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Introduction

Cognitive model behavior can be produced directly from
human performance data, using case-based reasoning,
instance-based modeling (Aha, 1991), or learning from
examples (Simon & Zhu, 1988; Simon & Gobet, 1996). The
ACT-R cognitive architecture (Anderson et. al., 2004) is often
used as a platform to develop models using this methodology
(e.g., Taatgen & Wallach, 2002; Gonzalez, Lerch, & Lebiere,
2003; Best & Lovett, 2006; Best, Dixon, & Speed, 2008).

The strengths of instance-based learning include simplicity,
rapid initial learning, and its robust performance in noisy
environments (Aha, 1991). Instance-based methods often
require substantially more storage than corresponding rule-
based methods, and are thus limited by efficiency of storing
and retrieving instances. Even the most effective pruning
methods, which reduce storage, do so by less than an order
of magnitude (Wilson & Martinez, 1997; Brighton & Mellish,
2002). Further, while retrieval methods have been optimized
using mechanisms such as multiresolution kd-trees (Deng &
Moore, 1995), these approaches provide little gain over serial
search when dimensionality exceeds 10. Thus, issues of
efficiency may overwhelm instance-based approaches. For
example, the ACT-R architecture has exhibited difficulty
processing the volume of instances produced in a real-time
driving environment (Best et. al., 2008). While other
researchers have investigated large-scale memories using
ACT-R (e.g., Douglass, Ball, & Rogers, 2009), our focus is on
speed, where the system must execute well within a 100ms
cycle time. We have implemented a Cognitive Instance-
Based Rule Engine (CIBRE) to meet this requirement.

CIBRE Architecture

The CIBRE architecture is a light-weight instance-based
learning system implemented in the LISP programming
language. CIBRE depends on a forward- and backward-
chaining rule engine for interactively achieving goals, and an
HTN planner, which allows for evaluating potential futures
prior to committing to any course of action. These high-level
mechanisms provide the skeleton of cognitive behavior using
CIBRE, while the instance-based methods provide the meat.
CIBRE's core is an activation-based retrieval model, where
activation follows a logarithmic decay over time, as in ACT-R.
Unlike ACT-R, CIBRE includes support for cue-learning
(using incremental rather than iterative methods), which
increases accuracy, on-the-fly type definitions, which allows
for learning in novel environments, and memory partitioning,
which increases efficiency. CIBRE also includes an
incremental pruning mechanism that dramatically reduces
storage requirements.

CIBRE learns from a data set of instances and uses similarity
matching to predict a response based on the values of
attributes contained in the current context. Instances may
contain multiple attributes and responses, and these items
may be typed (e.g., values that are continuous or discrete).

Methods and Results

Our toolkit directly supports partitioning the instances within
the domain into testing and training groups for validation.
Using this functionality, we applied the CIBRE instance-
based mechanism to 12 different public data sets drawn from
the UCI Machine Learning Repository. CIBRE's response
prediction accuracy for these data sets appears in Table 1
along with the predictions of two other instance-based
machine learning systems (Wilson & Martinez, 1997;
Brighton & Mellish, 2002).

CIBRE produces accuracy in both the 1/10th and 1/5th data
set training/test split size that exceed the published
benchmark results, differing from their performance by less
than 3% on average across all databases and training/test
split sizes (note that their focus was on iteratively pruning
the data set, while ours was on retaining accuracy while
using a faster incremental method). This consistency with
the prediction performance of other published machine-
learning algorithms indicates that the basic CIBRE
implementation is able to detect and apply the feature-
response relationship present within each data set.
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Figure 1: A comparison of Decision Times between ACT-R 5 and CIBRE
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Figure 2: The structure of CIBRE chunks and instances
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