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Autonomous agents of multi-agent systems [5] often
need to cooperate with other agents in order to achieve
their goals. Thus, the capacity to have representations
of the others agents’ behaviors and minds, and to reason
about the interactions it has with other agents, can be
seen as one of the most important requirements for a so-
cial agent. Different approaches to the study of such so-
cial reasoning, have lead to various studies of evaluations
and values assigned to other agents and interactions. The
approach we adopt in our work derives from the initial
work introduced in [3, 4], that takes Jean Piaget’s theory
of social exchanges and qualitative exchange values [2]
as a basis. It introduced a system consisting of an al-
gebra of qualitative exchange values, a social reasoning
mechanism based on that algebra, and the specification
of structures for storage and manipulation of such val-
ues. Here, we propose to model the exchange qualitative
values as intervals, and thus, to have have an interval
algebraic structure regulating the exchange of values in
the agents’ social interactions. Inspired by [1], we ap-
ply techniques from Operations Research to bear on the
problem of choosing optimal interaction policies in (pos-
sibly, partially observable) stochastic domains by means
of Interval-based Markov Decision Processes (IMDP).

An IMDP is defined as a tuple (S, I, T, E, R), where:

(a) S € IR™ is a finite set of states of values, denot-
ing the ways an agent can evaluate a given social
exchange, and represented as tuples of interval ex-
change values;

I is a finite set of possible exchange steps;

T :S x1I — II(S) is the state-transition function,
giving for each state of values and exchange step,
a (possibly imprecise) probability distribution over
agent’s states of values (we write T'(s,,s’) for the
probability of ending in state s’, given that it is in
the state s and performs exchange step i);

(d) E : S — IR is the state evaluation function, that
evaluates the state of values s (we write E(s) for
the evaluation of the agent’s state of values s);
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() Rg : (S x I) — IR is the interval reward function,
giving the expected immediate reward gained by the
agent after it performed exchange step i in state s,
considering a given evaluation function E (we write
RE(s,i) for the expected reward for performing ex-
change step 7 in state s).

We observe that in the IMDP there is never any un-
certainty about the current state of values — the agent
has total knowledge of its exchange values and of the
exchange values of the other agents, in each moment.
However, a partially observable Markov decision pro-
cesses (POMDP) may be considered, if the agent is not
able to make complete observations of the state of values
(see,p.ex., [1]). In both cases, the agent’s goal is assumed
to be to maintain a given preferred balance of values, by
means of maximizing the future reward.

In this paper we outline the IMDP approach, consider-
ing the special case of just two agents interacting, and in
which the transition probabilities are not imprecise and
the reward functions is real valued, Rg : (S x I) — R.
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