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ABSTRACTCollaborative Filtering bases its e�ectiveness as a recom-mender system on ratings about a set of items provided bya set of users. In our perspective, an agent behaves as amember of a group would do (the agent implicitly belongsto the same \culture" of the group) without extra-e�ort ordirect interaction. In this paper, we introduce the conceptof Implicit Culture and propose a general architecture forSystems for Implicit Culture Support. We show how Col-laborative Filtering can be considered as an instance of ourarchitecture, and �nally, we consider the related work.
1. INTRODUCTIONGiven the problem of information overload, the building ofrecommender systems is a mayor issue. Collaborative Filter-ing (see [4] for a recent reference) demonstrated to be an ef-fective approach from an applicative point of view. However,the ideas underlying Collaborative Filtering have a greaterscope than �ltering itself. In this paper we capture thoseideas in the notion of Implicit Culture and we propose anagent-based framework for it.When an agent begins to act in an environment withoutenough knowledge or skills, its behavior will be far from op-timal. The problems that the new agent has to face areeven more complex if some other agents are active in thesame environment. They would probably have more knowl-edge and would be more skilled. Moreover, they might notbe willing to share their knowledge and sometimes not evenable to represent or communicate it.It is easy to �nd several examples of this problem. An over-simpli�ed version of it occurs when a new user logs on a sys-tem and she does not know the name of the nearest printer.Another example can be observed when browsing the webon a not-familiar topic, it is hard to locate what the otherusers considerate the relevant resources. Again, the prob-

lem arises when a buyer or a seller starts to operate on anunknown market wondering about reasonable prices and re-liable partners. In all these examples the agent lacks theknowledge that the other agents - namely users, web-surfersor operators - have about their environment and about eachother.In order to improve its behavior, the new agent should actconsistently with the culture of the group. In fact, in this\new kid in town" scenario the agent is enable to cope withthe environment and with the other agents. More depress-ingly, a group of agents have the knowledge and activelyexploit it. In the case of humans the phenomenon is some-times referred as \cultural shock". In fact, knowledge aboutthe environment and about the behaviors of the agents ispart of their culture and that is what the new agent lacks.The problem of having the new agent acting consistentlywith the knowledge and behaviors of the group could besolved by improving the capabilities of the agent in termsof communication, knowledge and learning. The �rst solu-tion is to \just ask someone" and , in a agent setting, it isnot a simple solution. It is necessary to know what to ask(knowledge about the problem), how to ask (a language forexpressing the problem), and who to ask to (some brokeringfacility). More fundamentally, it is also necessary to knowthat one has a problem in the �rst place, and to have itssolution among the goals. The second possible solution isto represent the relevant knowledge and provide it to theagent. If the knowledge required is objective and relativelystatic, the representation can be done observing the envi-ronment and describing it. Building ontologies is a commonway of addressing this problem. Unfortunately, the environ-ment can be partially unknown and intrinsically dynamic.As a third option, it is possible to equip the agent with bothobservational and learning capabilities and acquire skills byimitation of the other agents. As a drawback, these ca-pabilities are rather complex and their application requiresresources.When the environment is partially under control, the prob-lem can be tackled in a very di�erent way. Instead of work-ing on the agent capabilities, it is possible to modify the viewthat the agent has of the environment and consequently itsactions. In fact, changing in a proper way the set of possibleactions that the agent can do in the environment can leadthe agent to act consistently with the behavior a member of



the group would have. The group itself can have optimizedits behavior on the particular environment. Moreover, nei-ther the new agent nor a member of the group is requiredto know about it and so they share the same culture in animplicit way.In the present paper we introduce the concept of ImplicitCulture for describing the situation in which agents behaveaccording to a cultural schema or contribute to produce thecultural schema without the need to know about the group,its members or their behavior. Moreover, we propose anarchitecture for systems aimed to support the emergenceof an Implicit Culture on a group of agents We show howImplicit Culture solves the problem of persistence of the re-quirements of a system of agents without a�ecting their levelof autonomy, reducing the undesired behaviors and exploit-ing the useful ones. The architecture is general and coversCollaborative Filtering [4] as a particular case.The paper is organized as follows: the next section 2 in-troduces the concept of Implicit Culture; section 3 presentsan architecture for supporting it; section 4 shows some in-stances of the architecture; and �nally, sections 5 and 6 de-scribe related works and draw conclusions respectively.
2. IMPLICIT CULTUREA group of agents e�ectively acting into an environmentexploit a great amount of knowledge and skills. When newagents are introduced in the environment they face the prob-lem of acquiring the necessary knowledge. The problem ofthe new agents would be solved if they acted in a way consis-tent with the knowledge and behaviors of the group, namelyits culture. If the environment is under control and modi�-able it is possible to obtain the same e�ect without the needfor the agents to know about the group and its behavior.We call this phenomenon Implicit Culture.We assume that each agent is acting in an environment com-posed of objects and other agents. Actions have as argu-ments objects, as in o�er(book1, price1) or demand(book2,price2), agents, as in look for(buyer) or ask about(seller) orboth objects and agents, as in send(message, seller).Before executing an action an agent faces a scene formed bya portion of the environment, namely objects and agents,and actions that are possible in it. For example, an agentbuyer faces seller1, seller2, book1, gadget1, price1, price2and can perform buy from(seller1,book1,price1), buy from(seller2,gadget1,price2) and buy nothing(). Hence, an agentexecutes an action in a given situation, namely the agent fac-ing a scene at a given time, so the agent executes situated ac-tions. The agent buyer executed the action buy from(seller1,book1,price1) while he was facing the scene composed ofseller2, price2 and the possible actions.After a situated action has been executed the agents face anew scene. At a given time the composition of the new scenedepends on the environment and on the situated executedaction. If buyer1 performs buy from(seller1,antique book1,price1), and buyer2 performs do nothing(), both buyer1 andbuyer2 will have the scenes they face changed for antiquebook1 is not on sale anymore. If seller performs sell to(buyer1,antique book1,price1) the next scene it faces will not

include antique book1.The situated executed action that an agent chooses dependson its internal and unaccessible states and in general itis not deteministically predictable. Rather, we assume itcan be characterized in terms of probability and expecta-tions. As an example, given a buyer facing a scene in whichit can perform buy from(seller1,book1,unreasonable price),buy from(seller2, book1, low price) or buy nothing() the ex-pected situated action can be buy from(seller2,book1,lowprice).Given a group of agents let us suppose that there exists atheory about their expected situated actions. If the theory isconsistent with the executed actions of the group, it can beconsidered a validated cultural constraint for the group. Thetheory captures the knowledge and skills of the membersabout the environment. For instance:8x; y 2 Group; book 2 Books :execute(x; buy from(y; book; p))^execute(y; sell to(x; book; p))!p 2 [low(book); high(book)] (1)expresses that, for all agents of the group and all books, if abuyer buys a book from a seller (and the seller sells the bookto the buyer) then the price of the book will be reasonable,i.e. low(book)� p � high(book). With this theory we couldpredict that the situated executed action of buyerwill be theexpected executed action buy from(seller1,book1,reasonableprice) given the fact that reasonable price 2 [low(book),high(book)].If a set of new agents performs actions that satisfy the vali-dated cultural constraints of the group the problem of theirsuboptimal behavior with respect to the group is solved. Tohave a group of agents such that their actions satisfy a val-idated cultural constraint of another group with no need toknow about it, realizes what we call Implicit Culture. Theactions of a seller and a buyer are far more e�ective if theyface only o�ers and demands at reasonable prices, and thatis true even if they do not know the cultural constraint.A system for Implicit Culture Support has the goal of estab-lishing an Implicit Culture phenomenon. It reaches the goalby building validated cultural constraints from observationsof situated executed actions, and presenting scenes to theagents such that their expected situated actions satisfy thecultural constraint.
3. AN ARCHITECTURE FOR IMPLICIT CUL-

TURE SUPPORTIn this section we present a formal de�nition of Implicit Cul-ture, a general architecture for Systems for Implicit CultureSupport and one example.
3.1 Basic definitions: scenes, situations and

cultureLet agent name, object name and action name be strings,we de�ne: the set of agentsP as a set of agent name strings;the set of objects O as a set of object name strings; and theenvironment E as a subset of the union of the set of agentsand the set of objects, i.e., E � P [O.
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Figure 1: The environment ELet E a subset of the environment (E � E) and s an action namestring, we de�ne:� an action � as the pair hs;Ei, where E is the argumentof � (E = arg(�)).Let A be a set of actions, A � A and E � E, we de�ne:� a scene � as a pair hE;Ai where, for any � 2 A,arg(�) � E. � is said to be possible in �;� the scene space SE;A, as the set of all scenes.Let a 2 P, � an action and � a scene:� a situation at the discrete time t is the triple ha; �; ti.We say that a faces the scene � at time t;� an execution at time t is a triple ha; �; ti. We say thata performs � at time t;� an action � is a situated executed action if there existsa situation ha; �; ti, where a performs � at the time tand � is possible in �. We say that a performs � inthe scene � at the time t.When an agent performs an action in a scene, the environ-ment reacts proposing to the agent a new scene. The re-lationship between situated executed action and new scenedepends on the charateristics of the environemnt, and inparticular on the laws that describe its dynamic. We sup-pose that it is possible to describe such relationship by anenvironment-dependent function de�ned as follows:FE : A� SE;A � T ! SE;A (2)Given a situated executed action �t performed by an agenta in the scene �t at the time t, FE determines the new scene�t+1 (= FE(�t; �t; t)) that will be faced at the time t+1 bythe agent a.

Figure 1 presents how the function FE works. Particularly,Figure 1.A show the environment E in which three agentsa, b, and c face the scenes �t, �0t, and �00t respectively (theellipses indicate the three di�erent situations). At the timet the three agents perform respectively the actions �t, �t,and t (Figure 1.B). The function FE changes the scenes sothat at the time t+1 the agents face the scenes �t+1, �0t+1,and �00t+1 (Figure 1.C,D).While FE is supposed to be a deterministic function, the ac-tion that an agent a performs at time t is a random variableha;t.Given an agent a 2 P and a situation ha; �; ti:� the expected action of the agent a is the expected valueof the variable ha;t, that is E(ha;t);� the expected situated action of the agent a is the ex-pected value of the variable ha;t conditioned by thesituation ha; �; ti, that is E(ha;tjha; �; ti).Given a set of agents P = faig � P, we denote with thevector ��t = f�t[i]g the actions they perform at time t re-spectively in the scenes ��t = f�t[i]g. Moreover, we indicatewith ��t+1 = f�t+1[i]g the vector of the scenes they face afterthe execution of ��t and with �et+1 = fet+1[i]g the vector ofexpected situated actions at time t+ 1.Let L be a language used to describe the environment (agentsand objects), actions, scenes, situations, situated executedactions and expected situated actions. Let �0 be a pri-ori theory that describes the environment and the relationsamong agents and objects in term of actions, scenes, situa-tions and situated executed actions.Given two groups of agents G and G0 (G,G0 � P), we de�ne:� Cultural Constraint Theory for G as a theory expressedin the language L that predicates on the expected sit-uated actions of the members of G. If an expected sit-uated action, estimated by the situated executed ac-tions of G, satis�es the Cultural Constraint Theory,then the theory is said to be validated;� a Cultural Action w.r.t. G is an executed action thatsatis�es the validated cultural constraint theory for G;� Implicit Culture phenomenonwhen the members of G0execute cultural actions w.r.t. G without knowing theCultural Constraint Theory for G.Notice that G and G0 can be in any relation, and just as aparticular case they can coincide.
3.2 The architectureThe main goal of a SICS is to establish an implicit culturephenomenon. In the following we propose a general archi-tecture that allows to achieve such a goal by:
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Figure 2: Architecture� elaborating a validated cultural constraint theory �from a given domain theory and a set of executed sit-uated actions executed by a group G;� proposing to a group G0 a set of scenes such that theexpected situated actions of the set of agents G0 satis-�es �.The architecture (Figure 2) consists of the following threebasic components:� Observer that stores in a data base (DB Observ.) thesituated executed actions of the agents of G.� Inductive module that, using the situated executed ac-tions in DB Observ. and the domain theory �0, in-duces a validated cultural constraint theory �;� Composer that proposes to a group G0 a set of scenes��0t+1 6= ��t+1 = f�t[i] = FE(�t[i]; �t[i]; t)g such thattheir expected situated actions �et+1 satis�es �.In Figure 2 the composer proposes to the agents a, b, andc the scenes �t+1, �0t+1, and �00t+1, respectively. Notice thatin this case the agents b and c belong to both G and G0.This means that also their situated actions are stored in DBObserv. and thus they are used to elaborate the theory �and the new scenes.
3.3 Market exampleLet us consider an environment Market in which there area set P of agents (buyers and seller) and a set of objects O(books and money). Let A be a set of actions and SMarket;Athe scene space. In particular we consider the following ac-tions:� ask(o,p): asking for the object o for the price p

� o�er(o,p): o�ering the object o for the price p� buy(x,o,p): buying from the agent x the object o atthe price p� sell(x,o,p): selling from the agent x the object o at theprice pLet �0 a priori domain theory that states that for any agentsx and y, if at the time t, x is facing the scene �x (whichcontains y) and it asks for an object o for the price p1 andy is facing a scene �y (which contains x) and it o�ers thesame object for the price p2 > p1, then at the time t + 1there exists a price p3 at which x buys from y the object oin a scene �0x and y sells to x the object o in a scene �0y. Inother words �0 states that the negotiation between buyerand seller must be successfully concluded in one step. Weuse for �0 the following notation:8x; y 2 P;8�x = hEx;Axi; �y = hEy;Ayi 2 SMarket;A :hx; �x; ti ^ hx; ask(o; p1); ti ^ x 2 Ey^hy; �y; ti ^ hy; offer(o;p2); ti ^ y 2 Ex !9�0x; �0y 2 SMarket;A; p3 :hx; �0x; t+ 1i ^ hx; buy(y; o; p3); t + 1i^hy; �0y; t+ 1i ^ hy; sell(x; o; p3); t+ 1i (3)Let � a cultural constraint theory induced by the InductiveModule of the SICS using the situated executed actions ofthe agents of G � P. Let suppose that � states that:8x; y 2 G;8�x = hEx;Axi; �y = hEy;Ayi 2 SMarket;A :hx; �x; ti ^ hx; ask(o; p1); ti ^ x 2 Ey^hy; �y; ti ^ hy; offer(o;p2); ti ^ y 2 Ex !9�0x; �0y 2 SMarket;A :(E(hx;t+1 jhx; �0x; t+ 1i) = buy(y; o; p3))^(E(hy;t+1jhy; �0y; t+ 1i) = sell(x; o;p3))^p3 = 910 p2: (4)that is, for any agent x and y of G if x asks for an objecto for the price p1 and y o�ers the same object for the pricep2 > p1, then the expected situated actions for x and y arerespectively of buying from y the object o and of selling to xthe object o at 910 p2. Roughly speaking, this means that thebuyers and the sellers of G usually agree on a 10% discount.Moreover, � says also that the negotiation between buyerand seller takes one step.Let suppose now that at time t = 1 an agent a 2 P asks fora book for $100 and an agent b 2 G o�ers the book for $200.In this case the Implicit Culture phenomenon is establishedif at the time t = 2 the agent a buys from b the book at $180without need to know that b usually makes a reduction inprice of 10%.In order to do this, at the time t = 1 the composer observesthe two actions performed by a and b and using the situatedexecuted actions in DB Observ. composes two scenes �0a and�0b, respectively for a and b, such that the expected situated



actions for a and b satisfy the theory �. For instance, �0aand �0b could be two scenes in which a can ask for the bookto $180 and b can o�er the book for $180, and for which theexpected situated actions are:E(ha;2jha; �0a; 2i) = buy(b; book; 180)E(hb;2jhb; �0b; 2i) = sell(a; book; 180)The implicit culture phenomenon is obtained if a buy fromy the book at $180, i.e. if a executes cultural actions w.r.t.G. Of course both a and b are always free to decide whetheror not to buy and sell the book.In this example the SICS is used as a mediator between twoagents. Even if the mediation do not produce an agreement(i.e., a does not buy from b the book at $180), it has avoidedto the two agents to contract the price. The two agents canalways start a negotiation, but now starting from $180.
4. INSTANCES OF SYSTEMS FOR IMPLICIT

CULTURE SUPPORTA SICS based on our architecture enables an agent to per-form a more e�ective behavior in a new environment. Forinstance, a SICS that intercepts the commands invoked bythe users of a system can discover the printers that are usedfrom a set of workstations, and prede�ne the aliases of a newuser. Far from our simple example, instances of SICS canbe found in component of existing systems. In particular,we show that a popular products reccomenders, a search en-gine, systems and a design support system has componentsthat can be considered SICSs.Collaborative Filtering (CF) [4] can be seen as an instanceof our architecture. The goal of collaborative �ltering is in-formation �ltering, namely to extract from a usually longlist of items like links or products a little set that encoun-ters the preferences of a user. Collaborative �ltering reachesthe goal exploiting the preferences, expressed actively o pas-sively by other users in terms of ratings. Recommendationsare built given the correlations between patterns of ratingson the items.In this case the environment E is composed by items andratings. The agents belonging to P are users. An agent canexplicitly perform a rating action on an item express(item1,rating1) or some other actions like choose(item1) or buy(item2), : : : that the system assumes to be a rating by asso-ciating, for example, buy(item1) with rating1. We indicatewith A the set of these actions. The a priori domain theory�0 in the case of a collaborative �ltering system is composedby: 8x 2 P;9�x : 8�0x 6= �x 2 SE;AE(hx;tjhx; �x; ti) = express(o; r)^E(hx;tjhx; �0x; ti) = express(o0; r0)!r0 < r: (5)where the scenes �x and �0x contain o and o0 respectivelyand8� 2 SE;A; 9K � G � P :8x; y 2 K (x 6= y); E(hx;tjhx; �; ti) = E(hy;tjhy;�; ti)(6)The �rst term means that given an user there exists a scene
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Figure 3: Memory{Based Collaborative Filtering asa particular case.such that the rating associated with the expected situatedaction is a maximum with respect to the other possiblescenes. The second term expresses the notion that the pref-erences of the users cluster.In the case of model-based Collaborative Filtering the In-ductive Module characterizes the sets K depending on thesituated executed actions and adds the characterizations to�. Obviously, collaborative �ltering algorithms express thecharacterization in a non-logical form and sometimes evennot in a explicit way. Figure 3 shows the architecture inthe particular case of memory{based collaborative �lteringwhere no theory is explicitly built. The theory �0 is directlyinserted into the composer.Our architecture covers collaborative �ltering as a particu-lar case. That means that collaborative �ltering establishesan implicit culture phenomenon. Leug has already notedthat collaborative �ltering changes the social nature of rec-ommendation [7].A rather popular application of collaborative �ltering is ex-ploited in the site amazon.com. In this case the system usesinformation about book orders of past customers to suggestrelevant products when a user is browsing the site. Re-lated to collaborative �ltering is the DirectHit1 technologyfor search engines used in popular sites such as lycos.comand hotbot.com. The search engine intercepts the choices ofthe bookmarks done by the users, given a set of keywords,and use this information for changing the ranking of book-marks on future similar searches. The performance of a useris improved by the knowledge of other users in a perfectlytransparent way. Finally, the Stamping Advisor system re-ported by Leake et al. [6] uses a Case Based Reasoningengine in order to provide useful information for supportingstamping design activity in car manufacture. The informa-tion is provided pro-actively with a \just-in-time retrieval"without any need of request by the user and the cases arecollected as a by-product of user's decision making. The sys-tem maps to our architecture because the Inductive moduleis realized by a CBR engine, and the observations of sceneand actions does not interfere with the activities of the users.1http://www.directhit.com/about/products/technologywhitepaper.html



Our approach generalizes the instances in di�erent direc-tions. First we pose the Implicit Culture phenomenon in anagents framework and gives the premises for exploit it alsofor arti�cial agents. Second, we generalize the forms of Cul-tural Constraints. Finally, the general form of SICS supporta group of agents in an integrated way and not only one byone.
5. RELATED WORKDespite its centrality in Cultural Anthropology the notionof culture resisted several attempts of de�nition. Followingthe most accepted de�nitions, the concept of culture cov-ers almost all the activities that a group of humans doeson a particular geographic area, as well as its material orsymbolic production. Obviously, we do not try to addressthe complete and complex cultural processes of a group ofagents but we limited our attention to actions and behav-iors. To this regard (i.e.,to observe the behavior in order toprovide a support) our approach is more related to the useof ethnographic methods for requirements speci�cation [8]rather than to Anthropology tout court.In Arti�cial Intelligence there have been already some at-tempt to address cultural issues. Proposed by Reynoldset al. Cultural Algorithms [9] concentrate on the aspect ofshared knowledge of cultural phenomena. Strongly relatedto genetic algorithms, Memetic Algorithms (see for example[3]) address the problem of evolution of culture in terms ofevolution of ideas. The ideas, no matter which is their sup-port, interacts one another and the interaction, via mutationor cross-over phenomena generates di�erent ideas. Finally,there have been the proposal of Arti�cial Culture [2] thatcan be seen as the natural evolution of the approach of Ar-ti�cial Life combined with Multi-Agents Systems. The goalis to simulate cultural evolution in an environment in whichgroups of agents exchange products and communicate oneanother.The main di�erence with the above approaches is that we arenot trying to reproduce a generic cultural phenomena butonly a cultural behavior. Moreover, our main issue is notsimulative but rather to individuate an e�ective architecturefor improving agent-based systems.Our architecture is also related to work done in the Adap-tive Interfaces area and to the notion of situated action thathas a long history [10] and has originated strong debates[5]. The user-interface of a system is dynamically changedand the di�erent presentation is guided by the interactionhistory. We have already shown in Section 4 how collabo-rative �ltering is an instance of the architecture. A strongcorrelation is also present with the wide area of User Mod-eling. User modeling deals with prototypized users' pro�lesthat are assigned with a user classi�cation process (for anapplication in e-commerce see for instance [1]). Rather dif-ferently, our approach do not require to classify agents norbuilding abstract pro�les of their interactions. Our con-tribute is to emphasize the importance of putting into arelation the behaviors of di�erent agents without requiringan explicit e�ort from them.

6. CONCLUSIONSWe have introduced and de�ned the notion of Implicit Cul-ture phenomenon showing how it can be useful in orderto help agents to act e�ectively in an environment. Wehave presented a general architecture for Systems for Im-plicit Culture Support, namely systems aimed to establishan implicit culture phenomenon on a group of agents. Thearchitecture covers Collaborative Filtering as an instanceand also suggests further applications with human and arti-�cial agents. The main advantage of SICS is that they arecompletely external to the agents and it can boost their ac-tivities and e�ectiveness without requiring additional com-putational load.
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