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Abstract. This paper presents a novel approach for implementing rea-
soning and learning systems based on Intelligent Agents. It is particularly
suited for agent systems working in complex and cooperative dynamic
environments. This approach was developed to overcome limitations con-
fronted while researching the use of agents in such environments. A brief
background of the underlying conceptual reasoning model is described,
followed by details of the implemented framework and concluded with
some final remarks and future work.

1 Introduction

Recent research directions [9, 7] for enhancing the performance of agent based
systems have lead to the investigation of human reasoning models as a main
paradigm for implementing intelligent agents. The widely used Beliefs Desires
and Intentions (BDI) model was developed by Bratman [2] to describe how
humans perform practical reasoning. Practical reasoning is defined as considering
actions that need to be performed given a particular situation [10]. An important
assumption about the BDI model is that a BDI agent’s actions must be logically
consistent with the combination of its beliefs and goals. The BDI reasoning
process is believed to consist of at least two distinct activities, the first activity
being deliberation, which involves deciding what goals to achieve [10], and the
second activity, means-ends reasoning, involves deciding how to achieve this goal
[10].

JACK is a commercial platform for developing intelligent agents based on
the BDI model that uses events and plans to define different behaviours that
an agent can exhibit [1]. A behaviour is executed by posting an event which is
handled by a plan. The plan contains any relevant code that causes the agent
to exhibit the desired behaviour. A plan is also able to post other events and
the JACK language provides a number of ways in which events can be posted
and handled. This makes it a powerful platform for building complex agent
behaviours. However, one limitation that was observed is that all plans must be
pre-defined to be used. There is no way in the current distribution (version 5.0)



to modify a behaviour, short of modifying the plan code (or the way the plan is
selected) and re-compiling it off-line. This limitation is specifically addressed by
this research.

Section 2 presents a brief overview of a conceptual reasoning and learning
model previously developed and ties our Cognitive Hybrid Reasoning Intelligent
Agent System. Our case study related to a learning agent is presented in section
3. The final section presents concluding remarks and future directions.

2 Cognitive Hybrid Reasoning Intelligent Agent System

Rasmussen’s decision ladder [5], Boyd’s OODA loop [4] and Bratman’s BDI are
three popular models for describing human decision making. Recent research
has also revealed that these models are complementary and can in-fact be fused
together to yield a new, hybrid and more detailed conceptual reasoning model
that supports learning [6]. The Cognitive Hybrid Reasoning Intelligent Agent
System (CHRIS) is an implementation of this model that was developed as
an extension to JACK. It provides a complete framework for designing agents
based on the reasoning model. The framework however is not directly executable.
A specific application must be designed such that it uses the framework and
implements any required additional components. The only reason for this, is
that any non-implemented components are inherently application specific, in-
fact these components ‘hook’ the framework code with code from the specific
application into one complete working system.

The framework divides the Agent’s reasoning process into six stages. Each of
the stages have been implemented in different Java packages which are required
to be imported for successful compilation. Two additional packages are also
required as listed below.

1. Agent: Provides an extended JACK learning agent, the CHRIS capability
and associated Java interface classes.

2. Observation: Receives sensations and converts raw data into useable infor-
mation.

. Orientation: Uses new information to update the Agent’s beliefs accordingly.

. Decision: Manages goals that the agent is trying to achieve.

. Action: Executes tasks that cause the agent take actions in the environment.

. Learning: Modifies the actions taken by the agent according to specified
learning goals, active and passive learning methods are available.

. Logging: Controls the logging functionality built into the framework.

. Util: Utility classes that were created while developing the framework.
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Active learning is realised by traditional Reinforcement Learning (RL) al-
gorithms. It involves handling a event that has an attached learning goal. The
agent then activates the learning algorithm specified in the learning goal and ex-
ecutes different actions while observing the results of the actions. The learning is
achieved by the algorithm finding an optimal state-action value function based
on rewards generated by its learning goal. That is, a function that translates a



particular state to a specific action that is to be taken in that state. The optimal
value function causes the agent to make choices that give it maximum rewards.

Passive learning is a feature that has been implemented specifically in the
CHRIS framework but was inspired by the ‘exploration control module’ pre-
sented by Dixon [3]. It allows an RL action-selection policy to be replaced by a
JACK plan written in a specific way. This allows an agent to learn the behav-
iour of a pre-written JACK plan, and evaluate the JACK plan with respect to
the given learning goal. Skill control is another feature that allows the agent to
switch from passive learning to active learning. When enabled, skill control uses
specified thresholds for switching between the two learning methods.

The interested readers are invited to contact the first author for a detailed
description of CHRIS.

3 Example learning agent

A simple example system was implemented in order to test the features provided
by the framework, it involves an agent that learns how to play the game of Tic
Tac Toe. The actions available to the agent are variable and are based upon the
moves available to the agent for a particular state. The Sarsa [8] RL algorithm
and the EGreedy [8] policy were selected. The learning goal’s reward function
is based on the action that the agent chooses, it returns a -20 if the action
results in the agent losing the game, a 420 if the action results in the agent
winning the game and -1 if the action results in a stalemate or if the game is not
finished. This instructs the agent to avoid losing and try to win in the quickest
possible way. The required components for both active and passive learning were
implemented and four runs of 2500 plays were made for each type of learning.
The learned data was preserved after each run for that particular learning type
to demonstrate that the agent is able to save, load and improve upon the value
function over multiple executions.

Figure 1a shows the performance of the agent for active learning. The agent
uses an exploration rate of 50% for the first run of 2500 plays. This is indicated
by the very low performance of the agent during the first 2500 plays where it
loses approximately 75%, draws approximately 25% and wins less than 1% of
the games. The exploration rate is then set to 10% for the subsequent runs and
the performance suddenly changes to approx 70% drawing, 15% winning and
15% losing. The small spikes in the lines every 2500 correspond to starting a
new run.

Figure 1b shows the performance of the agent for passive learning. During
the first 2500 runs the agent’s skill control is disabled. Which means that it
learns from its actions but it acts based on a regular JACK plan that contains
a behaviour for playing Tic Tac Toe, the learning package has no effect on the
actions taken by the agent which performs at 65% draws, 35% losses and 5%
wins. For subsequent runs the skill control is enabled which causes the agent to
switch back and forth between active and passive learning depending on its per-
formance. Again a substantial change in performance is achieved, draws remain
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Fig. 1: Learning Agent performance when playing Tic Tac Toe
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at approximately 65% while both wins and losses stabilise at approximately 18%.
This example demonstrates an advantage of passive learning. It performs well
at the start when learning is inexperienced, but it also improves its performance
later on when learning is so experienced that it provides a better behaviour than
the pre-written JACK plan. The behaviour of the agent can be even further im-
proved through tweaking its reward function or improving a state generalisation
function defined within its learning goal.

4 Conclusions and Future Work

This paper describes a framework that is based upon a hybrid, conceptual rea-
soning model. The framework allows the creation of JACK agents with the ability
to learn from their experiences. Learning is achieved through RL algorithms that
execute different actions while observing the results of the actions until an opti-
mal state-action value function is reached for a given learning goal. The optimal
value function causes the agent to make choices that give it maximum rewards.

Future work for CHRIS includes implementing different types of learning
agents and assessing their performance. Some additional RL algorithms (eg.
Eligibility Traces) may also be implemented in order to improve learning per-
formance. A Planning capability based on [8] is also intended to be integrated
into CHRIS. The planning capability would allow the agent to learn a Model
of the environment. The Model would be used to ‘mimic’ the environment in a
limited way allowing the agent to do off-line learning using simulated experiences
against the model.
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