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Abstract

Recent advances in cooperative knowledge-based systems (CKBS) offer signif-
icant promuse for intelligent interaction between multiple Al systems for solving
larger, more complex problems. In this paper, we propose a logical, qualitative
problem-solving scheme for CKBS that uses social choice theory as a formal basis
for making joint decisions and promoting conflict resclution. This scherne con-
sists of three steps, namely, (1) the selection of decision criteria and competing
alternatives, (2) the formation of preference profiles and collective choices, and
(3) the negotiation among agents as conflicts arise in group decision making. In
this paper, we focus on the computational mechanisms developed to support steps
(2) and (3) of the scheme. In addition, the practicality of the scheme is illus-
trated with examples taken from a working prototype dealing with collaborative

structural design of buildings.
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1 Introduction

Knowledge-hased systems are software systems which apply artificial intelligence (Al) to problem-
solving and decision-making tasks. Applications can be found in many areas such as business,
science, engineering, and the military. Most knowledge-based systems today are developed to stand
alone, thus, their reasoning methods are bounded by a single, monolithic conception of knowledge
and action. This inherently limits the scale and the complexity of the problems they can solve.

To solve larger, more complex problems, we must break away from this monelithic concep-
tion of problem solving and have knowledge-based systems interact intelligently with each other
and/or human users in solving problems beyond their individual scopes. Research into cooperative
knowledge-based systems (CKBS) - a group of knowledge-based systems or agents that cooperate
with each other and/or human participants to solve problems which require their combined exper-
tise and resources - offer significant promise. Since cooperating agents differ in information content,
internal structure, and inference ability, they rarely have consistent viewpoints on mutual problems.
Often, agents resort to negotiation with each other in order to reach consensus. Further, the com-
putational speed-up may be a favorable side-effect, but is not the primary objective of cooperative
knowledge-based systems. This sets apart projects of cooperative computing from other projects
that solely aim to increase the computation speed through parallel or distributed processing of Al
programs,

Experimentation dominates current CKBS research. This indicates that this research is in its
infancy. Recent surveys on the activities of this field are in [16, 12]. In this paper, we propose a new
cooperative problem solving scheme that uses the social choice theory as a formal basis for making
joint decisions and promoting conflict resolution. In particular, we focus on the logical, qualitative
aspects of cooperative decision making.

This work is application-driven. The scheme originated from efforts in the NSF Center of
Advanced Technology for Large Structural Systems (ATLSS) at Lehigh University to study the
principles and theories behind cooperative problem solving and to use them to guide the systematic
development of computer-integrated construction systems [2]. The scheme has been implemented
in a distributed knowledge-based system prototype, Building Design Network (BDN), for the
preliminary structural design of buildings by three human participants: the designer, the fahricatar,
and the erector, who make joint design decisions [29]. Roughly, a preliminary design problem can
be described as the tasks of generating several design alternatives and of selecting the best of
Lthese competing alternatives. Preliminary design exhibits many unfavorable conditions for applying

prevalent decision theories.



First, credible, well-behaved quantitative data about competing alternatives is difficult to
obtain in practice, and such data is unlikely to be applicable after the addition of new facts or
rules into the existing knowledge bases. Most decision theories, such as utilities theory [33], fuzzy
logic [34], evidence thenry [26], and probabilistic reasoning [22], however, depend on the availability
of such data to various degrees. Second, a design decision i5 ideally a collective one involving
participants with different responsibilities and specialities. In contrast, most decision theories focus
on decisions involving the choices of only one agent or the outcomes determined by that agent’s
choices and background knowledge. Third, agents and participants are required to work together
to make collective choices. This, incidentally, differs from competitive game theory [8, 33]. Games
are decision-making situations that always involve more than one agent, but they do not count
as group decisions because each agent chouses an action with the aim of furthering individual
goals, not mutual goals. A further distinction is that the cooperating agents are sincere in sharing
knowledge, whilst the competing agents tend to hide their reasoning and motives {rom one another.

BDN agents are physically connected by a network and communicate with each other by passing
messages. Lach of these agents contains knowledge on a speciality, that is, design, fabrication, or
erection of the building. Each of them alsu interacts frequently with its participant as well as other
agents to solve the problems together, either in real time or by electronic mail. The knowledge
hase of every agenl is written predominately in Prolog [4] and is partitioned into four knowledga
modules that can be run concurrently. The functions of these modules are briefly described as

follows:

+ The base-level knowledge module models twa things: (i) the local agent’s expertise, prefer-
ences, and inference rules, and (ii) the physical components and properties of the building
structure to he designed. The knowledge in this module is represented using an object-based
semantic network [30, 29], which encompasses production rules, relations, and objects in its

datla structures,

¢ The strategic knowledge module includes a set of problem solving strategies and methods at
hoth local and group levels. The preference scheme discussed in this paper resides in this
module. This module and the base-level knowledge module form the core reasoning engine of

the local agent and operate as one computational process.

» The communication knowledge madule functions as a knowledge server hetween the local
agent and other agents in the network. It contains communication strategies that keep track

of message transactions with remote agents and govern the interaction between agents, e.g.,



to whom to send a message and which message to interpret first when multiple messages are
received. It also has transiation rules that convert the content of external messages into an
internal data structure, and vice versa. This module is an independent computational process.

The details of this module are described in [31].

+ The user-interface knowledge module contains facilities that support a variety of wavs for
the user to inspect the knowledge represented and to observe the information processed.
These include: the display of the inference steps of the agent, the iconic and graphical
representations of the knowledge base for direct manipulation, and the backtracking of the
justifications of the derived conclusions. This module of the local agent runs separately from

the other three modules of the agent. The paradigm for constructing the interface facilities

can be found in [32, 29]

The organization of the remainder of this paper is as follows. Section 2 outlines the aperational
steps of the decision-making scheme. Sections 3 and 4 present the constraints and strategies
developed to derive preference orderings of design alternatives. In Section 5, we describe the
supporting facilities for the negotiation of preferences between agents. The last section concludes

this work and mentions possible future work.

2 Cooperative Decision Making Steps

This scheme considers the problem of cooperation, such as in building design, as a decision-making
problem. As shown in Figure 1, the scheme tackles such a problem with three operational steps,
namely, identification, processing, and negotiation. In this figure, the arrows indicate the flow of
information, and the symbol €% means that two or more knowledge modules together derive one or

more outcomes directly. We describe each of these steps in the following subsections:

2.1 Identification

This step consists of (i) identilying a decision agenda which contains a set of criteria, the order of
their importance, and the names of agents to which criteria are of concern; (ii) selecting a set of
competing alternatives; and (iii} deriving a set of ordering relations between some pairs of these
alternatives. Criteria are defined as the particular aspects of the alternatives that are correlated
with the desired ontcome of the alternatives. They are different from objectives. The latter are
directly connected with the desired outcomes, but the estimation of these will he generally fuzzy.

Cousider, as an example, the design of beam-column connections for a building. Let the desired



outcome be a very profitable project. Correlated with this outcome, “having a fast return on
investment” may be the first financial objective. The statement, “the designer knows that welding
for building connection is cheaper than bolting,” is a criterion concerning the cost between two
competing methods of connection: welding and bolting. But because its evaluation will be more
accurate than the fuzzy evaluation of the financial objective (fast investment return), it is likely to
be more important in decision making.

Moreaver, criteria are of concern to individual agents of particular specialities, i.e., they are
evaluated according to individual perspectives. Considering the connection design of buildings, a
designer would be interested in criteria such as strength and stiffness of connections; a fabricator
would be concerned with the difficulties and costs of fabricating parts; and the erector would WOITY
about the labor costs and safety when erecting the structure in the field.

Agents derive competing alternatives of a problem from individual base-level knowledge mod.
ules, Depending on the adequacy of these knowledgs modules, sometimes, the cooperating agents
may have to communicate with each other to identify a common set of competing alternatives. In
contrast to the usc of cardinal ratings in most decision theories, an agent applies the heuristic rules
of its knowledge base to derive some initial preference expressions for its criteria. These expressions
are ordering relations for pairs of alternatives. We consider two types of ordering relations, that is,
for two alternatives = and v, an agent either prefers T to y, ¥ to z, or is indifferent between z and
¥ Moreover, we assume that preference and indifference are mutually exclusive and exhaustive for
any set of competing alternatives, These expressions provide a compact way to represent individueal
viewpoints on various criteria.

If one takes only the viewpoint of social choice theary, cardinal ratings would work hetter than
preference expressions. Furthermore, these hinary, ordinal expressions can he derived from cardinal
ratings. In the context of cooperative decision making, however, the real matter is not whether
ordinal relations or cardinal ratings would work better. It is whether the expressions or ratings
can be systematically derived, and at the same time, their justifications can be readily retrieved
during cooperation. The reason is that, for nou-trivial problems, it is unlikely that the knowledge
ol cooperating agents is complete and is consistent with one another. During the operation, agents
wemld have to ncgoliale over possible conflicts and to obtain new or missing information from
the human participants. In other words, one should avoid the black hox approach to cooperative
decision making.

To further illustrate the point of explicit background knowledge, we sketch, in the folluwing,

certain shortecomings of an earlier attempt by our center to tackle a simpler design problem of BDN



using pre-defined cardinal ratings.

« Extensibility
The ratings of the earlier prototype are magic numbers provided by the domain experts. This
works reasonably well for a few alternatives, but does not scale up. The domain experts are

unable to come up with credible ratings for a larger set of alternatives.

« Explanation
The ratings are pre-defined. These ratings give the potential users a false sense of security,
because it is impossible to capture the design intention with a set of fixed numbers on

the alternatives. The real-world users would demand the justifications of any choice beyond

ratings.

o Flexibility
Design is an open problem, and the priorities of design alternatives would vary with situa-
tions. The pre-defined ratings lack the flexibility to deal with realistic design problems. In
contrast, the proposed scheme provides a structure for the users to retrieve the background
justification of an expression and to discuss the credibility of thal justification for updating
purposes. The updating of background knowledge is outside the scope of this paper, however,

Section 4 discusses the revision of preferences.

Our experience indicates that the knowledge needed to derive binary, ordering relations is much
easier o acquire than the knowledge to assign credible, quantitative data. This motivates the use of

preference expressions in our scheme.

2.2 Processing

Figure 2 illustrates a more detailed information flow of the processing step. A processing step
consists of two parts. In the first part, for every criterion, a complete set of preference expressions
15 deduced. that is, all pairs of competing alternatives are related. This complete set enables
the formation of a linear ordering of alternatives regarding that criterion. The formulation of
an individual ordering is based on initial preference expressions (generated in the identification
step) and certain properties or constraints of these expressions such as symmetry, transitivity,
and reflexivily. As an example, suppose that r,y,z are members of competing aiternatives of a
criterion. If an agent prefers  to y and y to z, then it prefers z to = by transitivity. Or, if another

agent is indifferent between r and y but prefers y over =, then one can say that it should also prefer



z aver z. The set of individual orderings of all criteria — a preference profile - reflects distinct, and

sometimes conflicting, viewpoints of the agents over the outcome.

-

Thus, preference constraints provide a logical way to derive missing information from an
initial set of preferences. This differs from quantitative methods such as cardinal ratings in which
unknown ratings are often not derivable from known ones. Sometimes, the preference expressions
of certain criterion may remain incomplete even through all known preference consequences are
deduced. This scheme resorts to certain heuristic to complete the set.

In the second part of the processing step, the set of individual orderings is combined to
form an aggregated ordering. The top ranked zlternative(s) of the ordering thus constitute a
recommended solution. Such a solution 5 called 2 collective choice in the social choice theory
(1, 24]. Aggregation is normally invelved in the social choice literature with the objective of finding
an optimal choice. Many sophisticated mathematical techniques, particularly in operation research,
have been developed to attain this goal.

The preference scheme, however, embarks on a different path from this tradition. Instead, it
proposes to use the result of aggregation mainly as feedback to the cooperating agents, who then
decide whether to endorse the choices or to negotiate over conflicts. For applications which do not
have established methods of aggregation (which is likely to happen as little is known about the
cooperative behavier of several agents with different specialities and perspectives), the use of a
default method is necessary. There are many standard aggregation methods [25]. One of them, the
simple majority rule which states thal all criteria are of equal weight and thus have equal votes, is
adopted as a default method in the scheme. This method, however, does not imply that all agents
have equal voting power. The voting power of an agent on a particular problem is proportional
to the number of its criteria listed in the problem agenda. In addition, when the criteria are of
different importance, the weight majority rule is applied instead [25].

The preference profiles and aggregated orderings are common knowledge among ail agents.
Every agent allocates a working space on its terminal screen to display and manipulate such

common knowledge in real time. This interface is essential in the negotiation step, which is

disenssed next.

2.3 Negotiation

By negotiation, we mean a discussion in which the intended agents exchange information and come
to an agreement over conflicts, The negotiation step is essential for cooperative problem solving

from both the standpoints of social choice theory and knowledge-based systems.



First of all, in social choice literature, every existing aggregation method is bound to face
some lechnical problems and controversy. A negotiation step is included to allow the agents to
discuss with each other as such disputes arise. Second, the explicit representation of all relevant
knowledge into computational agents is more a working hypothesis than a reality. As a whole, the
agents would only contain partial knowledge of the problem domain. Further, the knowledge of
these agents is normally acquired from experts of different specialities. Hence, it is likely that the
agents would have conflicting opinions and knowledge. In this respect, the purpose of negotiation
on preferences is to compensate for the incompleteness and inconsistency of knowledge by holding
discussions with a focused agenda.

In cooperative problem solving, it is assumed that the conflict is good. It is assumed that
agents, when faced with conflict, will share information about their preferences, about why they
have these preferences, and then search out other alternatives which satisfy the criteria of as Mmany
agents as possible. The result will be a high quality decision from the point of view of the overall
problem.

In BDN, an agent initiates a negotiation session whenever its index of negotiation exceeds
the threshold value. (Scheduling is required if more than one agent complain at the same time.
Needless to say, the users can also initiate ncgotiation sessions.) The process of negotiation,
however, is driven by human participants and thus is not automatic. Qur design philosophy is ta
assist the users to make better joint decisions, not to dictate the solutions of decision problems.

Suppose that a participant disagrees with a collective choice. He ean probe into the preference
prafile to find disagreeable preference expressions, query particular agents for justifications, discuss
with other participants over the network, and reach an agreement or compromise using certain
resolution strategies. As a result, the participants may also modify the knowledge bases of their
agents in the process. (Again, only the revision of preference expressions and orderings is discussed
in this paper.) A new aggregated ordering and a new collective choice are derived after every
negotiation session. Any agent still not satisfied with the choice (measured by its new negotiation
index) can initiate another session of negotiation. Since the breaking off of negotiation is considered
non-cooperative, we shall not be concerned with this behavior here.

Effective strategies for conflict resolution are needed in negotiation. Usually, these strategies
depend on the applications and organizational structures [20, 17, 18]. In BDN, the predominant
mode of conflict resolution is the use of bLargaining or compromise, i.e., the participants push for
acceptance of the alternative which is preferred by their criteria and occasionally give in by making

incremental changes to their preferred alternatives. Occasionally, forcing is used to back up the



bargaining approach when lack of agreement stymies the group, ie., a participant may have a
position of power or knowledge to force a preferred alternative on the rest of the group.

Generally speaking, the forcing of agreement is one of the cardinal sins of social choice theory.
However, when a decision must be reached after a long deadlock in negotiation, it is a common
practice in human organizations for the one who is accountable to make the final choice. In the
domain of building design, the designer is the one who is accountable for the entire building

structure by law. Thus, the designer is given the authority to force agreement in BDN.

3 Preference Constraints

Let S be a set of alternatives for a problem. We use the expression Pla,7,7,¥) to mean “agent a
prefers » to y in criterion i and f{a,7,z,y) to mean “agent a is indifferent between z and ¥ in 4.7
The preference and indiflerence constraints of the scheme are stated explicitly as follows:

For any ,v,z € §, any agent a, and any criterion 1,

Constraint 1 [Heflezive and Symmeiry)
i I{a,i,z,x)

2 Ia,i,z,y) > I{a,i,y,x)

Constraint 2 {Asymmetry)
1. Pla,i,z,u) 2 ~Pla,i,y,z)
2 Pla,i,z,y) D —~I{a,i,z,y)
3 Ha,i,z,y) 2-Pla,i,z,y)
4. Ha,i,z,y) 2 ~Pla,i,y,z))

Constraint 3 (Conneclivity)

I FPla,z, v Flany,z) v o,y

Consiraint 4 [ Transitivily)

oy

e,y a Ma,d,y,2) D Hle,d,x,2)

b

Pla iz, vl n Plad,p2) 2 Plad,z,2)
3 Pla,t,x,y)n Ia,i,y,2) 2 Ple,i,z,2)
4. fa,,z.9)n Pla,s,y,2) 2 Ple,t,z,2)

The scheme is implemented i BDN using the logic programming language Prolog. For general-

ity, we describe the preference scheme in formal logie. The heuristic rules for deriving preferences



and the set of preference constraints are indeed analogous to the Horn clauses of logic. Note that
we say ‘analogous’, not ‘equivalent’, because of the order in which predicates are evaluated and
because of possible side-effects of Prolog computation.

Basically, the constraints say that (i) preference is irreflexive, asymmetric, and transitive: (ii)
indifference is reflexive, symmetric, and transitive; and (iii) preference (for z over y or for y over
z) and indifference are mutually exclusive and exhaustive. These constraints are not independent
as asymmetry and connective constraints are interrelated. For practical purposes, however, they are
made explicit in the discussion,

The connectivity constraint states that any two competing alternatives z and y must be related
in one preference expression but not both. We regard such a constraint as an ideal which we
should aim for in making important decisions. Nevertheless, humans fail from time to time to
have connected preferences; especially when many alternatives must be evaluated at once and our
concenlration becomes overtaxed. Such a phenomenon can be explained by the structure of human
memory [13]. It has long beer known that the human brain possesses a short-term memory that
allows the storage, for a limited time, of a limited number of items for immediate use. We also
possess a long-term memory, which stores far more items in a lifetime. However, when these data
have to be retrieved, it is through a linear chain of associations, and the process for retrieval can be
relatively long and somewhat painful. Try, for instance, to remember a birthday once forgotten.

Qften, the quantity of information required in making complex decisions is too large to allow
simultaneous treatment by short-term memory. There is no clearly dominant method allowing us to
retrieve information quickly. That is why people tend to confine their decision choices to a small
set of alternatives. Maybe our inability to solve bigger problems is largely due to the limitations of
short-term memory. Representing large amounts of rules and facts in knowledge-based systems with
# fast retrieval information capability is a promising means to alleviate such decision problems.

Transitivity holds for all competing alternatives. For example, if one prefers ice tea to a milk
shake and a milk shake to ice cream, then one prefers ice tea to ice cream. Or in choosing a
graduate school, if one prefers computer science to law and is indifferent between law and medicine,
then one prefers computer science to medicine. Humans, however, do not alwaye have transitive
preferences. When one adds small amounts of sugar to successive cups of coffee in such a way that
the increments in sugar levels between adjacent cups are not detectable, then one can set up a
sequence of cups of coffee with this property: people will be indifferent between adjacent cups, but

not between the first and last. Does this mean that the assumed constraint of the transitivity of

indifference is false?



The point, however, is that the transitivity constraints characterize the preferences of an
ideally rational agent. Humans fail the constraints because we fall short of that ideal, by lacking
sufficiently refined tastes to detect the difference of “sweetness” between adjacent cups as in the
above example. But rather than dismiss the transitivity constraints, we should take steps, when
a decision is important, to emulate ideal agents more closely. For example, we could use chemical
tests to determine the relative sweetness, if the decision is important enough to be treated carefully.
Thus, we should try for transitive preference orderings when and where we can in desigaing
intelligent systems, because transitive preference orderings organize preferences into a simple and
tractable structure.

A preference ordering is the ranking of equivalent classes of alternatives with respect to [.
These equivalent classes are also called indifference classes. They are so called because the agent
is indifferent to alternatives in the same classes but prefers alternatives in one class to those in a
different class, That iz, one indiflerence class ranks above another if its members are prelerred Lo

those of the other, The following example illustrates this.

Example 3-1

Suppose agent a's preferences among six alternatives -y, 72,33, T4, T5, and 15 — with respect to
criterion 1 ave: Jla, 1,1y, 7), Ple, i, 22, 23), Pla, i, x5, 24), f{a, {24, 25), and I{a,1, 5, z5).

The transitivity constraints permits the agent to derive additional information from the preferences
given. For example, Constraint 4.1 yields /{a,i, x4, 74} and Constraint 4.4 vields Pla,i,z,,z3). This
additional information tells the agent that the alternatives divide into the following ranked (lincar
ordered) indifference classes: (1) <&y, 22>, (2} 23, (3) < 24, 25,26 >, The notation < z, y> means
that = and g are of the same equivalent class with respect to [. Note that only positive preference

expressions are used in deriving the preflerence ordering.

4 Preference Sets

This section presents the static and dynamic properties of the preference sets and discusses an

agpregation method of prelerences.

4.1 Static Properties

Let M he a set of preference expressions for pairs of alternatives in 5 of agent @ and criterion . Let

e, i, 2,9} stand Jor eithier Pla,i,e,y) or Ta,i,2,5). The set af all deductive consequences of M,



Kla,t,z,y) : M F K{a,:,z,y), is denoted as Cn(M) and is called the preference set of M. Thus,
C'n( M) contains all the preference expressions that the agent knows. (One motivation for adopting
Prolog as the implementation language is its built-in deductive inference.)

A preference set has the following closure properties: (i) M F o if and only if (iff) & € Cn(M),
and (ii) Cn(Cn(M}) = Cn(M). An agent a accepts an expression K{a,i,z,y) iff K(a,i,z,y) €
Cn(M); rejects K(a,i,z,y) iff =K{a,1,z,y) € Ca(M). Otherwise, K{a,i,z,y) is an unknown ex-
pression for a. In addition, Cn(M) is inconsistent iff K'(a,i,z,y) is both accepted and rejected by
a, that is, when both K(a,t,z,v) and ~K(a,t,z,y) are members of Cn{M). It is important for an
agent to maintain the consistency of its preference set at any moment, otherwise, whatever conclu-
sion it derives from the set would be meaningless. However, it is inefficient to detect inconsistencies
by searching for the negation of any of its preference expressions during the computation. The
following property offers an alternative, but effective, means for detecting preference inconsistency

during inferential process.

Property 1 (Consistency)

Cn( M) s inconsistent at time { ff Pa,1,z,7) € On(M) at &

Proof:

(if): First, consider the case where P{a,i,z,y) is both accepted and rejected in Cn(M), then,
FPla,i,z,y) and =P(a,i,z,y) are in Cn(M). By asymmetry constraints, either P(a,i,y,z) or
{(a,i,y,x) is present in Cn[M). By transitivity constraints, P(a,i,z,y) A P(a,i,4,2) 2 P(a,i,z,2)
and Pla,t,z,y) A l{a,i,y,2) D Ple,i,z,z). Consider the next case that /{a,i,z,y) is both accepted
and rejected in Cn(AM), then [{a,i,z,y) and ~f{a,i,7,9) are in Cn{M). =I(a,i,z,y) must be
derived from P{a,i,z,y) by the asymmetry constraints. But we know I{a,#,z,9)} D I{a,i,y, 1) and
by transitivity, P{a,1,z,y) A f{a,i,v,2) D Pla,1,z,2).

(only if): By asymmetry, Pla,i,z,z) > —~P(a,i,z,z) such that =P(a,i,z,2) € Cn(M). Hence
C'n( M) is inconsistent,

Making use of Property 1, an agenl can easily spot inconsistencies in its preference set during
the computation once it matches the pattern P(V,V), where V is a variable, with a preference

expression in its preference set.

4.2 Dynamic Properties

So far we have treated the statics of the preference set and we now turn to the dynamics: updating

preference sets. In this subsection, we present some key properties used in guiding the updating

12



of preference sets and orderings. For clarity, we will skip trivial proofs. There are three kinds of
change to a preference set: (i) expansion - a new preference expression (and its consequences)
is added to the preference set without retracting any of the old preferences; (ii) contraction - a
preference expression is retracted from the preference set without generating any new preferences;
and (iii) revision - a positive preference expression between two alternatives x and y is changed to
another positive expression between x and y.

A common property of expansions and contractions is what Gardenfors calls consistent chan es
of a state of a belief [15]. In this scheme, a belief refers to a preference expression. That is, there
is no preference expression that is accepted in an expansion or that is retracted in a contraction
which contradicts any expressions in the earlier preflerence set. The revision, however, is not a
consistent change.

Some dynamic properties of preference sets are stated as follows. For any competing al-
ternatives z,,zz, 91,y € S and an initial set of preference expressions M of agent ¢ concern-
ing an criterion 7, let us denote A and B as any two preference expressions Ky(a,i,z,m}
and Kol i,z2,y2). We define Cn}(Af) as the logical consequence of M together with A, le,
CHI{M] = Cn(MuU{Ad}) = {#: MUALF B}y An expansion adds a new expression into the

preference set but does not remove any other expression. Thus, this kind of change is monotonic,
FProperty 2 [Ezpansion)

1) For any M, Cn(M) C Cnli(M).

2} For any consistent preference set Cn(M),CnY (M) is consistent iff A & Cn(M).

3) For any consisten! preference sel Cn(M), if both A and B are undecided in Cn(M), then
Craep(M) = Cn(M U {A}U{B}) is possibly inconsistent.
Proaf:
A simple illustration helps to prove the lemma. Consider three alternatives r.y, and, z
in Figure 3.0 where Cn(M) consists of Pla,i,z,y) only, as indicaled by an arrow from z
to y. Both Pla,i,y,z) and Pla,i,z,x) are not known in Cn{M). Adding Pla,i,y,2) and
Pla,i,z,1) sunultaneously to Cn(M) renders the expanded preference set inconsistend, that is,
Pla, iz y)A Pla,t,p,2)0 Pla,i, x,2) and Pla,i,z,2) A Ple,t, 2, 2) 2 Ple,d,z,2). In fact, one

can see the circularity of ordering relations among z, y,and 2 in Figure 3.5,

4} For any consistent preference set Cn(M), if =4 € Cu( M), then Cn3{M) = Cn{{Cn(M)).

Cnt(Cn(M)) = Cr(Ca(M) U {4}) must be o set larger or equal to Cn{M U {A}) since the

13 -



tnitial set of preference expressions of the former includes that of the latter, 1.e., MU {A} C
Cn{M)u {A}. To prove the theorem it is sufficient to show that whatever is in Cn%(Cn(M))
must also be tn Cn7(M).

Consider B € Cnt(Cn(M)). Suppose B € Cn(M)U {A}), then either B € Cn(M) or B = A.
In both cases, B € Cn(M U {A}). Then, let us assume B @ {Cn(M) U {A}} such that there
ezists C € Cn{M) such that C and A jeintly entail B by trunsitivity. Since C € Cn(M U {4})
end A € Cn(M U {A}), we, again, have B € Cn(M U {4}). Contradiction.

Denote Cn (M) as the contraction of a preference set On(M), by whatever process is used,

with respect to A, then:

Froperty 3 (Contraction)
1) Cn (M) C Cn(M).
2) If Cn(M) 1s consistent, then Cny( M) is consistent.

The main problem concerning contractions of preference sets is that, when retracting an
expression A from a preference set Cn(M), there may be other expressions in C'n(M) that either
separately or jointly entail A. If an agent wants to keep the contracted preference set closed under
deductive consequences, it is necessary to give up other preference expressions as well. For example,
if Pla,i,z,2) is accepted in Cn(M) just because it is a deductive consequence of P(a,4,z,y) and
Pla,1,y,2), which are also in Cn(M), then either P(a,i,z,y) or P{a,i,y,z) must be rejected in
retracting Fa,i,z,2). The problem is then to determine which one should be given up and which
should be retained.

Suppose that agent e has a consistent preference set Cn{ M) with respect to criterion i. [t wants
to retract A'{a,i,7,y) from the set. The strategy of contraction used to derive Cn;’[n.i,a:,y}{M:l is a

heuristic backward search based on the conservation principle of knowledge.

Strategy 1 (Contraction algorithm)
1} Retract K(a,i,z,y).

2) If there exists A and B in the current preference set such that A A BD K(a,i,z,v), then go to

step 3: otherunse, ezit



¥} Denote the eurrent initial sel of preference expressions as M, if A, B € M, i.e., they are initial

expressions, then step J.a, else step 3.6

fa}l either ask the user which one o retract or do the following
if A is @ P expression and B is an I ezpression, then retract 8 and its symmetrical
counterpart from M
else if A and B are both I expressions, then randomly pick one to retract together with ifs
symmetrical counterpart
else if A and B are both P expressions, then randomly pick one to retract;

denofe the contracted initial preference set as MY,

fh} if A¢ M and B € M, then mark B
else if AG M and B & M, then randomly mark one;

repeat step 2 for retracting the unmarked preference expression.

4} Delete Cn( M), unmark any previous ezpressions, and generate the set Cn{M') from M'.

4} Repeat step 2,

In retracting f(a,i,z,y), agent @ scarches backward to find any initial expressions that entail
K{a,i,z,y). If there is only one such expression, then the agent retracts it. If there are two,
then the agent has to decide which one to retract. To do so, it either queries the user for advice
or adopts a default strategy that puts P at a higher priority than [ (see step 3.a of Strategy
1}. The justification is that P has a better discriminatory power in deriving preference orderings.
Another rationale is that things are not really indifferent, just that there is insufficient information

to distinguish them yet. The following example shows how the stratesy operates.

Example 4-1

Consider Example 3-1 agan, where

M = {I{a,s, 2y, 22), Pla,i,29,23), Pla,i,23,24), Ta, i, 25,25}, {(a,i, 75, 75) }

and the indifference classes are ranked in the following order: <z, 2>, 13, < 24,75, Zg >. Suppose
now that agent @ wanis to retract the preference expression I(a,i,13,3¢) from its preference set.

When applying Strategy 1, the nested steps of the operation are as follows:

Level 1

Step 1: Retract Pla,i, 13, 15).



Step : Find Pla,2,z3,24) A I{a,i,24,76) D Pla,i,z3,7¢)
Step 3.b: Pla,i,z3,74) € M, a,1,24,75) ¢ M, mark P(a,i,13,74) and
attempt to retract I{a,1,r4,2s)
Level 2
Step 2: Find Ha,i,zq,2z5) A I(a,i,25,26) 2 [a,i,24, T5)
Step 3.a: I{a,i,z4,25) € M, I{a,,z5,2¢) € M. Suppose the user retracts
I(a,i,z5,75). Then, M' = {M — {I(a,i,25,7¢)} - {I(a,i,25,25)}}
Step 4: Generate Cn{M").
Step 5: Hepeat step 2.
Level 3
Step 2: There exists no AA B3 P(a,i,z3,75). Exit.

Thus, Cna(M") is the contracted set.

To retract a negated preference expression such as =-F(a,i,z,y), one should notice that the
only preference constraint that deduces the negative expression is the asymmetry comstraing
Fla,i,y,2) 3 =P(a,i,z,y). One thus uses Strategy 1 to retract P(g,i,u,z). The contracted set
will exclude ~P(a,i,2,y) as desired. Also, the agent will compute a new contracted preference set
every time it retracts an initial preference expression. For computational efficiency, ane may refrain
{rom computing the contracted set until all preference expressions that entail K{a,i,z,y) have been
retracted. In this way, the agent only needs to compute preference consequences once. Knowledge,
however, is generally not easily acquired. Unnecessary loss of knowledge is therefore to be avoided.
The agent should try to retain as many old preference expressions as possible when retracting. This

argument is better illustrated in the following example.

Example 4-2

It is more intuitive to describe the precedence relations of preferences graphically. Consider the
graph shown in Figure 4.a, where each node represents a preference expression, arrows indicate the
precedence relations of deduction, and an arc imposes a joint entailment. For example, r2 and 5
Jointly entail r3, that is, r3 A rsD rs, while rg directly deduces ry, that is, rg D re. In the figure, the
initial set of preference expressions M = {ry,r3,73,74}. We compare two cases of retracting rg here,

the first one follow is Strategy 1 and the second uses the suggested method.

{i): Retract rg. Then, suppose the agent takes a backward path rg 3 rs such that it reaches ry and



r3 and decides to retract r3. The contracted set derived excludes rg (one can see from Figure 4.a
that ry, 72, and rq alone do not entail rg), and, thus, ends the contraction process.

(ii): Retract 7. Following the same backward path rg O rg as in (i), the agent first retracts rs.
Then, it takes another backward path r; O rs, and subsequently r4 A 15D r7. Since 73 has been
retracted in the previous round, r; 1s assumed to be an initial expression and the agent has to
retract either r4 or rg. Say, the agent retracts ry. The subsequent backward searches will lead the
agent to retract ry, rg and ry. The numbers in Figure 4.b indicate the sequence of retraction. Sureiy

Ts is not in the contracted set, but only 7 is left in the set!

We consider that the conservation of knowledge is more important than the gain in computa-
tional speed. One may worry, however, that the penalty on the computation speed, when deducing
a preference set of a large number of alternatives, would vield unacceptable performance for practi-
cal use. The implemented prototype took only a few seconds to generate a preference set involving
about a hundred alternatives in SUN SPARC workstations. Some programming tricks can also be
applied to avoid direct application of certain constraints. For example, BDN agents only generate
partial preference sets but can deduce missing preference expressions dynamically in one or two in-
ference steps. This cuts the computation time by more than half compared to the time required to
generate a [ull set. A description of such implementation details, however, would be inappropriate
in this [orum.

In addition, we doubt that any practical problem would have anywhere near a hundred compet-
ing alternalives. Problems of such a scale are normally first decomposed into simple, manageable
subproblems and then solved lndividually or iteratively. This is the case for BDN application.

Revision is nonmonotonic - a new preference is added, but not all the old ones are retained. In
thie negotiation, distributed agents are often called upon to revise their individual preferences. One
of the main reasons for this is thal many of the things the agents accept as certain may not be well
founded - they may believe things because ol prejudice, because of a Jack of relevant information,
or because of faulty inference. Communicating intents and sharing information between agents
helps to alleviate many of these deficiencies,

This scheme considers a revision as a two-step operation: retract a previous expression of
the preference set and add a new one to the contracted set. Denote Cnj (M) as the revi-
sion preference set oblained by retracting expression B but adding expression 4, then we have:

Cny g(M) = Cn{(Cng(M)) = {C: Cng(M)UAF )
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Froperty 4 (Revision)
1) Let Cn(M) be consistent. Cn}y g( M) is consistent iff ~A & Cn(M).
2) Cny(Cni(M)) = Cn(M) if A is undecided in Cn( M),

8) Cat(Cn3 (M) # Cn{M), except when A is the only expression retracted in Cn;(M).

Proof:
A is unknown or A is false in Cn(M) gives Cn3(M) = Cn(M) or Cn(M) C Cni(Cnz(M)).
Consider that A is true in Cn(M) and there are two possible cases. First, suppose that A
is true in Cn(M) and there erists some other preference ezpressions entail A in Cn{M).
Referring to Example {-2, set A = rg such thal ry is also retracted in a contraction. Thus,
adding rs back to the contracted sel does not give us the earlier set. Consider the second case
where A is rue and no other expression in Cn(M) entails it. Then, we have

Cni(Cn3(M)) = Ca({Cn(M) = {A)}}u {4)}) = Cn(Cn(M)) = Cn(M).
4} Cny g(M) # Cng 4(M), unless Cng(M) = Cng(M).

As stated in Property 4, the revision of preferences often is an irreversible operation. In
addition, a preference set may remain incomplete even through all known preference consequences
are deduced. If so, the related agent will prompt its user to enter the missing information, and
when even the user is unsure of the answer, it assumes that the expresstons are indifferent. This
strategy is similar to the principle of indifference in the philosophy of probability [8]: i it is not
known that p is more probable than q or that q is more probable than p, then p and q are equally
probable.

The indifference principle, sometimes, leads to awkward consequences. Suppose that (i} p is
better than r, but the ordering relations between p and ¢ and between r and g are undecided.
Applying the indifference principle, one infers that (ii) p and ¢ are indifferent and that (iii) r and ¢
are indifferent. The propositions (i), (i), and (iii) form an awkward triplet - if p is better than g
cannot be indifferent to both, as it would then be better than itself!

This difficulty is notorious and none of the many solutions suggested so far seem salisfactory.
lteferring to Property 2.2, any undecided preference expression can be asserted into a consistent
preference set and the expanded set is still consistent. Property 2.3, however, states that this
is not necessarily the case when multiple undecided expressions are added simultaneously. Thus,
we restrict an agent to query its user about one undecided preference at a time to sidestep any

awkward consequences of the indifference principle. Further, the derived properties of a preference
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set also guide us to implement user interface programs that enable domain experts to check the
credibility of compiled knowledge and to update preference sets if necessary,
An ordering of preference is formed by sorting the indifference classes of a completed preference

set. Section 5 will illustrate some examples on preference orderings in BDN application.

4.3 Aggregation

As stated in Section 2, the scheme aggregates individual preferences to provide quick and intuitive
answers as feedback to the agents, instead of finding an optimal one using elaborate and difficult
mathematics. This subsection briefly describes a standard method of aggregation, the simple
majority rule, adopted in BDN. In cssence, the simple majority rule takes all criteria to be of equal
weight and thus have equal votes on the collective choices. This does not mean that the agents
have equal say, however. For any problem, the agenda of that problem may assign an agent to
have more criteria than another. Considering two alternatives z and y, a group of agents a, b, and
¢, and the following set of individual preferences regarding criterion 1, Pla,i,z,y), P(b,1,2,7), and
Ple iy, z), the aggregated preference of the group using the simple majority rule is P(i,z,y) since
two agents favor z over y and one favers y over z. Thus an aggregated ordering of preference can
be derived from the underlying sct of agzregated expressions. In social choice literature, the top
ranked alternative(s) of the aggregated ordering are called collective choices.

The simple majority rule alse has many useful mathematical properties which are desirable
in group decision making, One such property is the Pareto principle, which states that if every
individual ordering prefers any z to any y, then z 15 preferred to y in the aggregated ordering.
Another property is nondictatorship, which states that if anv z is preferred to any ¥, then it must
also be the case that z is preferred to y in the aggregated ordering, itrespective of the preference of
all other individual crderings.

The simply majority rule may fail to generate an aggregated ordering due to the occurrence
of cyclic majorities [25), though such a situation seldom occurs. Consider the preference profile of
arderings in Tahble 1. If alternatives  and y are compared, z is preferred; if y and z are compared,
y is preferred: and if z and z are compared, z is preferred. This creates a cycle; no allernative can
be the first choice.

The cvclic majorities, that cause the failure of the majority rule, are known as the famous
“voting paradox,” first observed by Marquis de Condorcet [6, 23], Since then, there have been
many theoretical studies to detect the initial conditions of preferences which cause such a problem.

We found, however, that it is computationally more efficient lo switeh to another aggregation
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Rank Ga Db Dc
1 z 1 z

2 - 1
3 : oy

Table 1: Cyclic majorities.

method than to check for the initial conditions of cycles. Also, we would like to point out that the
computational time of preference aggregation is not an issue here. For non-trivial problems, the
generation of initial sets of preference expressions from the underlying knowledge bases would take
at least an order of magnitude more.

Hence, instead of making sure that the necessary conditions for cycles found in the social choice
literature (e.g., the number of alternatives and the number of eriteria in the agenda) will not
be present, BDN simply fires the majority rule first, and if any cyclic majorities occur, then the
system will automatically resort to another aggregation method: Borda’s position rule [3]. This rule
assigns weight to any alternative according to its set of positions in the preference profile. After
ageregation is completed, BDN then notifies the users of the method used. In addition, the users
can select a particular method of aggregation at the beginning of the operation.

Generally, we try to avoid using weighting schemes if possible as we are concerned about the
lack of a convenient means for assigning proper weights, Whenever weighting is involved in a
decision, there are always disputes over the values of the weights to be assigned. As with other
quantitative decision methods, such as probability and utility theory, the disputes can only be
settled through lots of experimental data — providing it is possible to obtain such data. In addition,
the weights assigned are not guaranteed to hold constant throughout the entire decision-making
process and are usually sensitive to the addition of new facts and rules. The earlier attempt on a
similar application mentioned in Section 2.1 exemplifies many of these problems.

Since, for non-trivial problems, the knowledge of cooperating agents would be incomplete and
inconsistent anyway, the emphasis should not be on the best possible ratings or weights and
optimal solutions in the spirit of operation research, but on negotiation for conflict resolution. For
this, the presented scheme uses the notion of preferences from social choice theary (both individual
and aggregated) as a compact means for multiple agents to express individual viewpoints and as
the focal point for the agents to negotiate. The next section discusses the negotiation support of

this scheme.



5 Negotiation Support

The negotiation of conflicts arising in cooperative decision making often requires human input and
intervention. In this scheme, agents rely mostly on human participants to drive the negotiation
process and to make final decisions. Based on the formal results of Section 4, we developed many
interface facilities to support systematic interaction between the participants and the agents.

In this section, we illustrate some of these interface facilitics with representative examples taken
from BDN. For purposes of clarity, these examples are concerned only with the preliminary design
of & particular structural member of building: beam-celumn connection. In short, the overall design
of a beam-column connection invelves four problems, namely, the operation or connection method
for moment resistance, om.n; the operation method for shear resistance, oms; the specific material
used for its moment region, dm _m; and the specific material used for its shear region, dms. A list

of collective choices of these four problems constitutes an overall solution,

5.1 Preference Interface

Let us first consider the common dispiay of preference profiles for a BDN agent. Figure 5 exhibits
a snapshot captured from the console of the designer agent for a problem, om.m. The lelt window
displays the aggrezated ordering at the problem level, such as the preference ordering for om.m
shown. The aval icons denote competing alternatives of om.m, and their positions in the ordering
are stated in the left column. The lower middle window shows the preference profile of om.m.
Mote that only reliability and stifiness are the designer’s criteria. The information about preference
arderings of ather criteria in the window are sent by erector and fabricator agents over the network.

Sometimes, more than onc alternative may appear in the top rank of an aggregated ordering;
this often is caused by insufficient knowledge encoded in the agents for ordering these alternatives.
The purticipants may want to step in and revise the deduced results in order to distinguish the
indifferent alternatives. Figure 6 presents an example of the revision of preferences by the designer.
This revision is trigmered by the difference between alternatives swim.m and fwsm m (these
refer o welding beam and rolumn at different locations). The designer asserts that fwsw.m is a
better choice than sw.fw.m in regard to the reliability criterion (or issue). Every BDN agent has
the authority to change only its own preferences. The new preference ordering for reliability and
the aggregated ordering after the revision are shown in this figure. The main window displays
system messages from the underlying agent during the revision. Note that the retracted preference
expression is an initial one as no other expression is retracled in the process (refer to Strategy 1)

The designer can alsy abort the revision if the result is not satisfactory. In addition, any other
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participant in the group can question the participant who initiates a change directly through a
mailbox facility,

Through an object-oriented interface package, the graphical objects displayed directly corre-
spond to the objects being represented in the underlying knowledge base. One can query and
modify the knowledge base through graphical objects. In Figure 7, for instance, the designer queries
the object beam about its competing alternatives for problem dm.s and finds five alternatives.
{Items at the top portion of the window are the alternatives selected for the connection .} Such
information may not necessarily reside in the local knowledge base. Nevertheless, the underlying
knowledge server (local communication knowledge module) will automatically retrieve the informa-
tion from other knowledge bases. Such retrieval is transparent to the human participants. The basic

paradigm for such an object-oriented interface package has been presented in [32).

5.2 Knowledge Retrieval

The preference scheme adopts the following strategy of negotiation for BDN application.

Strategy 2 (Negotiation of preferences)

1) Each of the agents computes a negotiulion indez by calculating the ranking difference of every

feasible alternative between its individual ordering and the aggregaled ordering,

2) Each of the agents checks if its indez is over a threshold value, and if so, asks its user whether

to complain or not; otherwise, the agent erits.

3) If any of the agents complains, bargaining is starled, and if bargaining fails, forcing is

attempted.

4) If there is a change of preferences, the aggregated ordering and collective choice are re-
computed, and the process returns to step 1. Otherwise, a consensus is reached, and the PTOCESS

15 exited.

In Step 1 of the strategy, every agent first abtains a heuristic index of negotiation. Consider the
simple case in Table 2. Agent b caleulates ='s ranking difference between its ordering Oy and the
apgregated ordering Oy as 1 and the total difference, that is, its heuristic index Hy as 4. Similarly,
we have f, = 0 and H. = 2. An agent uses its heuristic index to decide whether to flag the users
for conflicts and to estimate whether the negotiation is converging towards a satisfactory solution.

In Step 2, suppose that a uniform threshold, Hy, = number of alternatives — 1 = 2, is applied



¥ z I v

Table 2: Individual and aggregated orderings.

across all agents. {Such an index is derived empirically and is for a specific aggregation method.)
Thus, the user of b would like to complain about the outcome as z is its least preferable choice.

As mentioned in Section 2.3, the predominant mode of reselving such a conflict in this scheme
is the use of bargaining or compromise. In [31], we have described many high-level communication
protocals which use the logic of illocutionary acts [23] as a formal basis for orderly interactions
among agents during bargaining. One distinct feature of the bargaining in this scheme is that
the participants can probe into the background knowledge of the agents {both the local and
remote agents] which deduces conflicting preferences. This facility enables the participants to
better understand the intention and perspectives of one another. In what follows, we describe the
knowledge structure that supports such a retrieval.

For simplicity, let us consider that the classical representation of production or inference rules

for knowledge bases [0]:
ppiApehc AP T g

where p;,--- Py are premises and g is a conclusion based upon these premises. In addition, only
a conjunction of premises is allowed, since it is always possible to represent the disjunction with the

help of at least two equivalent rules, The rules have only one element on their night-hand side.

Exatuplt: 5-1
1) The rule, ;1 A pz ¥ pa O ¢, is equivalent to the pair of rules: (py A p:) 245 13 D 4.
2} The rule, ;y A e O @y WV go, can be represented as either py A pe A —g2 2 g or ;A g A Sy D .

3) The rule, py A pz D g2 A gy, is equivalent to the pair of rules: py A p2 Dgu; 1 D g2

It is worth noting that such a rule (with a single element conclusion and a conjunction of
premises) is equivalent to a Horn clause: =py W =pe V- W =p, Vg, This motives the use of the logic

programming language for our implementation.
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The symbolic structure of a premise is more complex in the BDN system. It can be a logical
predicate, an attribute of a knowledge base object, or a meta-predicate [30, 29]. It is pessible to
build an AND/OR graph based on linking rules such that the action of the first is a premise for the
second. The goals (leal nodes) of this graph then form a set of initial preference expressions. Since
preference constraints are also represented in the production rules, they can be added to the graph.
Such a graphica! structure of knowledge would explicitly capture the reasoning steps of individual
agents,

For logic-programming based systems, the dynamical tracing of reasoning steps can be achieved
easily with the why meta-interpreter 4, 27). In BDN, such an interpreter is invoked by the why
option in the local preference profile window or by a why message of a remote agent. In the current
BDN system, incremental modification of background knowledge during negotiation is possible
but is monitorad by the human participants. Further, discussions by participants concerning all
modifications 1s recorded.

As an example, Figure § shows that the designer queries the fabricator agent as to why the
two alternatives, tee.m and angle.m (tee and angle), are indifferent in regards to the fabrication
cost of materials used for moment-resistant connection. The fabricator agent traces back the
immediate justifications: fab_cost_indez(angle m,1.25) and fab cost index(tee.m,1.25) and sends
them to the designer agent together with the textwal explanation of the fired ruole, that is,
fab_cost_index(angle.m,1.25) A fab_cost_index(tee,,1.25) D I{angle.m, tee_m).

The designer agent then displays the information in its explanation window. In this case, both
alternatives have the same fahrication cost index. Not satisfied with the answer, the designer asks
the fabricator agent further why the alternative angle.m has a cost index of 1.25. A sequence
explanations of repeated why queries about the indifference expression would then be followed.
The irace stops when repeated queries lead to primitive fact(s) or data of the fabricator agent's

knowledge base.

6 Conclusion

Recert advances in computer technologies have opened up new vistas for intelligent interaction
ameng several Al systems for solving larger, more complex problems. In this paper, we have
described a new problem solving scheme for cooperative knowledge-based systems that uses social
choice theory as a formal basis for making joint decisions and promoting conflicts resolution.
We discussed the three operational steps of this scheme, namely, identification, processing, and

negotiation (Section 2), and presented some of the scheme’s formal properties (Sections 3 and



4). The distinct features of this scheme are that: (1) it is qualitative, interactive, and largely
deductive in nature, and (2) it uses social choice functions only as ‘preference revealers' to
support negotiation among agents o reach consensus (Section 3), rather than to calculate ‘optimal’
solutions.

This research is application-driven. The formal scheme has been used in developing a working
CKRS prototype, BDON, for preliminary building design. The practicality of the scheme is also
ilustrated with real-world examples from BDN. The main message of this paper is that decision
making in CKBS requires a paradigm different from those based on conventional game theory or
operational research [28, 14, 19]. For non-trivial problems, credible, well-hehaved quantitative data
about competing alternatives is seldom obtainable or consistent among agents. Moreover, such data
is unlikely to be applicable as knowledge bases evolve. An earlier attempt using cardinal ratings for
a similar application exemplifies many of the éhortcumings of the conventional paradigm (Section
2.1).

For cooperative decision making, the real issue is not whether qualitative or quantitative data
works better, but whether the model of decision making is logical A logical model is capable
to derive the decision data systematically, to explain how or why preferences arise, to provide
the chain of reasoning behind them, and to allow the modification of them when necessary. In
other words, one should avoid the black boz approach when building cooperative decision-seppaort
knowledge systems. The purpose of such systems is to assist the users to make better decisions, not
to dictate the solutions to decision problems.

This preference scheme provides such a logical model to represent the decision making pro-
cess. It adopts binary expressions simply because the background knowledge of these qualitative
expressions s generally easier to acquire than that of gquantitative ones such as cardinal ratings and
certainty factors.

The use of preference expressions also causes certain uncertainty in the aggregation (Scctions
2.2 and 4.3). This, however, is nol as severe as it looks. The object of this scheme iz net to
lormulate ‘optimal’ solutions as in the conventional paradigim but to use the results of aggregation
as the focal point for negotiation. The negotiation among agents aims to iron out the dilferences
and uncertainties of individual preferences in order to reach a consensus. In addition, we found
that the users are mare susceptible to the collective choices made in such an interactive reasoning
systemn than the “optimal” solutions derived through non-interactive means.

Finally, two areas for further research are identified. First, for many problems such as building

design, there is no a prieri logical or philosophical principle on which to base a resolution strategy



- correct tesolution depends on specific domain knowledge as well as the cooperative behavior
of the participants. The resolution of conflicts in the current scheme is largely driven by the
participants, with preference profiles and collective choices as focal points. Future work will be to
understand more of the human reasoning steps involved and to incorporate them into the scheme.
The second related issue is the revision of background knowledge and heuristics. Many rule-
based revision systems have been developed to update the knowledge-based systems that change
their states over time [21, 10, 11]. Most revision systems, however, concerns the syntactical aspects
of the revision, i.e., the consistency criteria defined by certain nonmonotonic logic representation
of knowledge. For problems of cooperative nature, such as building design, the maintenance of
the semantics, such as design intentions among agents, is a critical issue. The BDN system relies
partly on the participants checking the semantics of the revision, and this, sometimes, distracts
the participants from resolving conflicts. Further work will be to study revision procedures for the

maintenance of design intentions.
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