
1Implicit Culture and Multi-agent SystemsEnrico Blanzieri, Paolo Giorgini, and Fausto GiunchigliaAbstract|Agents' autonomy and incoming agents can pre-vent a multi-agent system from ful�lling its requirements.Given a group of autonomous agents acting in an environ-ment it should be useful to exploit information about theiractions in order to improve the single agent's knowledge andbehavior, and guarantee the realization of the requirements.In this paper, we introduce the concept of implicit cultureand propose a general architecture for Systems for ImplicitCulture Support (SICS). We show how it is possible to usea SICS to guarantee the persistence of the multi-agent sys-tem's requirements; we present some existing systems thatcan be considered as instances of our architecture; and �-nally, we consider the related work.Keywords|Agents, multi-agent systems, implicit culture,behaviors, actions. I. IntroductionDi�erent methodologies are used for the requirementsmodeling of a multi-agent system. For instance, in [1] theauthors describe the system in terms of roles and interac-tions, whereas in [2], [3] the system is modelled in terms ofagents and intentional dependencies. However, autonomyof the agents, unknown properties of the environment andinsertion of new agents do not allow to foresee completelythe system's behavior in the modeling stage. As a con-sequence, the overall system can fail to ful�ll the desiredrequirements. In particular, requirements should persistafter a change in the composition of the group of agentsthat have to be considered as autonomous and operatingin an incompletely known environment.Let's concentrate on a single agent that joins a group ofagents and begins to act in an environment. Its behavior isfar from optimal and the other agents would probably havemore knowledge and would be more skilled. Moreover, theymight not be willing to share their knowledge and in samecases they might not even able to represent or communicateit. The insertion of the new agent can seriously threatenthe ful�llment of the requirements.In order to have the persistence of the requirements thenew agent should act consistently with the culture of thegroup. In fact, in this \new kid in town" scenario theagent is not able to cope with the environment and with theother agents. More depressingly, the group of agents knowsthis and actively exploits it. In the case of humans thisphenomenon is sometimes referred to as \cultural shock".In fact, knowledge about the environment and about thebehaviors of the agents is part of their culture and that iswhat the new agent lacks.The problem of having the new agent act consistentlyE. Blanzieri is with ITC-IRST, Via Sommarive 18, Povo, 38050Trento - Italy. Email:blanzier@itc.itP. Giorgini is with DISA - University of Trento, Via Inama 5, 38100Trento - Italy. Email:pgiorgini@cs.unitn.itF. Giunchiglia is with both ITC-IRST and DISA - University ofTrento. Email:fausto@irst.itc.it

with 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 \just ask someone" but, in an agent setting, this 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 broker-ing facility). More fundamentally, it is also necessary toknow that one has a problem in the �rst place, and to haveits solution among the goals. The second possible solutionis to represent the relevant knowledge and provide it tothe agent. If the knowledge required is objective and rela-tively static, the representation can be done by observingthe environment and describing it. Building ontologies isa common way of addressing this problem. Unfortunately,the environment can be partially unknown and intrinsi-cally dynamic. As a third option, it is possible to equipthe agent with both observational and learning capabilitiesand acquire skills by imitation of the other agents. Onedrawback is that these capabilities are rather complex andtheir application requires resources.Improving the capabilities of the single agent is not anavailable option if the agent has a high level of autonomy.An autonomous agent performs its actions without directexternal control and without external access to its internalstates. Moreover, autonomy itself can produce behaviorsthat were not clearly foreseen during the requirements def-inition and the design phases of the system. Some of themcan be di�erent from the desired ones, for instance over-load of communication or task assignments to a subset ofagents or inactivity of some others. Other behaviors can beunexpected without incompatibility with the requirementsof the system, for instance, a pattern of task assignmentscan emerge.The persistence of the requirements is handled by the ac-tions of new agents and by autonomous behavior performedby the group. Not availability of knowledge on the envi-ronment and autonomy itself prevent to address directlythe problem. Moreover, the autonomy of the agents hasproduced an unforeseen behavior that would be interestingto exploit in order to ful�ll the requirements.When the environment is partially under control, theproblem can be tackled in a very di�erent way. Instead ofworking on the agent capabilities, it is possible to modifythe view that the agent has of the environment and con-sequently its actions without violating its autonomy. Infact, changing in a proper way the set of possible actionsthat the agent can perform in the environment can leadthe agent to act consistently with the behavior a memberof the group. The group itself can optimize its behaviorfor the particular environment. Moreover, neither the newagent nor a member of the group is required to know this



2and so they share the same culture in an implicit way.In the present paper we introduce the concept of implicitculture, namely the relation between groups of agents thatbehave according to a cultural schema and groups that con-tribute to the production of that cultural schema. A criticalcondition is that the members of the former group have noneed to know about the latter, its members or their behav-ior. We also de�ne implicit culture phenomenon as a pair ofgroups acting in an implicit culture relation. Moreover, wepropose an architecture for systems aimed to support theemergence of an implicit culture phenomenon on groups ofagents and we show how implicit culture solves the problemof the sub-optimal behavior of a set of new agents. Thearchitecture is very general and covers, as special cases,systems such as Collaborative Filtering [4].The paper is organized as follows: the next section intro-duces the concept of implicit culture; section III presentsan architecture for supporting it; section IV shows some in-stances of the architecture; and �nally, sections V and VIdescribe related work and draw conclusions, respectively.II. Implicit CultureA group of agents e�ectively acting in an environmentexploits a great amount of knowledge and skills. Whennew agents are introduced in the environment they facethe problem of acquiring the necessary knowledge. Theproblem of the new agents would be solved if they acted ina way consistent with the knowledge and behaviors of thegroup. If the environment is under control and modi�ableit is possible to obtain the same e�ect without the needfor the agents to know about the group and its behavior.In the following we will informally introduce the notion ofimplicit culture as a way to capture this phenomenon.We assume that the agents perceive and act in an en-vironment composed of objects and other agents. In thisperspective, agents are objects that are able to perceive,act and, as a consequence of perception, know. A set ofagents is a group.Actions can have as arguments objects, as in of-fer(book1,price1) or demand(book2,price2), agents, as inlook for(buyer) or ask about(seller), or both objects andagents, as in send(message,seller). Before executing an ac-tion, an agent faces a scene formed by a portion of the envi-ronment, namely objects and agents, and actions that arepossible in it (as a special case the agent can be part of thescene when re
exive actions are possible). For example, anagent buyer faces seller1, seller2, book1, gadget1, price1,price2 and can perform buy from(seller1,book1,price1),buy from(seller2,gadget1,price2) and buy nothing(). Hence,an agent executes an action in a given situation, namely thescene faced by the agent at a given time, so the agent ex-ecutes situated actions. For example, the agent buyer ex-ecuted the action buy from(seller1,book1,price1) while hewas facing the scene composed of seller2, price2 and thepossible actions.After a situated action has been executed the agentsface a new scene. At a given time the new scene dependson the environment and on the situated executed action.

If buyer1 performs buy from(seller1,antique book1,price1),and buyer2 performs do nothing(), both buyer1 and buyer2will have the scenes they face changed for antique book1is not on sale anymore. If seller performs sell to(buyer1,antique book1,price1), the next scene it faces willnot include antique book1.The situated executed action that an agent choosesdepends on its private states and in general it is notdeterministically predictable with the information avail-able externally. Rather, we assume it can be charac-terized in terms of probability and expectations. Asan 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 existsa theory about their expected situated actions. If the the-ory is consistent with the executed actions of the group,it can be considered a validated cultural constraint for thegroup. The theory captures the knowledge and skills of themembers about 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 a buyer buys a book from a seller (and the sellersells the book to the buyer) then the price of the bookwill be reasonable, i.e. low(book) � p � high(book).With this theory we could predict that the situated ex-ecuted action of buyer will be the expected executedaction buy from(seller1,book1,reasonable price) given thefact that reasonable price 2 [low(book),high (book)].If a set of new agents performs actions that satisfy thevalidated cultural constraints of the group, the problemof their suboptimal behavior with respect to the group issolved. We associate the group of agents whose actionssatisfy a validated cultural constraint of another group withno need to know about it, and the group whose actionsproduced the validated cultural constraint. The relationbetween groups de�ned by this association is what we callimplicit culture. A pair of groups in an implicit culturerelation forms an implicit culture phenomenon. The actionsof a seller and a buyer are far more e�ective if they faceonly o�ers and demands at reasonable prices, and that istrue even if they do not know the cultural constraint.A system for implicit culture support has the goal of es-tablishing an implicit culture phenomenon. It reaches thegoal by building validated cultural constraints from obser-vations of situated executed actions, and presenting scenesto the agents such that their expected situated actions sat-isfy the cultural constraint.



3III. An Architecture for Implicit CultureSupportIn this section, we present a formal de�nition of implicitculture, a general architecture for Systems for Implicit Cul-ture Support (SICS) and one example.A. Basic de�nitions: scenes, situations and cultureLet agent name, object name and action name bestrings. We de�ne: the set of agents P as a set ofagent name strings; the set of objects O as a set ofobject name strings; and the environment E as a subsetof the union of the set of agents and the set of objects, i.e.,E � P [O.Let E be a subset of the environment (E � E) and s anaction name. 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 B � E . We de�ne:� a scene � as a pair hB;Ai where, for any � 2 A, arg(�) �B. � is said to be possible in �;� the scene space SE;A, as the set of all scenes.Let T be an enumerable and totally ordered set with theminimum t0. t 2 T is said to be a discrete time. 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 that aperforms � at time t;� an action � is a situated executed action if there exists asituation ha; �; ti, where a performs � at the time t and �is possible in �. We say that a performs � in the scene �at the time t.When an agent performs an action in a scene, the envi-ronment reacts by proposing a new scene to the agent. Therelationship between a situated executed action and a newscene depends on the characteristics of the environment,and in particular on the laws that describe its dynamics.We suppose that it is possible to describe such relationshipby an environment-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 + 1by the agent a.Figure 1 presents how the function FE works. Particu-larly, Figure 1.A shows the environment E in which threeagents a, b, and c face the scenes �t, �0t, and �00t respec-tively (the ellipses indicate the three di�erent situations).At time t the three agents perform respectively the actions�t, �t, and 
t (Figure 1.B). The function FE changes thescene so that at the time t + 1 the agents face the scenes�t+1, �0t+1, and �00t+1 respectively (Figure 1.C,D).While FE is supposed to be a deterministic function, theaction that an agent a performs at time t is a randomvariable ha;t that assumes values in A.Given an agent a 2 P and a situation ha; �; ti:
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Fig. 1. The environment E� 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 the sit-uation ha; �; ti, that is, E(ha;tjha; �; ti).A set of agents G � P is said to be a group. Givena group G = faig � P, we denote with the vector��t = f�t[i]g the actions they perform at time t respec-tively 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 af-ter the execution of ��t and with �et+1 = fet+1[i]g the vectorof expected situated actions at time t+ 1.Let L be a language used to describe the environment(agents and objects), actions, scenes, situations, situatedexecuted actions and expected situated actions. Let �0be an a priori theory that describes the environment andthe relations among agents and objects in term of actions,scenes, situations and situated executed actions.Given two groups of agents G and G0 we de�ne:� cultural constraint theory for G to be a theory expressedin the language L that predicates on the expected situ-ated actions of the members of G. If the expected situatedactions, estimated by the situated executed actions of G,satis�es the cultural constraint theory, then the theory issaid to be validated;� a cultural action w.r.t. G to be an executed action thatsatis�es a validated cultural constraint theory for G;� implicit culture to be a relation IC(G;G0) such that Gand G0 are in the relation if the members of G0 executecultural actions w.r.t. G without knowing the cultural con-straint theory for G.� an implicit culture phenomenon to be a pair of groups G0and G related by implicit culture.Notice that G and G0 can be in any relation in terms ofinclusion, and just as a special case they can coincide.B. The architectureThe main goal of a SICS is to establish an implicit cul-ture phenomenon. In the following we propose a generalarchitecture that allows to achieve such a goal by:
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Fig. 2. Architecture� elaborating a validated cultural constraint theory � froma given domain theory and a set of executed situated ac-tions 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 followingthree basic components:� an observer that stores in a data base (DB Observ.) thesituated executed actions of the agents of G.� an inductive module that, using the situated executed ac-tions in DB and the domain theory �0, induces a validatedcultural constraint theory �;� a composer that proposes to a group G0 a set of scenes��0t+1 6= ��t+1 = f�t+1[i] = FE (�t[i]; �t[i]; t)g such that theirexpected situated actions �et+1 satis�es �.In Figure 2, the composer proposes to the agents a, b,and c the scenes �t+1, �0t+1, and �00t+1, respectively. Noticethat in this case the agents b and c belong to both G andG0. This means that also their situated actions are storedin DB and thus they are used to elaborate the theory �and the new scenes.C. Market exampleLet us consider an environment Market in which thereis a set P of agents (buyers and seller) and a set of ob-jects O (books and money). Let A be a set of actions andSMarket;A be the scene space. In particular, we considerthe following actions:� ask(o,p): asking for object o at price p� o�er(o,p): o�ering object o at price p� buy(x,o,p): buying object o from agent x at price p� sell(x,o,p):selling object o from agent x at price pLet �0 be an a priori domain theory that states thatthe negotiation between buyer and seller must be success-fully concluded in one step. We use 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)that is, for any agents x and y, if at time t, x is facingscene �x (which contains y) and it asks for an object o atprice p1 and y is facing a scene �y (which contains x) andit o�ers the same object for the price p2 > p1, then at timet+ 1 there exists a price p3 at which x buys object o fromy in a scene �0x and y sells object o to x in a scene �0y.Let suppose that the inductive module of the SICS re-alizes that the negotiation between the buyer and selleralways takes more than one step, i.e. that �0 is no longersatis�ed. In order to avoid this, using the situated executedactions of the agents of G � P, the inductive module in-duces a cultural constraint theory � consistent with �0.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+1jhx; �0x; t+ 1i) = buy(y; o; p3))^(E(hy;t+1jhy; �0y; t+ 1i) = sell(x; o; p3))^p3 = 910p2: (4)that is, for any agent x and y of G if x asks for an objecto at price p1 and y o�ers the same object for the pricep2 > p1, then the expected situated actions for x and yare of buying object o from y and selling object o to x at910p2 respectively. 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 asks for abook for $100 and an agent b 2 G o�ers the book for $200.In this case, the implicit culture phenomenon is established(and also �0 is satis�ed) if at the time t = 2 agent a buysfrom b the book at $180 without needing to know that busually makes a reduction in price of 10%.In order to do this, at time t = 1 the composer observesthe two actions performed by a and b and using the situatedexecuted actions in DB composes two scenes �0a and �0b,respectively for a and b, such that the expected situatedactions for a and b satisfy the theory �. For instance, �0aand �0b could be two scenes in which a can ask for the bookfor $180 and b can o�er the book for $180, and for whichthe expected situated actions are:E(ha;2jha; �0a; 2i) = buy(b; book; 180)E(hb;2jhb; �0b; 2i) = sell(a; book; 180)



5The implicit culture phenomenon is obtained if a buys thebook from y 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 or sell the book.In this example, the SICS is used as a mediator betweentwo agents. Even if the mediation does not produce anagreement (i.e., a does not buy the book from b at $180),it has avoided to the two agents to contract the price. Thetwo agents can always start a negotiation, but now startingfrom $180.IV. Instances of Systems for Implicit CultureSupportA SICS based on our architecture enables an agent toperform a more e�ective behavior in a new environment.For instance, a SICS that intercepts the commands invokedby the users of a system can discover the printers that areused from a set of workstations, and prede�ne the aliasesfor a new user. Far from our simple example, instances ofSICSs can be found in components of existing systems. Inparticular, we show that a popular product recommender,a search engine, and a design support system have compo-nents that can be considered to be SICSs.Collaborative Filtering (CF) [4] can be seen as an in-stance of our architecture. The goal of collaborative �l-tering is information �ltering, namely to extract from ausually long list of items like links or products a small setthat matches the preferences of a user. Collaborative �lter-ing reaches the goal exploiting the preferences, expressedactively or passively by other users in terms of ratings.Recommendations are built given the correlations betweenpatterns of ratings on the items.In this case, the environment E is composed of 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) orbuy(item2), : : : etc., that the system assumes to be a ratingby associating, for example, buy(item1) with rating1. Wedenote the set of these actions by A. The a priori domaintheory �0 in the case of a collaborative �ltering system is: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 respectivelyand 8� 2 SE;A; 9K � G � P :8x; y 2 K (x 6= y);E(hx;tjhx; �; ti) = E(hy;tjhy; �; ti) (6)The �rst formula means that given a user there exists ascene such that the rating associated with the expected sit-uated action is a maximum. The second formula expressesthe notion that the preferences of the users cluster.In the case of model-based collaborative �ltering, theinductive module characterizes the sets K depending on the
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Fig. 3. Memory{Based Collaborative Filtering as a particular case.situated executed actions and adds the characterizations to�. Obviously, collaborative �ltering algorithms express thecharacterization in a non-logical form and sometimes noteven 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 = � isdirectly inserted into the composer.Our architecture covers collaborative �ltering as a specialcase. That means that collaborative �ltering establishesan implicit culture phenomenon. Leug has already notedthat the collaborative �ltering changes the social nature ofrecommendation [5].A rather popular application of collaborative �lter-ing is exploited in the site amazon.com. In thiscase, the system uses information about book ordersof past customers to suggest relevant products whena user is browsing the site. Related to collaborative�ltering is the DirectHit (www.directhit.com/ about/products/technology whitepaper.html) technology forsearch engines used in popular sites such as lycos.comand hotbot.com. The search engine intercepts the choicesof the bookmarks of the users, given a set of keywords, anduses this information for changing the ranking of book-marks on future similar searches. The performance of auser is improved by the knowledge of other users in a per-fectly transparent way. Finally, the Stamping Advisor sys-tem reported by Leake et al. [6] uses a Case Based Reason-ing engine in order to provide useful information for sup-porting stamping design activity in car manufacture. Theinformation is provided proactively with a \just-in-time re-trieval" without any need for a request by the user and thecases are collected as a by-product of the user's decisionmaking. The system maps to our architecture because theinductive module is realized by a CBR engine, and the ob-servations of scene and actions does not interfere with theactivities of the users.Our approach generalizes these instances in di�erent di-rections. First, we pose the implicit culture phenomenon inan agents framework and give the premises for exploiting



6it for arti�cial agents as well. Second, we generalize theforms of cultural constraints. Finally, the general form ofSICS supports a group of agents in an integrated way andnot only one by one.V. Related WorkDespite its centrality in Cultural Anthropology, the no-tion of culture resisted several attempts of de�nition. Fol-lowing the most accepted de�nitions, the concept of culturecovers almost all the activities that a group of humans un-dertake a particular geographic area, including material orsymbolic production. Obviously, we do not try to addressthe complete and complex cultural processes of a group ofagents but we limit our attention to actions and behaviors.In this regard (i.e., to observe the behavior in order to pro-vide a support) our approach is more related to the useof ethnographic methods for requirements speci�cation [7]rather than to Anthropology tout court.In Arti�cial Intelligence, there has been some attemptsto address cultural issues. Proposed by Reynolds et al. [8]Cultural Algorithms concentrate on the aspect of sharedknowledge of cultural phenomena. Strongly related to ge-netic algorithms,Memetic Algorithms (see for example [9])address the problem of evolution of culture in terms of evo-lution of ideas. The ideas, no matter which is their support,interacts one another and the interaction, via mutation orcross-over phenomena generates di�erent ideas. Finally,there has been the proposal of Arti�cial Culture [10] thatcan be seen as the natural evolution of the approach of Ar-ti�cial Life combined with multi-agent systems. The goal isto simulate cultural evolution in an environment in whichgroups of agents exchange products and communicate withone another.The main di�erence with the above approaches is thatwe are not trying to reproduce a generic cultural phenom-ena but only a cultural behavior. Moreover, our main issueis not simulative but rather to individuate an e�ective ar-chitecture for improving agent-based systems.Our architecture is also related to work done in the Adap-tive Interfaces area and to the notion of situated actionthat has a long history [11] and has originated strong de-bates [12]. The user-interface of a system is dynamicallychanged and the di�erent presentation is guided by the in-teraction history. We have already shown in Section (IV)how collaborative �ltering is an instance of the architecture.A strong correlation is also present with the wide area ofUser Modeling. User modeling deals with prototyped users'pro�les that are assigned with a user classi�cation process(for an application in e-commerce see for instance [13]).In contrast, our approach does not require classi�cation ofagents nor the building of abstract pro�les of their inter-actions. Our contribution is to emphasize the importanceof putting into a relation the behaviors of di�erent agentswithout requiring an explicit e�ort from them.VI. ConclusionsWe have introduced and de�ned the notion of implicitculture phenomenon showing how it can be useful in or-
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