Academic Press.

11. Finn, V.K. (1999) On the synthesis ofcognitive procedures and the problemofinduction

NTI Series 2 N1 - 2 8 - 45.

12. Anshakov, O.M., Finn, V.K., Skvortsov, D.P.(1989) On axiomatiz ation ofmany - valued logics associated with formalization ofplausible reasoning, Studia Logica v42 N4 423 -

447.

13. Vinogradov, D.V. (1999) Logic programs for quasi - axiomatic theories NTI Series 2 N1 - 2

61 - 64.

14. McCarthy, J., Hayes, P., (1969) Some philosophical problems fromthe standpoint of artificialintelligence. In Melzer, B., Michie, D., eds. Machine Intelligence 4 , 463 - 502.

Edinburgh.

15. Shanahan, M. (1997) Solving the frame problem. MIT Press.

16. Reiter, R. (1991) The frame problem in the situation calculus: A simple solution

(sometimes) and a completeness result for goalregression. In V. Lifschitz, ed. AI and

Math theory of computation. p.359 - 380. Academic Press, San Diego 1991.

17. Galitsky, B. (2001) Semi - structured knowledge representation for the automated fin ancial advisor. In Monostoriet al, eds. Engineering of Intelligent Systems LNAI 2070: 14 th

IEA/AIE Conference, p.874 - 879.

18. Wooldridge, M. (2000) Reasoning about rationalagents MIT Press. Cambrdge, MA,

London, England.