
Probabilistic Reasoning in a Distributed Multi-Agent EnvironmentS.K.M. Wong and C.J. ButzDepartment of Computer ScienceUniversity of ReginaRegina, Saskatchewan, Canada, S4S 0A2fwong,butzg@cs.uregina.caAbstractIn this paper, a model is proposed for multi-agentprobabilistic reasoning in a distributed environment.Unlike other methods, this model is capable of pro-cessing input in a truly asynchronous fashion. Asyn-chronous control protocols and a method for processingevidence are developed to ensure global consistency atall times. The proposed system then extends beyond aninterpretive system since the now well-de�ned conceptof a distributed request can be introduced. Techniquesare also suggested to reduce data transmission in an-swering this type of request.1. IntroductionProbabilistic reasoning has become an accepted for-mulism for managing uncertain knowledge in a cen-tralized environment. There is, however, an emerginginterest in extending the probabilistic formulism intoa distributed multi-agent environment [8]. This en-vironment consists of multiple agents perhaps locatedat distinct sites. In this paper, we assume that eachagent's knowledge is represented by a Markov distribu-tion [3]. A system which accepts evidence and producesa higher level description of the environment is calledinterpretive. One such cooperative, interpretive systemwhich applies probabilistic techniques for managingun-certainty in a distributed multi-agent environment wasproposed [8]. That system, while innovative, exhibitsseveral undesirable characteristics including: (i) eachagent processes evidence and answers local probabilis-tic requests serially; (ii) each agent's knowledge baseis private. That is, the agents may share evidenceentering their respective local sites, but they do notshare their knowledge bases. Consequently, each agentcan only answer local requests. There is no conceptof a distributed request; (iii) the entire system has to

be brought o�-line periodically such that global con-sistency can be restored. Although techniques weresuggested to reduce this o�-line time, shutting downthe system even for a relatively short time could beunacceptable to many multi-agent systems.Aside from these undesirable characteristics, theclaim was made in [8] that the proposed system pro-cesses evidence \asynchronously". While the claim istrue, it should be somewhat quali�ed. Even though theagents process evidence \asynchronously" with respectto each other, each agent processes local evidence se-rially. More importantly, each agent only updates thelocal knowledge base and does not immediately shareevidence with the other agents. Thereby, knowledge in-consistency of two agents having unique belief on com-mon variables is allowed to occur. Thus, processingevidence in this \asynchronous" fashion avoids the fun-damental problem of concurrent access to one knowl-edge base, as well as leads to an inconsistent globalknowledge base.In this paper, we propose a multi-agent systemwhich maintains global consistency at all times. Asit may be necessary in many cooperative multi-agentsystems for one agent to access the knowledge base ofanother, we remove the restriction of private knowl-edge bases made in [8]. That is, we allow the agents toaccess the knowledge base of one another. The incon-sistency problems associated with asynchronous accessto a knowledge base must now be addressed. Asyn-chronous control protocols and a method for processingevidence are suggested to ensure global consistency atall times, without the need of ever bringing any agentin the system o�-line. By assuming public knowledgebases and maintaining global consistency, the conceptof a distributed request is now well de�ned extendingour model beyond merely an interpretive one. Tech-niques are developed to reduce the amount of datatransmitted between agents in answering distributedrequests.



This paper is organized as follows. Section 2contains background knowledge. Section 3 explic-itly demonstrates the inconsistency problems that mayarise from asynchronous access to a commonknowledgebase. Asynchronous control protocols are presented inSection 4. In Section 5, we suggest techniques for dis-tributed request processing and a method for process-ing evidence which maintains global consistency at alltimes. The conclusion is given in Section 6.2. BackgroundLet X be a frame. A joint probability distribu-tion [3, 5] � over X is a function on X assigning toeach element c 2 X a real number 0 � �(c) � 1 suchthat Pc2X �(c) = 1. A joint distribution � is called aMarkov distribution [3] if � can be factorized as:� = Qh2H �#hQl2L �#l ;where H is a hypertree (an acyclic hypergraph), L isthe corresponding intersection set, and �#h denotes themarginal distribution of � onto the subset of variablesh. In our earlier papers [6, 7], we have demonstratedthat the probabilistic model is a generalization of thetraditional relational database. That is, a joint distri-bution � can be represented as a relation �; the rela-tional operator product join � can be used to multiplytwo relations representing distributions; the relationaloperator marginalization # can be used to compute amarginal relation �#h representing the marginal distri-bution �#h. Most importantly, a Markov distribution� can be expressed as a relation satisfying a generalizedacyclic join dependency (GAJD) as follows:� = (: : : ((�#h1 
�#h2 )
 �#h3 ) : : :
 �#hn );where h1; h2; : : : ; hn is a hypertree construction order-ing [6, 7] for H = fh1; h2; : : : ; hng, and 
 is the gener-alized join operator de�ned as�#h1 
�#h2 = �#h1 � �#h2 � (�#h1\h2 )�1:Other important probabilistic notions such as localpropagation and request processing were expressed asrelational operations [7]. In this paper, we take fulladvantage of relational techniques to suggest methodsfor solving the inconsistency problems plaguing dis-tributed probabilistic systems.

3. Asynchronous Access May Lead to In-consistencyInitially, the local propagation techniques are ap-plied to bring the multi-agent system into a globallyconsistent state. (Global consistency can be viewedas all agents having the same belief on all commonvariables, and will be formally de�ned in Section 5.)The system is then ready for user interaction and sen-sory input. Whereas in [8], each agent processes in-put from its single user and multiple sensors serially,our extended relational model is capable of processinginput from multiple users and multiple sensors asyn-chronously. The situation is further complicated byassuming each agents knowledge base is public. Theobjective of this section is to explicitly demonstrate thetypes of problems that may arise once an agent extendsfrom processing input serially to processing input asyn-chronously. In the next section, asynchronous controlprotocols will be developed which will maintain globalconsistency.Sensory input or user interaction can be categorizedinto two cases, namely, collected evidence and prob-abilistic requests. Probabilistic requests involve onlyread operations on a knowledge base, while perform-ing belief update with collected evidence may requireread and write operations. In [8], processing evidence\asynchronously" means each agent processes evidenceserially and does not immediately pass the evidence tothe other private knowledge bases. In this paper, onthe other hand, the focus is on processing both evidenceand probabilistic requests in a truly asynchronous fash-ion. The following examples explicitly demonstrate thetypes of problems which may arise in meeting this ob-jective.It is important to note that if no asynchronous pro-tocols are present, inconsistency can arise from theasynchronous execution of the input only. That is, thisinconsistency is a result of executing the input asyn-chronously and is not a consequence of invalid input.Also, these examples introduce the concept of a trans-action. We will formally de�ne a transaction in thenext section, but for now a transaction can be sim-ply viewed as the necessary read and write operationsrequired to execute the input.Example Lost Evidence Consider the situation of a pa-tient undergoing two medical examinations: one for hisheart in the pulmonary ward and another for his lungsin the respiratory ward. Suppose we have a distribu-tion �#h on h = fheart; lungg for this patient as shownin Figure 1. The values 0 and 1 represent a negative,positive result, respectively. Let the input of the pul-monary ward be represented by transaction T1 and the



heart lung f�#fheart;lungg�#h = 0 0 0:20 1 0:21 0 0:31 1 0:3
Figure 1. A probability distribution �#h on h =fheart; lungg.input of the respiratory ward by transaction T2. LetT1 have the evidence heart = 0 while T2 has evidencelung = 0. If both transactions enter the system asyn-chronously, the following execution could occur:Read1(h);Read2(h);Write1(h);Write2(h):T1 �rst reads �#h, then so does T2. Transaction T1 thenenters its collected evidence and derives the distribu-tion (�#h)0 as shown in Figure 2 (left). It then writes(�#h)0 back to memory overwriting �#h. At the sametime, T2 enters its collected evidence and derives thedistribution (�#h)00 shown in Figure 2 (right). Transac-tion T2 then writes (�#h)00 back to memory overwriting(�#h)0. The result of this execution is as if only T2 hadentered evidence. However, the �nal result of all thecollected evidence regarding the patient should be thedistribution containing the single tuple < 0; 0; 1:0 >.That is, we have lost the evidence heart = 0 containedin T1. 2heart lung f(�#h)0 heart lung f(�#h)000 0 0:5 0 0 0:40 1 0:5 1 0 0:6
Figure 2. Distributions (�#h)0 (left) represent-
ing the evidence entered by T1 only, and(�#h)00 (right) representing the evidence en-
tered by T2 only.Lost evidence occurs when two transactions bothread the same current distribution and subsequentlyboth update the distribution.Example Single-agent Inconsistent Retrieval Considera distribution �#h on h = fx1; x2g as depicted in Fig-ure 3. Suppose one transaction T1 is computing themarginal of �#h onto a subset of variables fx1g, namely�#fx1g. After T1 starts reading tuples from �#h, anasynchronous transaction T2 updates �#h with evi-dence, say x1 = 1 and x2 = 1, by writing < 1; 1; 1:0 >and then writing the probability value for all other tu-ples to 0:0. That is, we have the detailed execution (we

omit the last three writes of T2):R1(< 0; 0; 0:1>);R1(< 0; 1; 0:2>);R1(< 1; 0; 0:3>);W2(< 1; 1; 1:0>);R1(< 1; 1; 1:0>);where R and W denote Read and Write, respectively.x1 x2 f�#fx1 ;x2g�#h = �#fx1;x2g = 0 0 0:10 1 0:21 0 0:31 1 0:4
Figure 3. A probability distribution �#fx1;x2g.That is, if T1 reads the �rst three tuples of �#h,then T2 updates the fourth tuple, then it is possiblefor T1 to compute the incorrect marginal distribution�#fx1g = f< 0; 0:3 >;< 1; 1:3 >g. 2Thus, an inconsistent retrieval may occur when aretrieval transaction reads some tuples in a distribution�#h (before another transaction containing collectedevidence modi�es the distribution) and subsequentlyreads other tuples which have been modi�ed.Example Global Inconsistent Retrieval Consider twoagents A1 and A2 in a multi-agent environmentA1; A2; : : : ; An. The knowledge bases of agents A1 andA2 represent the distributions �#h1 and �#h2 as shownin Figure 4.x1 x2 f�#h1 x2 x3 f�#h20 0 0:1 0 1 0:11 1 0:9 1 0 0:41 1 0:5
Figure 4. Probability distributions �#h1 (left)
and �#h2 (right) of agents A1 and A2.Suppose evidence x1 = 0; x2 = 0 is collected at A1,and belief update is performed by agent A1 on the lo-cal knowledge base only. Thus, the knowledge base ofthe multi-agent system is inconsistent. Suppose furtherthat the request p(x2 = 1) is issued by a user in themulti-agent system. If the request is submitted to A1,then the answer p(x2 = 1) = 0:0 will be returned. Onthe other hand, if the request is submitted to A2, thenthe answer p(x2 = 1) = 0:9 will be returned. The userwill not be con�dent that the answer to the request iscorrect. 2In the next section, asynchronous control protocolswill be developed to resolve the above problems. These



protocols maintain a consistent global knowledge baseand return correct answers to probabilistic requests.4 Asynchronous Control Protocols fora Multi-Agent SystemBefore introducing protocols to ensure global con-sistency, let us �rst clarify the key concept of a trans-action in our discussion. A transaction is a mathemat-ical structure which allows us to model asynchronousknowledge base operations for a given input. Asyn-chronous execution of several transactions are thenmodelled in a mathematical structure termed a his-tory. Properties which a history must satisfy in orderto ensure consistency are stated. In short, the e�ectsof an asynchronous execution of transactions must beequivalent to some serial execution of the same trans-actions. Finally, a practical method to implement thistheory is described. While vast amounts of research onconcurrency control exist in relational theory, the dis-cussion in this paper draws from Bernstein et al. [1].
4.1. Transactions and HistoriesThe central notion in our discussion on asyn-chronous access to a shared knowledge base is thetransaction. Each input, whether a probabilistic re-quest or collected evidence, is represented as a trans-action. The transaction is translated into the neces-sary read and write operations to be performed on theknowledge base. The agent must support Read andWrite operations to facilitate access to the knowledgebase. Read(X) (or R(X)) returns the distribution, de-noted �X , consisting of all tuple(s) and the associatedmarginalized probability value(s). Write(X; val) (orW (X; val)) will overwrite the distribution �X with thetuple(s) and the associated probability values in thenew distribution �X ). (We will write W (X; val) asW (X) if the actual distribution �X is unimportant.)An agent must execute the read and write operationsatomically. From this point of view, it seems as if theread and write operations are executed serially. In thepreviously proposed system [8], the operations must beexecuted in a serial fashion. However, in our model wecan execute knowledge base operations asynchronouslyto improve computer resource utilization and providefaster user response time. To ensure correctness, how-ever, the result of this asynchronous execution of theread and write operations must be the same as onefrom some serial execution of the same operations.The goal of controlling asynchronous access to ashared knowledge base is to ensure that transactionsexecute atomically. That is, the transactions must not

interfere with one another. In our asynchronous sys-tem, as read and write operations may execute in par-allel, we model transactions as partial orders. That is,a transaction need not specify the relative order of ev-ery pair of knowledge base operations that appear init. We denote the Read (or Write) issued by transac-tion Ti on the distribution �X by Ri(X) (or Wi(X)).For simpli�ed notation, we assume that no transactionreads or writes the same distribution �X more thanonce. (Note that none of the results in this discussiondepend on this assumption.) We now formalize theconcept of a transaction.De�nition 1 A transaction Ti is a partial order withan ordering relation <i, where(i) Ti � fRi(X);Wi(X) j �X is a distribution g;(ii) If Ri(X);Wi(X) 2 Ti then either Ri(X) <iWi(X) or Wi(X) <i Ri(X).To illustrate asynchronous control concepts, we cannaturally depict a transaction Ti as a directed acyclicgraph (DAG) with the arrows indicating the orderingde�ned by <i. That is, the arrows indicate the orderin which the knowledge base operations execute.The concept of a transaction allows us to modelasynchronous execution of the operations of a singletransaction. We now extend this idea to modelingasynchronous transactions. In other words, we can nowmodel asynchronous access of several transactions to ashared knowledge base. Similar to depicting the op-erations of a transaction, we represent a history as aDAG and do not depict arrows implied by transitivity.Consider the following three transactions:T1 = R1(X)!W1(X);T2 = R2(X)!W2(Y )!W2(X);T3 = R3(Y )!W3(X)!W3(Y )!W3(Z):A history H over fT1; T2; T3g may be depicted as theDAG shown in Figure 5.
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Figure 5. A history over three transactionsfT1; T2; T3g.



4.2. SerializabilityOur goal here is to de�ne when an asynchronousexecution of transactions is correct. Executing trans-actions asynchronously may lead to inconsistency (seeSection 3). These undesirable characteristics are en-tirely the result of the interleaving of the knowledgebase operations and are not the result of incorrecttransactions. The simplest solution to this problemis not to allow any interleaving of transactions andmerely execute the transactions serially as in [8]. Abetter solution is to permit asynchronous execution oftransactions and ensure that the result of this asyn-chronous execution of transactions is identical to theone obtained from some serial execution of the sametransactions. An execution of transactions is serializ-able if it returns the same distribution to the user andhas the same e�ect on the knowledge base as some se-rial execution of the same transactions. Since serialexecutions are correct [8], and serializable executionsof asynchronous transactions have the same e�ect assome serial execution, we conclude that serializable ex-ecutions are also correct. We now formalize these no-tions in terms of histories.In order to de�ne serializable histories, we �rst de-�ne the concept of equivalent histories as well as a serialhistory. We then introduce the notion of a serializablehistory.De�nition 2 Two histories H and H0 are equivalent,denoted H � H0, if(i) H and H 0 are de�ned over the same set of trans-actions and have the same knowledge base opera-tions; and(ii) For any conicting knowledge base operations Piand Qj belonging to transactions Ti and Tj , re-spectively, if Pi <H Qj then Pi <H0 Qj.De�nition 3 A history H is serial if for every twotransactions Ti and Tj that appear in H, either allknowledge base operations of Ti appear before allknowledge base operations of Tj or vice versa.Thus, a serial history can be seen as an execution oftransactions in some order [8].De�nition 4 A history H is serializable, if it is equiv-alent to a serial history HS .Determining whether an asynchronous executionof transactions is correct means determining whetherthe history representing the asynchronous execution oftransactions is serializable. The history is deemed se-rializable or not by examining a serialization graph de-rived from the history.De�nition 5 Let H be a history over T =fT1; T2; : : : ; Tng. The serialization graph (SG) for H,

denoted SG(H), is a directed graph whose nodes arethe transactions in T that are in H and whose edgesare all Ti ! Tj (i 6= j) such that one of Ti's knowledgebase operations precedes and conicts with one of Tj'sknowledge base operations in H.Theorem 1 [1] A history H is serializable i�SG(H) is acyclic.
4.3. A Locking Protocol for Implementing Serializ-

abilityA practical solution to multi-user access on anagent's knowledge base is to use locking. With thistool, each distribution (not necessarily marginal) has alock associated with it. Before a transaction Tj can exe-cute operations on the distribution, it must �rst controlthe associated lock. If another transaction Ti currentlycontrols the lock, then Tj must wait until Ti releasesthe lock. The concept of locking is used to ensure seri-alizable executions.Each distribution �X has two locks associated withit, namely a read lock operation Rl(X) and a writelock operation Wl(X). We denote transaction Ti ob-taining a read lock (or write lock) on the distribution�X by Rli(X) (or Wli(X)). In the situation where thetype of lock is not important, we will denote the lockoperation with O;P or Q. Transaction Ti obtainingan arbitrary lock on distribution �X is then denotedby Oli(X). (Note that we will sometimes write Rli(X)(orWli(X)) to denote the operation of setting the lock.The meaning will always be clear from the context.)An important concept to be used in locking is thatof two locks conicting. Two locks Oli(X) and P lj(Y )conict if i 6= j, X = Y , and at least one of Ol andP l is a write lock. Thereby, two locks on distinct dis-tributions do not conict, nor do two Read locks bydistinct transactions on one distribution, nor a readand a write lock on the same distribution held by thesame transaction.After a transaction T has performed its Read (orWrite) operation on the distribution �X , it thenreleases the lock, denoted by the unlock operationRui(X) (or Wui(X)).It is the responsibility of the agent to obtain andrelease the locks on behalf of the transactions. We arenow ready to describe a locking protocol called twophase locking which the agent can abide by to ensureconsistency.Two Phase Locking(i) When a transaction Ti intends to perform an oper-ation Pi(X) on a distribution �X , the agent testsif P li(X) conicts with another lock Qlj(X) that



is already held. If P li(X) conicts with any otherlock, then the agent delays Pi(X) until the con-icting lock is released. On the other hand, ifP li(X) does not conict with any other lock, thenthe agent sets P li(X) on behalf of Ti and executesthe operation Pi(X).(ii) Once a transaction Ti has released a lock, it maynot subsequently obtain any more locks on anydistribution.Part (i) of the two phase locking protocol ensuresthat conicting operations on a distribution are exe-cuted in the same order as the locks are obtained. Part(ii) is required to ensure that all pairs of conicting op-erations of two transactions are executed in the sameorder. Otherwise, transaction Tj may appear to pre-cede transaction Ti with respect to distribution �X ,yet follow transaction Ti with respect to another dis-tribution �Y . Such an execution is not serializable.Theorem 2 [1] Every two phase locking historyH is serializable.5 Processing Distributed Requests andEvidenceIn this section, we discuss some performance is-sues on answering probabilistic requests by stressingtheir importance in a distributed environment. In dis-tributed systems, the necessary data transmission be-tween agents should be minimized. We assume herethat transmission speeds may be orders of magnitudelower than the transfer rates between disks and mainmemory (i.e., local I/O operations). Therefore, it isimportant to reduce the data transmission costs in dis-tributed request processing. We conclude by introduc-ing a method for processing evidence which maintainsglobal consistency at all times.There are two classes of probabilistic requests,namely, unconditional and conditional. Conditionalrequests involve selection of certain con�gurationswhereas unconditional requests do not. It is straight-forward to adopt the centralized processing techniquesfor unconditional requests p(xa; : : : ; xd) [7]. Hence, wefocus the discussion on the more interesting techniquesfor conditional requests.
5.1. Conditional Request ProcessingConditional requests involve selection of certain tu-ples in computing the answer. In this section we willpresent a request processing technique to reduce theamount of data transmitted between agents in answer-ing conditional probabilistic requests.

Consider what is involved in computing �h 
 �kto answer a conditional probabilistic request where �hand �k represent the knowledge bases of two di�erentagents. One agent could transmit the entire distribu-tion to the other, which could then compute the an-swer. However, since the generalized join operator 
 isde�ned in terms of the product join operator � (whichis partly de�ned [7] in terms of the natural join opera-tor ./), we can take advantage of the query processingtechniques developed for standard relational databasesto answer conditional probabilistic requests.In the following de�nition, �X [Y ] denotes the pro-jection [4] of the distribution �X onto the set of at-tributes Y � (X [ ff�Xg).De�nition 6 Let �h and �k be two distributionson h and k respectively. The semijoin of �h with�k, denoted �h � �k, is the distribution (�h ./�k)[h [ ff�hg]. That is, �h � �k are the tuples inthe distribution �h that are joinable with tuples in thedistribution �k.Note that the entire distribution �k is not requiredin computing �h � �k because:�h � �k = (�h ./ �k)[h [ ff�hg] = �h ./ �k[h \ k]:Now the useful property of semijoin is that �h ./ �k =(�h � �k) ./ �k. Thereby, computing �h ./ �k as(�h � �k) ./ �k in step (i) of product join [7] willreduce transmission costs between agents whenever �hhas a greater cardinality than that of �k[h \ k] and�h � �k together.Example Consider a Markov distribution � de�ned on ahypertree H = fh1 = fx1; x2; x3g, h2 = fx3; x4; x5gg,namely, � = �#h1 
 �#h2 , where �#h1 and �#h2 arethe marginal distributions represented by the knowl-edge bases of agents A1 and A2 as shown in Figure 6.Suppose that the probabilistic request p(x1; x3; x5 jx2 = 0; x4 = 0) is issued by a user at A2. Agent A1could transmit the entire distribution �#h1 to A2 whichwould then compute the answer to the probabilistic re-quest. However, the request can be answered more ef-�ciently using the semijoin operation. First each agentperforms local processing to reduce the tuples involvedin answering the request. The resultant distributions,called views [4] in the relational model, are shown inFigure 7.Agent A2 next transmits (�#h2 )0[h1 \ h2] =(�#h2 )0[x3] to A1. Agent A1 computes the distri-bution (�#h1)00 which is the semijoin of (�#h1 )0 and(�#h2 )0, namely, ((�#h1 )0 � (�#h2 )0) shown in Figure 8,and transmits it to A2. Agent A2 computes (�#h2 )00which is the semijoin of (�#h2 )0 and (�#h1 )00, namely,(�#h2 )0 � (�#h1 )00 as shown in Figure 9. Finally, agentA2 answers the conditional probabilistic request with



x1 x2 x3 f�#h1 x3 x4 x5 f�#h20 0 0 0:1 0 0 1 0:11 0 1 0:2 1 1 2 0:22 1 2 0:3 2 0 3 0:33 2 3 0:4 3 1 4 0:4
Figure 6. Distributions �#h1 (left) and �#h2
(right) of agents A1 and A2.x1 x2 x3 f(�#h1 )0 x3 x4 x5 f(�#h2 )00 0 0 0:1 0 0 1 0:11 0 1 0:2 2 0 3 0:3
Figure 7. Applying local processing on distri-
butions �#h1 (left) and �#h2 (right) in Figure 6.(�#h1 )00 
 (�#h2 )00. 2 x1 x2 x3 f(�#h1 )00(�#h1 )00 = 0 0 0 0:1
Figure 8. The semijoin of (�#h1 )0 and (�#h2 )0,
namely, (�#h1 )00 = (�#h1 )0 � (�#h2 )0.The important point is that no marginal distributionwas transmitted in its entirety even though the multi-agent system is globally consistent.

5.2. Maintain Global Consistency While Processing
EvidenceIn [8], the method for processing evidence may leadto global inconsistency. In this section our goal is todevelop a method for processing evidence which main-tains global consistency at all times. The proposedmethod for maintaining global consistency takes ad-vantage of the following theorem which relates pairwiseconsistency and global consistency in a hypertree.Theorem 3 [2] Let X be a set of variables.Let H = fh1; h2; : : : ; hng be a hypertree such thatSni=1 hi = X. Let �hi be a probability distributionover hi such that the distributions are pairwise consis-tent (i.e., �#hi\hjhi = �#hi\hjhj , for each pair hi; hj withhi \ hj 6= ;; i 6= j). Let L = fl2; l3; : : : ; lng be the in-tersection set of H and �#lihi be the distribution over licomputed from �hi for i = 2; 3; : : : ; n. Then there ex-ists a unique joint probability distribution � such that

x3 x4 x5 f(�#h2 )00(�#h2 )00 = 0 0 1 0:1
Figure 9. The semijoin of (�#h2 )0 and (�#h1 )00,
namely, (�#h2 )00 = (�#h2 )0 � (�#h1 )00.�#hi = �hi for each hi.Theorem 3 states that maintaining pairwise consis-tency on a hypertree ensures global consistency. Inother words, the distribution represented by the knowl-edge base of each agent is in fact a marginal distri-bution derived from the same joint probability distri-bution. Thereby, since our multi-agent system is de-�ned on a hypertree, global consistency can be achievedby developing a method for processing evidence whichmaintains pairwise consistency.The method for processing evidence which main-tains pairwise consistency is now described. Let �#hibe the marginal distribution represented by the knowl-edge base of agent Ai. Let C be the set of con�gura-tions to be deleted from �#hi as a result of the collectedevidence. Let Y � hi be the set of variables which arealso represented in the knowledge base of at least oneother agent. For each c 62 C:�0hi(c) = �hi (c) +( Xc02C;(c0)#Y =(c)#Y �hi(c0))( �hi(c)Pc0 62C;(c0)#Y =(c)#Y �hi (c0) );if Xc0 62C;(c0)#Y =(c)#Y �hi(c0) > 0;where (c)#Y denotes the Y-tuple [4] obtained by delet-ing the values of the variables in hi and not in Y . Deletethe set of con�gurations C from �#hi .Let us now demonstrate that performing belief up-date in this fashion maintains a pairwise consistentknowledge base. By the above construction, it can beshown that: �0hi (c)Pc0 62C �0hi(c0) = �hi (c)Pc0 62C �hi(c0) :Hence, pairwise consistency is maintained after the ev-idence has been processed by agent Ai. That is, forany knowledge base hj with hi \ hj 6= ;, the equality((�#hi )0)#hi\hj = (�#hj )#hi\hj still holds. By Theorem3 then, the knowledge base of the entire multi-agentsystem remains globally consistent.Example Consider a multi-agent system consisting ofthree agents A1; A2, and A3 with respective knowledge



bases depicted in Figure 10. Suppose A2 collects evi-dence and consequently must delete the con�gurationsC = f< 0; 1; 0; 1 >;< 0; 1; 1; 1 >g. The set of vari-ables that are also represented in the knowledge basesof at least one other agent is Y = fx2; x5g. The re-sulting marginal distribution (�#h2)0 obtained by theproposed method for processing evidence is shown inFigure 11.x1 x2 f�#h1 x2 x3 x4 x5 f�#h20 0 0:1 0 0 0 0 0:050 1 0:2 0 0 0 1 0:0251 0 0:3 0 0 1 0 0:051 1 0:4 0 0 1 1 0:0750 1 0 0 0:050 1 0 1 0:050 1 1 0 0:050 1 1 1 0:051 0 0 0 0:11 0 0 1 0:11 0 1 0 0:1x5 x6 f�#h3 1 0 1 1 0:10 0 0:2 1 1 0 0 0:050 1 0:3 1 1 0 1 0:051 0 0:3 1 1 1 0 0:051 1 0:2 1 1 1 1 0:05
Figure 10. Marginal distributions represent-
ing the knowledge bases of agents A1 (top
left), A2 (right) and A3 (bottom left).It can easily veri�ed that the proposed method forprocessing evidence maintains pairwise consistency. Asour multi-agent system is de�ned on a hypertree, byTheorem 3 the knowledge base is also globally consis-tency. Assuming public knowledge bases and main-taining global consistency at all times allows the in-troduction of distributed requests into the distributedprobabilistic reasoning framework, as well as ensuringthat all agents have consistent belief on all commonvariables.6 ConclusionIn this paper, a model was proposed for multi-agentprobabilistic reasoning in a distributed environment.Unlike other methods [8], this model is capable of pro-cessing input in a truly asynchronous fashion. Asyn-chronous control protocols and a method for processingevidence are developed to ensure global consistency atall times. The proposed system then extends beyond
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Figure 11. The marginal distribution (�#h2 )0
representing the knowledge base of agent A2
after the evidence has been processed.an interpretive system since the now well-de�ned con-cept of a distributed request can be introduced. Tech-niques are also suggested to reduce data transmissionin answering this type of request.References[1] P. A. Berstein, V. Hadzilacos, and N. Goodman. Con-currency Control and Recovery in Database Systems.Addison-Wesley, Don Mills, Ontario, 1987.[2] A. Dawid and S. Lauritzen. Hyper markov laws in thestatistical analysis of decomposable graphical models.Ann. Stat., 21:1272{1317, 1993.[3] P. Hajek, T. Havranek, and R. Jirousek. UncertainInformation Processing in Expert Systems. CRC Press,1992.[4] D. Maier. The Theory of Relational Databases. Prin-ciples of Computer Science. Computer Science Press,Rockville, Maryland, 1983.[5] J. Pearl. Probabilistic Reasoning in Intelligent Systems:Networks of Plausible Inference. Morgan KaufmannPublishers, San Francisco, California, 1988.[6] S. Wong. An extended relational data model for prob-abilistic reasoning. Journal of Intelligent InformationSystems, 9:181{202, 1997.[7] S. Wong, C. Butz, and Y. Xiang. A method for imple-menting a probabilistic model as a relational database.In Eleventh Conference on Uncertainty in Arti�cial In-telligence, pages 556{564. Morgan Kaufmann Publish-ers, 1995.[8] Y. Xiang. A probabilistic framework for cooperativemulti-agent distributed interpretation and optimizationof communication. Arti�cial Intelligence, 87:295{342,1996.


