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Abstract. In complex domains, it is often necessary to determine which reasoning
method would be the most appropriate for each task, and a combination of different
methods has often shown the best results. We examine how two complementary
reasoning methods, case-based reasoning and Bayesian networks, can be combined
using metareasoning to form a more robust and better-performing system.
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1. Introduction

For real life applications, there are two different categories of uncertainty that are usually
both present to some degree: aleatoric uncertainty and epistemic uncertainty. Aleatoric
uncertainty refers to the general stochastic nature of the domain, where events have a
certain probability of happening given the right conditions. On the other hand, epistemic
uncertainty is a general lack of knowledge. This refers to our incomplete understanding
of the domain, e.g. inaccurate beliefs about the causal relationships and models that
do not include all significant effects. To address these different types of uncertainty,
we study the combination of case-based reasoning (CBR) for epistemic uncertainty and
Bayesian networks (BN) for aleatoric uncertainty, based on their respective strengths
in this area. We present an automatic reasoning architecture that uses metareasoning to
determine whether CBR or BN should be used to solve a new problem query, based on
their past performance.

In CBR [1], a computer model is built up of a set of concrete past situations, called
cases. Reasoning methods of similarity assessment, pattern recognition, and analogical
mapping, rather than theory-driven methods, operate over these cases. An initial set of
cases is often easier for a human domain expert to provide than a generalized reasoning
model, and can often be transferred from written documentation. This makes CBR suit-
able as a complementary method to generalization-based models: CBR uses localized
models to model a domain, and in that sense is able to fill in holes in a knowledge base
in a straightforward manner, which can address problems of epistemic uncertainty.

A BN [2] models a domain using probability theory. One of the main arguments for
using BNs over other model-based reasoners is the framework’s sound inference engine.
The belief in any query can be accurately calculated for the model given any combi-
nation of available evidence, such as the probability of an object being from a specific
class given the attributes describing that object. BNs encode assumptions regarding con-



ditional independencies in the domain, and use probability distributions as its represen-
tation. BNs are well-suited to model aleatoric uncertainty, while epistemic uncertainty is
not as easily captured.

2. Hybrid CBR-BN combination

In previous research we have identified four basic sequential combinations for integrating
BN and CBR reasoning processes [3]. These combinations have different strengths and
it is not clear in advance which combination is preferable for a given problem.

To address this issue we have created a new adaptive architecture which combines
CBR and BN automatically. This is achieved by performing metareasoning about the
methods at runtime based on collected performance data. For a new problem query, our
metareasoner chooses either to use CBR or BN based on which algorithm produced
the best answers on the most recent problems the system has solved. The underlying
assumption in this approach is that a reasoning method, which performs well on a certain
task, will continue to do so in the future, and that changes in classification accuracy occur
gradually while learning.

We focus on domains with stochastic elements where human experts rely on their
experience to solve new problems. For the CBR method a human expert provides a set
of illustrative cases, which attempts to cover the range of problem categories the expert
usually considers in their work.

Using CBR with the expert knowledge can immediately produce fairly good results,
as a simplified model of the expert’s methodology and understanding of the domain.
However, future learning for the CBR system based on expert cases is limited by the
availability of the expert, and consists of only adding new exceptional cases to address
identified shortcomings in the model. On the other hand, BNs’ statistical learning are
founded on learning the probabilistic relations in the domain from training data. Because
of the way our combination is structured, BNs are able to take full advantage of the
new problems the system encounters as training data, and improve from an initially poor
performance to bypass the performance achieved using CBR.

A benefit of using an automatic metareasoning approach to combine reasoning meth-
ods is that the computations can be dynamically adapted. For our scenario, this means
that we empirically detect when there is enough representative training data for the BN
to generally produce better results than the expert-modeled CBR cases, and can choose
the currently best-perfoming method to solve the next problem query.
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