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Abstract

We present a framework for verifying systems composed of heterogeneous reasoning agents, in which each agent may have
differing knowledge and inferential capabilities, and where the resources each agent is prepared to commit to a goal (time,
memory and communication bandwidth) are bounded. The framework allows us to investigate, for example, whether a goal
can be achieved if a particular agent, perhaps possessing key information or inferential capabilities, is unable (or unwilling)
to contribute more than a given portion of its available computational resources or bandwidth to the problem.
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1 Introduction

Distributed problem solving involves multiple agents combining their knowledge and com-
putational resources to solve problems which no single agent could solve alone or to solve
problems more effectively. For a given problem, different multiagent systems will prefer
different solution strategies, depending on the relative costs of computational and com-
munication resources. The tradeoffs between time, memory and communication may be
different for different agents (e.g., reflecting their computational capabilities or network
connection) and may reflect the agent’s commitment to a particular problem. For a given
set of reasoning agents with specified inferential abilities and resource bounds it may not
be clear whether a particular problem can be solved at all, or, if it can, what computational
and communication resources must be devoted to its solution by each agent.

There has been considerable work in the agents literature on distributed problem solv-
ing in general (see, for example, [8,9,10]) and on distributed reasoning in particular, (see,
for example [2,6]). Much of this work analyses the time and communication complexity
of distributed reasoning algorithms. In this paper we present a framework for reasoning
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about tradeoffs between time, memory and communication in systems of distributed rea-
soning agents. In contrast to previous work, e.g., [3], which focused primarily on mem-
ory limitations of single reasoners, our approach allows us to specify bounds on the time
(number of inference steps), memory (number of formulas or symbols) and the number of
messages exchanged by the agents, allowing the investigation of tradeoffs between differ-
ent resources. The framework is based on a novel epistemic logic, BMCL, for specifying
resource-bounded reasoners. BMCL allows upper bounds on the resource commitments
(time, memory and communication) of each agent in the system to be specified. The logic
is sound and complete and admits efficient model-checking. (See [1] for a detailed de-
scription of BMCL and proofs of its soundness and completeness.) Using simple resolution
examples, we show how to encode systems of distributed reasoning agents specified in
BMCL in a model checker, and verify some example properties.

2 Measuring Resources

We assume a set of n agents where each agent ¢ has a set of propositional inference rules
R; (for example, R; could contain conjunction introduction and modus ponens, or it could
contain just a single rule of resolution) and a set of premises or a knowledge base K;.
The notion of a derivation, or a proof of a formula G from Kj; is standard. We view the
process of producing a proof of GG as a sequence of configurations or states of a reasoner,
starting from an empty configuration, and producing the next configuration by one of four
operations: Read copies a formula from K into the current configuration; Infer applies
a rule from R; to formulas in the current configuration; Skip leaves the configuration un-
changed; and Copy copies a formula « into the next configuration of agent j if « is in the
current configuration of agent i, j # i. Note that Read, Infer and Copy may overwrite
a formula from the previous configuration. The goal formula is derived if it occurs in the
configuration of one of the agents.

We take the time complexity of a derivation to be the length of the sequence of con-
figurations. Space complexity is taken to be the size of configurations as in [4].3 The
size of a configuration can be measured either in terms of the maximal number of formulas
appearing in any configuration or in terms of the number of symbols required to represent
a configuration. Clearly, for some inference systems, for example, where the set of infer-
ence rules contains both conjunction introduction and conjunction elimination, the first size
measure results in constant space usage. However, for other systems, such as resolution,
counting formulas results in non-trivial space complexity [7]. In this paper, we take the size
of a configuration to be the maximal number of formulas, since all the reasoning systems
we consider have a non-trivial space complexity for this measure.

Our model of communication complexity is based on [11], except that we count the
number of formulas exchanged by the agents rather than the number of bits exchanged.
The communication complexity of a joint derivation is then the (total) number of Copy
operations in the derivation.

3 We deviate from [4] in that we do not have an explicit Erase operation, preferring to incorporate erasing (overwriting) in
the Read and Infer operations. This obviously results in shorter proofs; however including an explicit erase operation gives
proofs which are no more than twice as long as our proofs if we don’t require the last configuration to contain only the goal
formula.
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3 Verifying Resource Bounds

The logic BMC'L allows us to express precisely how the beliefs of a set of resource-
bounded agents change over time, and, given a memory and communication bound for each
agent, to verify formulas stating that a certain belief will or will not be acquired within a
finite number of computation steps.

Model Checker Encoding We have used the Mocha model checker [5] to encode a
BMCL model and to verify resource bounds for a system of agents which reason using
resolution. States of the BMCL models correspond to an assignment of values to state
variables in the model-checker. The state variables representing an agent’s memory are
organised as a collection of ‘cells’, each holding at most one clause. For an agent ¢ with
memory bound nys(7), there are nps(7) cells. Let P be the set of propositional variables in
K;. Each cell is represented by a pair of bitvectors, each of length k = | P|, representing the
positive and negative literals in the clause in some standard order (e.g., lexicographic order).
For example, if P contains the propositional variables A;, A2 and A3 with index positions
0, 1 and 2 respectively, the clause A; V A3 would be represented by two bitvectors: “100”
for the positive literals and “001” for the negative literals. This gives reasonably compact
states.

Actions by each agent such as reading a premise, resolution and communication with
other agents are represented by Mocha atoms which describe the initial values and transition
relation for a group of related state variables. Reading a premise simply sets the bitvectors
representing an arbitrary cell in agent ?’s memory to the appropriate values for the clause
a. Resolution of two clauses a; and a2 is implemented using simple bit operations on cells
containing values representing 1 and ave, with the results being assigned to an arbitrary cell
in agent 7’s memory. Communication of a clause « from agent j to agent ¢ is implemented
by copying the values representing « from a cell of agent j to an arbitrary cell of agent 7. To
express the communication bound, we use a counter for each agent which is incremented
each time a copy action is performed by the agent. After the counter for agent ¢ reaches
nc (i) the copy action is disabled.

Examples Consider a single agent (agent 1) whose knowledge base contains all clauses
of the form ~ A1V ~ Ay where ~ A; is either A; or —A;, and which has the goal of deriving
the empty clause. We can express the property that agent 1 will derive the empty clause at
some point in the future as the BMCL formula EF' B1{}, where EF means ‘some time in
the future” and B1{} means ‘agent 1 believes the empty clause’.

Using the model checker, we can show that the derivation of the empty clause by a
single agent requires a memory bound of 3 and 8 time steps (see Table 1).# We can also
show that these space and time bounds are minimal for a single agent; i.e., increasing the
space bound does not result in a shorter proof. The tradeoffs between memory, communi-
cation and time bounds for two agents are also summarised in Table 1 for symmetric and
asymmetric problem distributions. In the symmetric case each agent has all the premises
~ A1V ~ As; in the asymmetric case one agent has premises A; V As and = A; V = A5 and
the other has premises = A1V As and A1V = As. The entries in the Memory column indicate
the memory bounds for each agent, and those in the Communication column indicate how
many times each agent communicated with the other. See [1] for a detailed analysis of the
results.

4 The space required for problems of this form is known to be logarithmic in the number of premises [7].
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| # agents | Distrib. | Memory | Comm. | Time |
1 Symmetric 3 - 8
2 Symmetric 2,2 1,0 6
2 Symmetric 3,3 1,0 6
2 Symmetric 3,3 0,0 8
2 Symmetric 2,1 1,1 9
2 Asymmetric 2,2 2,1 7
2 Asymmetric 3,3 2,1 7
2 Asymmetric 3,1 1,0 8
Table 1

Tradeoffs between resource bounds

4 Discussion and Future Work

In this paper, we sketched a framework for verifying properties of systems of resource-
bounded agents and illustrated its application using simple examples. While the examples
are simple, they serve to illustrate the interaction between memory, time and communica-
tion bounds, and between the resource distribution and the problem distribution. In future
work, we plan to enhance our logic to be able to express resource bounds as formulas in the
language rather than axioms, allowing agents to reason about each other’s resource limita-
tions. We would also like to consider agents reasoning in simple epistemic or description
logics.
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