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Collective Decision Making is Important for Ezpert
Systems

The main objective of an expert system is to
automate expert’s decision making.

Traditionally, expert systems started by formal-
izing the experience of a single expert. However,
many important decisions are too difficult and/or
too important for a single person to make; such de-
cisions are made by a team (group) of experts. To
simulate such decisions, it is, therefore, desirable to
simulate collective decision making.

Collective Decision Making is Difficult to Describe

There are pretty accurate models for describing
individual decision making, but, unfortunately, no
models describe collective decision making as accu-
rately.

Why is collective decision making so difficult
to describe? At first glance, if several experts put
their brains together, we should get the solutions
that are better than the solutions that each of them
can come up with on their own. Sometimes, the
resulting solution is indeed much better. However,
in many other situations, the collective solution is
much worse than the individual one. This is a well-
known fact: there are many examples of “designed
by a committee” programming languages, political
solutions, etc., that are clearly inferior to their indi-
vidually designed alternatives. This strange behav-
ior raises two fundamental questions:

e The first question is: Why is collection deci-
sion making imperfect?

e The second question is: How can we describe,
in the general cases, this imperfect collective
decision making?

The first question was solved many decades ago,
when K. Arrow proved his famous impossibility

theorem, according to which there is no consistent
and reasonable general way to combine preference
of different experts (see, e.g., [8]). In this paper, we
will discuss the second question: how to describe
the imperfect collective decision making.

For this description, let us first recall how indi-
vidual decision making can be described.

Description of Individual Decision Making

To describe individual references (utilities), a
special wtility theory has been developed; see, e.g.,
[1, 8,9, 10].

The mathematical formalism of utility theory
comes from the observation that sometimes, when
a person faces several alternatives Aj,..., A,, in-
stead of choosing one of these alternatives, this per-
son may choose a probabilistic combination of them,
i.e., A; with probability p;, As with a probability
P2, etc. For example, if two alternatives are of equal
value to a person, that person will probably choose
the first one with probability 0.5 and the second
one with the same probability 0.5. Such probabilis-
tic combinations are called (somewhat misleadingly)
lotteries. In view of this realistic possibility, it is de-
sirable to consider the preference relation not only
for the original alternatives, but also for arbitrary
lotteries combining these alternatives. Each original
alternative A; can be viewed as a degenerate lottery,
in which this alternative A; appears with probabil-
ity 1, and every other alternative A; # A; appear
with probability 0.

The main theorem of utility theory states that
if we have an ordering relation L > L' between such
lotteries (with the meaning “L is preferable to L'”),
and if this relation satisfies natural consistency con-
ditions such as transitivity, etc., then there exists
a function u from the set £ of all possible lotteries
into the set R of real numbers for which:
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e L > L'if and only if u(L) > u(L'), and

o for every lottery L, in which each alterna-
tive A; appears with probability p;, we have
u(L) =p1-u(A1) + ...+ pn - u(4n).

This function w is called a wutility function. Each
consistent preference relation can thus be described
by its utility function.

From Individual Preferences to Collective Prefer-
ences

Let n denote the total number of original al-
ternatives. Our goal is then to describe the col-
lective preference between the probability combina-
tions of these alternatives, i.e., between lotteries.
Each lottery L € £ can be characterized by the vec-
tor 7 = (p1,--.,pn) formed by the probabilities of
the corresponding alternatives.

Let E be the total number of participants in
the decision-making group. For simplicity, we will
describe each participant by a numbere =1,..., E.
Then, for e-th participant, the preference of a lot-
tery p can be described by the value ue(p) = Y e -
pi, where u.; denoted the utility of i-th alternative
for e-th participant.

One of the major applications of utility theory
is to economic problems. For such problems, it is
desirable to express the monetary equivalent of this
utility, i.e., the amount of money m.(p) that would
lead to the same utility value ue(7). This term
may be somewhat misleading for non-economic sit-
uations (just like the word “lottery” is somewhat
misleading), but it is a standard term in utility the-
ory.

To estimate this amount of money, we must
know how, for this participant e, the utility depends
on the money, i.e., we must know this participant’s
dependence u = M,(m). Then, we can describe
the monetary equivalent m, of the utility u.(p) =
> uei-p; as the value for which M, (me () = ue (D),
i.e., as a value m¢(p) = Fe(ue(p)) = Fe(D_ tei - pi),
where F, denotes a function that is inverse to the
function M,.

Thus, we know, for e-th participant, the mone-
tary value m, (p) of each lottery p. If this participant
was alone, this monetary value would describe his
or her preferences: if for two lotteries p and ¢, we
have m. () > me(q), then for this participant, the
lottery p'is better than the lottery §.

How can we combine these individual prefer-
ences into a collective preference? For each

lottery P, each participant e gets a utility that is
equivalent to this participant getting a monetary
value m, (p). Thus, for the entire group, this lottery
is equivalent to getting the sum of money M (p) =
m1(P) + ...+ mpe(p) and distributing it accordingly
between E participants.

Let us show that this sum M (p) provides us
with a natural description of collective preference.
Indeed, let M (p) > M(q) for two lotteries § and ¢.

e Let us first consider the simplest case, when
me(P) > me(q) for all e = 1,...,E. In this
case, for all participants, the lottery §'is better
than the lottery ¢ and therefore, the group will
also prefer p'to §.

e Let us now consider the general case of
M(p) > M(q), when:

— for some participants e, we have m. (p) >
me(q), but

— for some other participants e, we have
the opposite preference m.(p) < me(q).

Then, those participants who gain from choos-
ing 7 (i-e., for whom m.(p) > m.(q)) can do-
nate some amount of money to compensate
those who will lose from choosing p. Namely,
we can define the balance b, of e-th participant
as be = me (P) — [me(q) + g], where we denoted

9= (M(p) - M(q))/E.

— A participant whose balance is positive
donates the corresponding amount b, to
the compensation fund;

— a participant whose balance is negative
receives the amount of money |b.| from
the compensation fund.

One can easily check that the sum of all bal-
ances that correspond to all participants is
equal to 0 and therefore, the total amount of
donated money is exactly equal to the total
amount of distributed money. As a result, we
will have a new situation in which everyone’s
monetary equivalent m.(p) = m.(p) — b, =
me(q)+g (utility plus or minus monetary com-
pensation) is greater than the compensation
me(§) corresponding to choosing §.

Thus, if M(p) > M(q), then the lottery 7 is prefer-
ablt to the lottery ¢
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Collective Decision Making: General Description
and a Question

In view of the above discussion, the lottery
P = (p1,...,pn) is preferable to the lottery ¢ =
(¢1,---,qn) if and only if M(F) > M(§), where

E
My, .,pn) = > Fe(ter-pr+-.-+Uen-pp)- (1)

e=1

This is a general description of the functions that
describe collective decision making. A natural ques-
tion is: which functions can be thus represented?

Taking Interval Uncertainty Into Consideration

In reality, all measurements are not 100% accu-
rate. Therefore, a more realistic question would be:
For a given accuracy € > 0, which functions can be
represented, within this accuracy, in a form (1).

In precise terms: Given € > 0, describe all
the functions F(py,...,pn) that are e-close to func-
tions M of type (1), i.e., for which F(p1,...,p,) €

[M(ph s apn) - €,M(p1, s 5pn) +6]

Enter Neural Networks

The expression (1) is exactly the expression of
an input-output relation of a three-layer neural net-
work, in which:

o the first (input) layer inputs the values
D1y---5Pn;

e the second layer consists of E neurons, each of
which computes the corresponding expression
Fe(uel P F .ot Uen 'pn); and

e finally, the third layer contains a single neuron
that simply adds up all the outputs of neurons
from the second layer.

It is known that such neural networks are universal
approximators, in the sense that for every contin-
uous function F(py,...,p,), and for every € > 0,
there exists a neural network for which the cor-
responding function (1) is e-close to F(p1,---,pn)
[3, 4, 5,6, 7].

The Resulting Answer to Our Question
Thus: In collective decision making, it is possi-
ble to have, for an arbitrary function M (p1,...,pn),
the ordering p' > ¢ if and only if M (p) > M(J).
From this answer, we can make two conclusions.

First Conclusion: Collective Decision Making Can
Be Arbitrarily Complicated
Our first conclusion is somewhat pessimistic:

o We started with a general form (1) that looked
like it describes specific functions that corre-
spond to collective decision making.

e However, it turned out that an arbitrary con-
tinuous function can be represented in this
form.

Thus, collective decision making can be arbitrarily
complicated.

Second Conclusion: It Is Very Appropriate to Use
Neural Networks to Describe Collective Decision
Making

The second conclusion is optimistic: Since the
general expression for collective decision making co-
incides with the expression for a three-layer neural
network, it is natural use known methods of train-
ing neural networks (see, e.g., [2]) to analyze the
collective decision making process.
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