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APOC AND ADE: THEORY AND PRACTICE IN THE DESIGN OF

ARCHITECTURES FOR BEHAVIOR-BASED AGENTS

Abstract

by

Virgil Andronache

In this thesis we present an integrated theoretical and practical approach towards the

development of complex robotic agents. We describe APOC, an architecture framework

intended for the analysis and implementation of complex agent architectures. We then

show how APOC can be used to implement agent architectures in various architectural

design paradigms and how these designs can be analyzed in APOC. Next, we show how

APOC can be used to introduce new elements into architecture design, by creating ar-

chitectures which modify as the agent interacts with its environment. The practical side

of the research is presented next, with a description of the APOC Development Environ-

ment, ADE. We show how ADE functionality is based on the properties of the APOC

framework and present in detail the features ADE presents to the agent designer and ar-

chitecture developer. Examples of these features are shown for illustration. In the last part

of the thesis we focus on work done using APOC and ADE towards the development of

a robotic waiter. Here we discuss the main problems which need to be solved in the de-

velopment of a complex agent and present ADE solutions to these problems. We next

introduce the overall structure of the robowaiter architecture and show in detail some of

the main sub-systems of this architecture. Results of experiments which form the build-

ing blocks for the robowaiter architecture are then presented. The thesis concludes with
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a brief discussion of future work using ADE, including the upcoming implementation of

the robowaiter.
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CHAPTER 1

PROLOGUE

This thesis is a description of APOC: a theoretical framework for the design, imple-

mentation, testing, and deployment of agent architectures, and ADE, an agent develop-

ment environment which embodies the precepts outlined by the framework.

The creation of an agent usually requires the designer to answer several questions:

whether higher-level cognitive functions such as planning or case-based reasoning should

be part of the agent, whether the agent should employ a hierarchical architecture, e.g., sub-

sumption [27], or a �at one, e.g., the agent network architecture [67]; for a behavior-based

agent, whether its behavior-arbitration mechanism should be competitive, e.g., bayesian

decision analysis [103], or cooperative, e.g., schema-based [12]; whether the architecture

will run on a single computer, or be distributed over a network. The answer to each ques-

tion depends, among other things, on the complexity of the agent, the available resources,

and the preferences of the designer. Simple agents, for example, can be implemented

equally ef�ciently in competitive and cooperative systems. However, as more complex

agents are created and issues such as attentional mechanisms and modelling of mental

processes are explored, a single arbitration mechanism may not be suitable.

This work is divided in three parts. In the �rst part, we present a theoretical archi-

tecture framework called APOC. We show the generality of the framework by modelling

various behavior-based and cognitive architectures in the APOC formalism and we illus-

trate the use of APOC in analyzing and designing agent architectures. The second part of
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the thesis presents the ADE software tool. ADE implements the theoretical concepts of

APOC and allows the agent developer to create agents in both single- and multi-computer

environments. The third part of the thesis presents theoretical considerations and exper-

imental work towards the development of a complex robotic agent in the context of a

robotic waiter.

The APOC framework provides the tools which allow an agent developer to nav-

igate the �rst three choices presented above. For example, APOC allows the design

of an agent with case-based reasoning, a hierarchical architecture, and a competitive

behavior-arbitration mechanism. APOC also provides for the design of an agent with no

higher-level cognitive functions, a �at architecture, and a cooperative behavior-arbitration

scheme while still providing them with a basic structure on which to base their designs.

APOC provides a common infrastructure within which all design methodologies and ar-

bitration mechanisms can be expressed. By expressing mechanisms as diverse as neural

networks, behavior-based architectures, and cognitive architectures in a uni�ed manner,

the combination of previously incompatible mechanisms becomes possible, opening the

door for the creation of increasingly complex agent architectures. This allows the agent

developer to use each mechanism in those areas where it is best suited. Thus, a sym-

bolic reasoner can be provided with a behavior-based implementation of the behaviors it

reasons about. The reactive nature of behavior-based systems can then provide quick re-

sponse times to environmental changes while the reasoner provides the system with long

term goal-directedness.

The ADE environment provides the tools which allow the user to create architec-

tures in both a single- and multi-computer environment. Coupled with the options given

by APOC, ADE allows the agent designer to implement the �rst agent described above

in a multi-computer system, while the second agent could be implemented in a single-

computer system. ADE implements the theoretical concepts of APOC and is there-
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fore an illustration of the feasibility of the APOC approach. In addition to providing an

implementation of APOC theory, ADE provides a �exible single-computer and multi-

computer environment for agent development. ADE also provides basic graphical tools

and support for user-de�ned extensions. These allow users to de�ne graphical tools which

are targetted towards speci�c components, allowing for easy inspection of those compo-

nents, as well as the modi�cation of their run-time parameters.

I would like to thank the following people for their help with various parts of the work

presented here:

� Dr. Matthias Scheutz. Dr. Scheutz and I have worked together on the develop-
ment of the APOC framework and his NNSIM tool provided the basis of the ADE
GUI. He has also provided the blob and color-detection code for the experiments
described in Chapter 9 and the �gure describing the structure of an APOC compo-
nent.

� Dan Dentinger. Dan has implemented several components of the interface, most
notably the graph tool and the graphical buttons.

� James Kramer. Jim has worked on the the AgeS system, which forms the basis for
the distributed nature of ADE, the registry, and a software tool for robot navigation
which interfaces higher-level route planning with low-level obstacle avoidance. The
tool will be incorporated in the robowaiter architecture, although it was not used in
the experiments presented here.

� Paul Schermerhorn. Paul, Jim, and I have had several fruitful discussions about the
robowaiter project. Some of the ideas presented in Chapter 8 had their beginnings
in those discussions.

� Kyle Wheeler. Kyle wrote code interfacing the robot cameras to an early version of
ADE and started the work on the registry.

� David Anderson, Holden Bonwit, Peter Bui, Patrick Davis. The undergraduate
students have worked or are currently working on robot navigation, GUI improve-
ments, sound recognition, and speech production as part of the effort to complete a
�rst version of the robowaiter by July 2004.

The structure of this thesis is as follows:

1. The APOC framework description. This section provides the theoretical de�nition
for the constituents of the APOC framework and their interactions. The APOC
framework was developed jointly with Dr. Matthias Scheutz. The set-theoretic
description of an APOC component provided in Chapter 3 and the graph describing
an APOC component were developed mainly by Dr. Scheutz following a series of
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discussions in which we de�ned component functionality. Sections of Chapter 3
were published in the AAAI Spring Symposium 2003 [93], FLAIRS 2003 [94] and
Agent Theory to Agent Implementation 2004 [10].

2. Uses of the APOC framework. Chapter 4 is dedicated to descriptions of behavior-
based architectures, design methodologies, and cognitive architectures in terms of
APOC components. Some of these translations have appeared in MAICS 2002 [9]
and FLAIRS 2003 [94] or will appear in AAMAS 2004 [11]. Chapter 5 shows
sample combinations of cooperative and competitive action-selection mechanisms,
as well as applications of APOC to concepts on the fringes of agent design, such
as cellular automata.

3. The ADE development environment. This section provides implementational de-
tails about ADE. The parallels between APOC theoretical constructs and ADE
features are highlighted and additional features of ADE are presented. A detailed
description of ADE including several sections of this chapter, will appear in the
International Journal for Arti�cial Intelligence Tools [8].

4. Uses of ADE. Interfaces to various robots are described and graphical tools which
facilitate the creation of robotic agents are presented in Chapter 7.

5. The requirements for the design and implementation of complex robotic agents.
Complex agent design using APOC and ADE will be discussed in Chapter 8 in the
context of a robotic waiter.

6. Experimental results. In this section, agent systems developed in ADE are de-
scribed. The characteristics of APOC which aided in the development and testing
of the systems are identi�ed. ADE features used in the systems are described in
the context of agent architecture development. The exception to the above is the
experiment using simulated agents in a virtual world, which was developed by Dr.
Scheutz in SimAgent, following a jointly developed architectural design. The ref-
erence resolution experiment was designed by Dr. Scheutz together with Dr. Eber-
hard from the psychology department. Experiments from Section 9.2 will appear
in AAMAS 2004 [11]. The reference resolution experiment will be presented as as
part of the AAAI Intelligent System demonstration at AAAI 2004.
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CHAPTER 2

INTRODUCTION

Arti�cial intelligence (AI) efforts to design control systems for arti�cial agents are

relying increasingly on research in the �eld of agent architectures. 1 Various architecture

schemes and design methodologies have been proposed, which focused on different as-

pects of agent control. For example, behavior-based architectures, e.g., subsumption and

schema-based, [14,27], started out as control systems for embodied agents and contained

no symbolic representation. At the other end of the spectrum, cognitive architectures

such as SOAR and ACT-R [7,61] provided higher-level cognitive functions, but were not

designed to work with embodied agents.

By nature, cognitive architecture are not targeted towards a particular agent or type

of agent. However, that is not the case with behavior-based architectures, most of which

were developed for particular kinds of agents or targeted at a particular class of tasks. For

example, each Braitenberg vehicle had a speci�c architecture [26], Myrmix was devel-

oped speci�cally as a foraging agent [38] and Xavier as an of�ce delivery robot [96].

Many of these architectures have proven successful in their application domain, as

Myrmix and Xavier illustrate. It would be advantageous if components and principles

which contributed to their success could be reused in other circumstances. An especially

interesting question is whether these principles and components could be utilized in other
1In other related disciplines, e.g., cognitive psychology or philosophy, agent architectures have played

a fundamental role for an even longer time, under the name �functional architecture,� in the analysis of the
organization of control systems of living creatures.
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architectures that do not use the same basic components or design methodology, e.g.,

integrating an ef�cient subsumption-based �go-to-goal� module into a DAMN-based ar-

chitecture [87]. Additionally, as behavior-based agents become increasingly complex and

cognitive architectures move towards use in embodied agents, e.g., ICARUS [63], using

both types of mechanisms in the same architecture becomes almost a necessity. However,

agent developers are faced with several problems in attempting to integrate code from

multiple architectures.

A �rst problem is credit assignment: it may be dif�cult to say what part of an architec-

ture or design accounts for its success. A second arises from the dif�culty of comparing

two different architecture types directly, because their design assumptions and domain

restrictions may vary signi�cantly, e.g., symbolic versus �sub�- or non-symbolic, high-

level versus low-level, serial vs. parallel, software versus robotic agents. A third problem

is that the characteristics which impede direct comparison also hinder the combination of

mechanisms into a unitary architecture. Consequently, it is dif�cult if not impossible not

only to assess the advantages and disadvantages of particular designs and methodologies

but also to utilize them in other designs without a common language or framework in

which architectures could be compared.

Another problem, speci�c to current behavior-based architectures, is that the mech-

anisms used for behavior selection are typically �xed. While it may be possible to

adjust some of the mechanisms’ parameters to make them more adaptive, they cannot

be changed altogether. A subsumption-based architecture [27], for example, cannot be

changed into a schema-based architecture [12] at the level of the architecture. Switching

among different behavior-selection strategies, however, may be desirable or even required

at times, either to increase the system’s performance or to enable the system to achieve

a given task in the �rst place. Looking at biological creatures, it seems that many ani-

mals are capable of modifying their behavior-selection strategies, typically as a result of

6



some learning process, which process then generally leads to better performance at the

given task [64]. Furthermore, they seem to be able to switch dynamically among differ-

ent behavior-selection strategies depending on which strategy leads to the best results.

It would seem natural to allow for a dynamic change of behavior-selection strategies in

behavior-based systems as well.

There are, however, three problems with dynamic changes of behavior selection strate-

gies: (1) current behavior-based architectures do not support multiple simultaneous behavior-

selection processes among which the system can switch, (2) it is not clear which behavior-

selection strategies should be included in the design of the system, among which it will

then be able to switch; and (3) there are no universally valid criteria for deciding under

what circumstances it is bene�cial to switch between two con�icting strategies.

Thus, what is needed is an architecture framework which is general enough to al-

low researchers to evaluate and compare different kinds of architectures, but at the same

time is conceptually parsimonious enough to employ only a few intuitive, basic concepts

which can be used to de�ne the concepts used in other architectures. Otherwise the frame-

work may end up as complex as any of the higher, universal programming languages in

which agent architectures are de�ned�obviously, such a framework would be of little

use in agent architecture research. One main goal for such a framework is to achieve

high expressiveness at different levels of abstraction. To our knowledge, no satisfactory

framework is available yet, although certain characteristics pertaining to the concept of an

�architecture framework� appear in various places in the literature. For example, some of

the ideas used in building our framework �nd a certain degree of parallelism in work by

Horswill [50] and Lyons and Arbib [66], e.g., GRL provides a framework for the imple-

mentation of a variety of behavior-based architectures, while the RS model provides an

environment of components with synchronous processes and links which connect com-

ponents via specially provided connection points called �ports.�
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As a step towards the development of a general framework for agent architectures, we

introduce the APOC architecture framework, which attempts to respect the requirements

outlined in the previous paragraph. APOC is not only intended as a theoretical frame-

work, which allows researchers to analyze, evaluate, and compare agent architectures,

but also, complemented by ADE, the APOC development environment, it functions as

a practical tool for the design of complex agents. In particular, APOC/ADE is tailored

towards architectures which allow for speci�cations of architecture modi�cations and re-

source constraints at the architecture level.

As part of this thesis, we use APOC to model several behavior-based and cognitive

architectures as a prelude to direct comparisons among architectures. We then propose a

solution for the �rst problem of dynamic modi�cation of behavior-selection strategies and

show an approach for �nding solutions to the other two. As it is not possible to investigate

the utility of dynamically changing strategies if they cannot be implemented together in

one architecture, we show how APOC can be used to de�ne and study any combination

of behavior-selection mechanisms, e.g., a subsumption-based architecture and a schema-

based one. Speci�cally, we argue for the utility of such a framework, especially for the

study of dynamically changing behavior-selection strategies, and demonstrate that such

dynamic changes can be bene�cial in different tasks using simulated and robotic behavior-

based agents. We conclude the presentation of APOC with an illustration of its use in

modelling various concepts related to agent-design, such as ART learning networks [32].

As we show in the �rst part of the dissertation, APOC is in itself a useful tool for

agent developers. However, in order to be able to implement APOC-based agents, we

need a software tool which puts into practice the �exibility of the APOC framework.

Additionally, for generality, the tool should also support both single- and multi-computer

systems and single- and multi-agent systems.
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2.1 The ADE Software Tool

In recent years, several toolkits and frameworks have been proposed which are in-

tended to support either the design of multi-agent systems, e.g., JADE [22], RETSINA

[102], AGENTBASE [4], ZEUS [76], or the design of agent architectures for single agents,

e.g, SimAgent [99], ARIA/Saphira/Colbert [56�58], Player/Stage [43, 44]. Currently,

there are no systems available that combine and integrate these two realms. To bridge

the gap between multi-agent system frameworks and agent architecture toolkits for single

virtual and robotic agents, we propose the agent architecture development environment

ADE, which provides a homogeneous, user-friendly environment for the development of

architectures for virtual and robotic agents in single and multi-agent settings.

Multi-agent systems typically provide the distributed infrastructure which allows agents

to reside on different hosting computers and move from host to host in a way that is hidden

from the user. For example, JADE [22] provides a communication language, a graphical

user interface for controlling and monitoring agents, and a directory facilitator which pro-

vides services needed to allow agents to contact one another and communicate regardless

of their locations in the system. Furthermore, some of the toolkits also support distributed

agents, i.e., agents residing on multiple hosts at the same time [102]. These systems are

typically implemented as middleware that provides APIs for the agent designer. Yet, be-

cause these systems are intended as a framework in which to develop the multi-agent

system, they provide few, if any, tools required for the development of the architecture of

an agent.

Single-agent systems, on the other hand, focus on support for the development of the

agent’s architecture, typically by providing libraries for common agent functionality, e.g.,

condition-action rule interpreters [98] or basic components of a particular architecture

such as the BDI architecture [36]. They may also provide additional functionality for

running multiple virtual agents, as in SIM-Agent [98] or Swarm [70], or for operating
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robots, e.g., Saphira [58]. These systems are usually designed for either virtual agents

or for robotic agents, and in the latter case typically only for single agents. Furthermore,

these systems do not provide tools to implement and run multiple distributed agent archi-

tectures, as would be possible in a multi-agent system.

Of highest importance for our purposes is that most architecture development toolkits

either provide libraries which must be integrated into code by agent designers or are based

on a particular architecture design. While the former setup is �exible and allows for the

speci�cation of a variety of architecture types, the agent architecture designer will have

to acquire detailed knowledge of the libraries and their underlying assumptions to be

able to use the libraries effectively. Furthermore, a signi�cant amount of programming is

required to design even simple agents. Although the toolkits based on speci�c architecture

designs alleviate this problem by providing a speci�c architecture paradigm in which

new architectures can be designed with more ease, this approach makes it impossible to

implement architecture types that are not based on the given paradigm.

We believe that versatile agent architecture design tools should be open with respect

to the employed architecture paradigm, and should allow for a design environment for

architectures that is appealing to users and easy to use, rather than requiring designers to

understand possibly very complicated library calls. Furthermore, tools should also allow

for distributing the architecture over multiple hosts while allowing the user to manipulate

the architecture as if it were running on a single machine. This makes it possible to

run complex, computationally demanding architectures in parallel, reducing the overall

computation time. Finally, tools should allow for the design of virtual and robotic agents

alike, as well as single and multi-agent systems, in which the same architecture could

control either a robot or a virtual agent in a single- or multi-agent simulation environment

without having to restructure the architecture or recompile the control code.

Based on the requirements discussed above, we propose ADE, an integrated architec-
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ture development tool for both virtual and robotic, single and multi-agent systems. ADE

provides a combination of features unavailable in other toolkits. These feactures include

a fully graphical interface, a distributed development environment which allows for inter-

active design of possibly distributed single and multi-agent architectures and support for

any design methodology.

In this chapter we introduced the motivation behind the development of the APOC

architecture framework and the ADE agent-development tool. The next chapters present

a detailed look at the APOC framework, its properties and its uses.
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CHAPTER 3

THE APOC ARCHITECTURE FRAMEWORK

The APOC architecture framework is the theoretical foundation on which all the work

in this thesis is based. In the following, we present related research, de�ne the concept

of an architecture framework, describe APOC, and illustrate the properties of our frame-

work.

3.1 Background

We begin by describing some of the research which shows the emergence of the need

for a uni�ed theoretical framework for the implementation, design, and analysis of com-

plex agents. The works in this section can be roughly divided into two categories: those

which make explicit theoretical claims related to our framework, and applications whose

underlying design principles illustrate some of the concepts present in APOC.

The idea of an architecture framework as a tool for agent architecture analysis and

design has not been extensively pursued. However, some of the characteristics present

in a framework, as described in the Introduction, can be found in several places in the

literature. These works can be broken down into two categories: frameworks and design

methodologies, such as RS [66] and RCS [6], and �exible architectures, such as GRL [50]

and CAMPOUT [86].
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3.1.1 RS

The RS system proposed a model of computation for sensory-based robotics, based

on interaction among �concurrent computing agents.� RS provides a generic speci�cation

of these agents through schemas. A basic schema in RS is de�ned as [66]:

basic-schema :: = [ Schema-Name: � N �
Input-Port-List: ��� Iplist 	
�
Output-Port-List: ��� Oplist 	��
Variable-List: �
� Varlist 	��
Behavior: ��� Behavior 	��

]

where
� N is an identifying name for the schema;
� Iplist, Oplist are lists of � Portname � : � Porttype � pairs for input and output ports,

respectively;
� Varlist is a list of � Varname � : � Vartype � pairs for all internal variables; and
� Behavior is a speci�cation of computing behavior.

Schemas can be instantiated to create the schema instances, which are the actual

agents. Communication among instantiated schemas is performed through universal message-

passing links, which connect from an output port of a schema instance to the input port

of another schema instance. Ports are associated with data types and only ports asso-

ciated with the same type can be connected. Communication can be performed both

synchronously and asynchronously.

Schemas can be grouped to form assemblages called complex schemas. These are

speci�ed as:

assemblage-schema :: = [ Assemblage-Name: � N �
Input-Port-List: ��� Iplist 	
�
Output-Port-List: ��� Oplist 	��
Variable-List: ��� Varlist 	��
Network: ��� Network 	��

]
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where N, Iplist, Oplist, and Varlist have the same meaning they have in individual

schemas and Network is a structure which creates and connects the schema instances that

form the assemblage.

The RS de�nitions of computational elements, communication procedure, and as-

semblage formation are very general. Therefore, a number of robotic architectures, e.g.,

schema-based architectures, can be expressed in RS. However, more complex architec-

tural processes, e.g., reducing the retrieval time of a piece of data if that data is frequently

accessed, as happens in ACT-R, would be very dif�cult to implement within the structure

of the RS model.

APOC incorporates the generality and �exibility of RS while providing additional

features which make it more suited for generic agent design. Among the additions APOC

brings to the RS formalism are:

� The option of performing operations on data within a link. This includes changing
a data type, e.g., from string to numerical or double to integer, thus removing the
restriction on port connections;

� The availability of links with a changeable timed delay; and
� The possibility of extracting information non-intrusively from a computing agent.

3.1.2 RCS

The RCS system [6] can combine various architectural designs into a single uni�ed

architecture. This system describes a design methodology which has been successfully

used in the implementation of several systems from autonomous vehicles to task factory

control. RCS de�nes a control paradigm whose structure for RCS-4 can be seen in Figure

3.1. In the �gure:

� WM is the current world model: the system’s internal representation of the external
world;

� VJ is the value judgment system, which provides cost, bene�t, and risk analysis on
actions in the current situation and places values on objects, events, etc.;

� BG is the behavior generation module, which chooses a behavior for the agent; and
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� SP is the sensory processing module.
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Figure 3.1. The components of the RCS control paradigm: WM is the current world
model, VJ is the value judgment system, BG is the behavior generation module, and SP
is the sensory processing module.

Indices in the image indicate levels of complexity: RCS decomposes a task into sub-

tasks, with more complex tasks receiving higher indices in the structure. Since more

complex tasks are less time critical and require more computation time to complete, lower

layer (smaller indices) will update faster than the higher layers.

RCS imposes no architectural constraints on the architecture developer. However,

while RCS allows for the use of such diverse methodologies as SOAR [61, 90] and neu-

ral nets at different locations in an architecture, it does not provide an explicit way of

integrating the different methodologies. APOC also does not impose any architectural

constraints on the architecture developer. Additionally, it provides a de�nition of the
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components of an architecture, i.e., computational and communication elements, which

presents the architecture developer with a context which facilitates the integration of var-

ious methodologies into a single architecture. Thus, APOC gives the architecture devel-

oper a structured context in which RCS-based system development can be carried out.

3.1.3 GRL

GRL makes another step towards an architecture framework by constructing a new

programming language which incorporates some of the desired characteristics of an ar-

chitecture framework. Programs written in GRL are ultimately networks of signals which

are computed in parallel and continuously updated. The supported signals can be:

� Constants;
� Signal sources for sensor and effector interfaces;
� Applications of a primitive procedure to a set of signals; and
� Applications of a �nite-state transducer to a set of signals.

GRL is a functional programming language based on SCHEME; programmers have

to supply scheme code for sensor and effector interfaces as well as for transducer value

computation. This language is targeted towards behavior-based architectures and there-

fore uses behaviors, de�ned as data abstractions, as building blocks for architectures.

Arbitration schemes in GRL are implemented as higher-order functions. The example

below, described by Horswill [50], shows an implementation of a weighted average be-

tween the motor commands of two behaviors: move-toward-goal and avoid-obstacle.

(define-signal (weighted-average . behaviors)
(/ (apply weighted-sum behaviors)

(apply + (activation-level behaviors))))

(define-signal motor-output
(weighted-average move-toward-goal avoid-obstacles))
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By treating arbitration mechanisms as �higher-level functions,� GRL allows for the

combination of different arbitration mechanisms in one architecture and moves closer to

a complete integration of architecture with arbitration mechanisms. APOC completes

the process by encapsulating arbitration mechanisms in specialized components in the

architecture. Another improvement found in APOC consists in the provision of explicit,

standardized communication facilities among components.

3.1.4 CAMPOUT

The CAMPOUT architecture is described by Pirjanian et. al. [86] as a behavior-based

architecture related to ALLIANCE [79], DAMN [87], BISMARC [52], and MOBC [85].

CAMPOUT is a hybrid architecture, combining reactive and deliberative components. A

typical system is seen in Figure 3.2, adapted from Pirjanian [86]:
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Figure 3.2. A generic CAMPOUT architecture

The main signi�cance of CAMPOUT to APOC lies mainly in its treatment of behavior-

coordination mechanisms (BCMs). BCMs are intended to be implemented as operators,

inserted into the architecture and used to compose behaviors. APOC also considers

BCMs integral parts of the architecture and provides mechanisms for their customiza-

tion.

The outputs of CAMPOUT behaviors are multi-valued preferences. APOC builds

on CAMPOUT capabilities by supporting any output formats, including multi-valued

preferences.

Other evidence for the movement towards an architecture framework is provided by

practical systems incorporating one or more characteristics which would be useful in such
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a framework. Examples from applications include:

� The RETSINA infrastructure [101] provides a generic communication protocol
among agents, though lacking the degree of connection customizability present in
APOC;

� JADE [22], as well as many other packages, provides similar functionality;
� Mozart has the capability to track resource constraints and to account for them in

its agents [105]; and
� ZEUS provides users with several choices of co-ordination protocols for a multi-

agent environment [77]. 1

It is evident that many systems exhibit characteristics desirable of an architecture

framework. However, there is no framework which would provide a theoretical founda-

tion for these systems as well as a means of comparison among different designs. In this

context we propose APOC as an attempt towards the creation of a theoretical architecture

framework for complex agents.

3.2 The APOC Architecture Framework: Theory

APOC is an acronym for �Activating-Processing-Observing-Components,� which sum-

marizes the functionality on which the APOC agent architecture framework is built: het-

erogeneous computational units called �components� which can be connected via four

link types to de�ne an agent architecture. APOC components are based on the behavior

nodes described by Scheutz [92]. The four link types de�ned in APOC are intended to

cover important interaction types among components in an agent architecture: the �acti-

vation link� (A-link) allows components to send messages to and receive messages from

other components; the �process control link� (P-link) enables components to in�uence

the computation taking place in other components; the �observation link� (O-link) allows

components to observe the state of other components; and, �nally, the �component link�

1From an APOC perspective, these would be the same as arbitration mechanisms, since arbitration is
part of the system, whether that system designates a single agent or a system of agents.
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(C-link) allows a component to instantiate other components and connect to them via A-,

P-, and O-links.

Components can vary with respect to their complexity and the level of abstraction at

which they are de�ned. They could be as simple as a connectionist unit, e.g., a perceptron,

as complex as a full-�edged condition-action rule interpreter, e.g., SOAR [61,90], or they

could represent entire agents in a multi-agent environment. For a better understanding

of APOC and ADE components and links, a more detailed description of the APOC

building blocks is provided below.

3.2.1 APOC Components

An APOC component is a very general, autonomous control unit having an internal

structure which can be tailored to various roles within architectures. Each component can

perform three generic operations: updating its own state, in�uencing another component,

and controlling an associated process.

An associated process is itself very general in nature, being able to stand for either a

computational process, e.g., visual processing, or a physical process, e.g., motor control.

An associated process can be in one of �ve states at any given time: READY, RUNNING,

INTERRUPTED, FINISHED, or NOPROC. The READY state means that the process has

not begun execution. The RUNNING state indicates that the process is executing. The

INTERRUPTED state means that the process has had its execution paused. This state was

provided to allow processes to resume execution without a complete restart wherever

feasible. For example, if a robot arm motion is interrupted, but the arm is not moved we

can resume the motion from the place of interruption. The FINISHED state indicates that a

process has completed its execution. Finally, if a component does not have an associated

process, the associated process state is de�ned as NOPROC.

An APOC component with an associated process can control that process via three
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primitive actions:

1. START will begin a process in the READY state. The effect of the START action on
an interrupted or a �nished process will depend on the nature of that process.

2. INTERRUPT will interrupt a process in the RUNNING state.

3. RESUME will resume the execution of a process in the INTERRUPTED state.

Each generic APOC component C has a well-de�ned internal structure, consisting of

the following:

1. An activation level, which is an indicator of the internal state of the component.
The activation level can be affected by inputs, previous states, and operations per-
formed either by the component, e.g., completion of an effector action, or on the
component, e.g., interruption of associated process.

2. An update function, which maps inputs, previous component states, and the state of
the associated process to outputs, a new component state, and perhaps a new state
of the associated process. The update function F of a component is de�ned as a
mapping

F : ST � P ST � I N k �
 ST � OUT l � OP 3 � k � l

where ST is the set of internal states of generic components, P ST is the set of
possible states of the associated process as mentioned above, I N is the set of input
port states, OUT is the set of output port states, and OP is the set of operations a
component can perform with k and l being the number of input and output ports,
respectively. This set of operations can be further subdivided into:

� Operations the component can perform on its associated process and, perhaps,
on the associated processes of other components: P OP ��� START, INTER-
RUPT, RESUME, NOOP � ,

� Operations the component can perform on itself and/or other components:
COP ��� INSTANTIATE, TERMINATE, NOOP � , and

� Operations the component can perform to change its priority: SOP ��� INCR,
DECR, NOOP � .

Overall, OP � P OP � COP � SOP . It should be noted that in all sets, NOOP is
used if no operation is performed. Thus speci�ed, OP de�nes the set of possible
architectures, topologies of components, operations, and input and output states.

3. A priority level. The priority level of component C is used to determine whether the
component can in�uence the associate process of another component. Conversely,
it also determines whether another component can in�uence the associated process
of the component.
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4. An instantiation number which is used to determine whether components of C’s
type can be instantiated by other component in the system. Conversely, instantiation
numbers of other components are used to determine whether or not C can instantiate
new components in the system.

5. Input and out put ports, denoted by in and out respectively. An input port can be
connected to an output port of the same or another component via an APOC link. A
set of connected components creates a network of components, or an architecture
schema. Each port can be used to instantiate a component if a component has
not been instantiated already, terminate a connected component, or manipulate the
associated process of the connected component. in and out are k- and l-tuples,
respectively, of triples � m � p � n � which re�ect the states of k input and l output ports
of the component, where m � I N � OUT is the message received from or sent
to port p of component n; a triple of the form � m � p � /0 � indicates that port p is not
connected to any other component.

6. An associated process, as discussed above.

7. A state variable, op. op is a � 3 � k � l 	 -tuple, with the �rst three elements repre-
senting other parts of the component: the process, priority, and maximal number
of instances of that component type which simultaneously exist. The following k
elements of the tuple are its input ports, while the last l are its output ports.

The basic structure of an APOC component is shown in Figure 3.2.1

Priority

associated

process

update function F

O-links

C-links

A-links A-links

O-links

C-links

P-links

P-links

Activation

Figure 3.3. The structure of an APOC component

APOC limits the operations which can be performed on associated processes of com-

ponents in an architecture by allowing such an operation only if the priority of the compo-

nent performing the operation is higher than the priority of the component on which the
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operation is being performed. The latter cannot override the operation being performed

on it unless it modi�es its current priority to a level higher than that of the component

attempting to operate on it. However, priority changes can only be achieved in a step-

wise manner as de�ned by the order in the set of priority levels up to the maximum level.

Thus, sudden priority boosts cannot be achieved. Priority reduction occurs in a similar

manner, down to the minimum level. If a component requires the ability to always control

the process of another component, its default priority can be set at a high value. If, on the

other hand, such control should only be available to the component under certain circum-

stances, our approach to priority increase and reduction ensures a level of stability within

the system, as priorities will usually not change signi�cantly due to short-term changes

in the environment.

In the case where multiple components attempt to gain control of the associated pro-

cess of a component, priority arbitration is performed. Priority arbitration in APOC is

done by simply choosing the component with the highest priority among those attempt-

ing to gain control of the associated process. If there is more than one component at the

highest priority level, the component whose process is affected attempts a resolution of

the associated process commands it receives. If all commands sent from components of

highest priority are identical, then that command is executed. Otherwise, no operation

will be performed on the associated process.

An important feature of the APOC framework is the creation of components by other

components. Components can only instantiate other components up to those compo-

nents’ instantiation limit. For instance, every time the instantiate operation is performed

a check is performed to see if the instantiation limit for that component has been reached,

at which point no more components can be instantiated. If the limit has not been reached,

a new component is created and the instantiation number for its type is increased. Sim-

ilarly, every time the terminate operation is performed, the current instantiation number

23



is decreased. Components can only terminate other components if they have instantiated

them.

The instantiation and termination of components by other components requires that

APOC make a clear �type-token distinction� between component types and their instan-

tiated components (tokens), which leads to a �type-token distinction� at the level of the

architecture. In order to be able to instantiate another component, an APOC component

needs to have a description of that type of component. This description is implicitly stored

in the update function and consists of (1) the type of component which can be instanti-

ated and (2) the port on which the instantiation can take place. As mentioned above, an

instantiation can only be performed on a port if a component is not already connected to

that port.

Overall, the APOC instantiation process is similar to a �bootstrapping� process of

virtual machines in standard computers on power-up: one initial component is instantiated

and has an initial state speci�ed. That component then instantiates all other components

for the original state of the architecture.

The APOC �type-token� distinction distinguishes between �component types,� which

de�ne components, and �component tokens,� which are instantiated in the running virtual

machine. This forms the basis of a resource management mechanism at the architecture

level: every architecture �xes the maximum number of instances for each component

type that can be present simultaneously, re�ecting the fact that agents only have �nitely

many resources. Thus, for �component types,� the inst tuple consists of the number of

tokens of that type present in the architecture when it is �rst instantiated, instde f ault , and

the maximum number of tokens which can simultaneously be existing in the running

virtual machine, instmax. Architectures can therefore be de�ned at varying levels of detail,

contingent on such factors as the complexity of the components and the degree to which

the running virtual machine is allowed to modify itself.
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Each generic component instantiated in a virtual machine is a self-suf�cient entity. Its

behavior is governed by the speci�cation of initial state, associated process, and update

function. The state of a generic components is fully determined by the de�nition of three

additional sets: ACT , the set of activation levels, P R O, the set of processes, contain-

ing NOPROC, and P R I , the set of priority levels. Then the state of a generic APOC

component can be de�ned as

� act � pri � pro � inst � F � in � out � op �

where act � ACT is the activation level, pri � P R I � P R I is a pair containing the

current and the maximum priority level, pro � P R O � P ST � P OP is a triple containing

the process state and the process associated with component as well as the operation

performed on that process, inst ������� is a pair containing the current instantiation

number and the maximum number of instances of a component of that type, F � UF is

the update function.

APOC components are connected to other components through one of the four pre-

viously mentioned APOC links. Each component has associated with it a pair � id � max �
where id is the instantiation number of the component, and max is the maximum number

of components of that type that can be instantiated in an APOC architecture. Since the

restrictions on the set of possible update functions of APOC components are determined

by the functionality of these four links, it is suf�cient to discuss the four link types.

3.2.2 APOC Links

The A-link

Activation links are the most general means by which components can exchange in-

formation. The state of an A-link is given by the tuple

25



� S � R � act � F � t �

where S is the component providing the data, R is the component receiving the output,

act the data transmitted through the link, F the operation performed on that data, and t is

the time it takes for data to traverse the link.

The purpose of an A-link is to connect two APOC components and serve as a trans-

ducer. An A-link can be used in a variety of different ways. In the simplest case, F can

be de�ned as the identity function. In this case the link functions as a mere connection

between an input and an output port of two APOC components, i.e., the input to the link

is identical to its output. Furthermore, an A-link can be used to transform the input, e.g.,

in case of numerical values it could �scale� the input by a particular factor, analogous

to the �weights� on connections in neural networks. It is also possible, to implement a

�timed link,� i.e., a delay, with which the value at the output port of S arrives at the input

port of R.

A-links provide opportunities for learning at the architecture level. First, by modify-

ing the operator on a link, neural-network-based learning, e.g., Hebbian and back propa-

gation learning can take place within an APOC-based architecture. Second, by allowing

modi�cations to the delay factor on an A-link, associations can be learned and priming

can be obtained for information retrieval as in the ACT-R cognitive architecture [7], e.g.,

by decreasing transfer time between two components which are active at the same time.

ART network-based learning [32] can also be modelled within in APOC, as shown in

Section 5.4.1. Q-learning can be modelled in a separate APOC component, connected

through O-links to all sensors, and through A-links to all behaviors. Finally, architec-

ture speci�c learning can be modelled through instantiation and deletion of architecture

components, as shown in Chapter 3.
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The P-link

Priority links are intended to explicate the capacity of generic components to control

other components’ associated processes. They are the only means by which an APOC

component can directly control processes of another component; the second component

automatically loses control of its process if the �rst has a higher priority. Since no link has

a process associated with it and components can only be connected to other components

via links, the only other method through which an APOC components could control the

process of another component is indirect, by having the second component �agree� that

upon receiving a predetermined value through an A-link, it will change its process state.

The state of a P-link is given by the tuple

� S � R � pri � op � t �

where S is the component attempting to take control of the process associated with R, R

is a component whose process may be in�uenced by S, pri is the priority of S, op the

operation that S attempts to effect on the process associated with R, and t is the time it

takes for data to traverse the link.

A P-link effectively passes the process control request of an APOC component on

to the component it is connected to through the P-link. Priorities can be used to imple-

ment many types of control mechanisms, in particular, hierarchical preemptive process

control. In embodied agents, such as robots, they could be used to implement emer-

gency behaviors: the component with the associated emergency process would have the

highest priority in the network and be connected to all the other components controlling

the agent’s behavior, which it could suppress in case of emergency (thus implementing a

�global alarm mechanism� as described by Sloman [97]).
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The O-link

Observer links are intended to allow components to observer other components’ inner

states without affecting them. The state of an O-link is given by the tuple

� S � R � D � t �

where S is the component observed by R, R is the observed component, D is the informa-

tion passed from S to R, and t is the time it takes for data to traverse the link.

The C-link

Component links are used to instantiate and remove instances of APOC components

at run-time. They are the only type of component that can instantiate or terminate an

APOC component. They are also used to instantiate the other link types between APOC

components and are themselves only instantiated by APOC components. The state of a

C-link is given by the tuple

� S � R � D � L � t �

where S is the component attempting an instantiation operation, R is the component in-

stantiated by S, D is information about the links which can be instantiated through this

C-link, L is the set of links already instantiated through the C-link, and t is the time it

takes for data to traverse the link.

We have now described the constituents of the APOC framework. In the following

chapter we shall demonstrate the use of the framework to bring together in one formal-

ism several architectures and even applying APOC to introduce new concepts in agent

architecture design.
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CHAPTER 4

APOC AS AN ANALYSIS AND COMPARISON TOOL

This chapter begins the description of uses of the APOC framework in the context

of agent architectures. We will �rst explore APOC as an analysis tool. In the subse-

quent sections we then show how different architectural mechanisms can be expressed

in APOC. This establishes a basis for architecture analysis, as architectures can be com-

pared with respect to their architectural and communication requirements.

4.1 APOC: An Analysis Tool

APOC is a useful tool for the analysis and comparison of agent architectures. Its

expressiveness allows it to express many agent architectures in a uni�ed way. Cognitive

architectures such as SOAR [61], ACT-R [7], and behavior-based architectures such as

subsumption, motor schemas, and situated automata, [12,27] can be expressed in APOC

and can be used together in different parts of one agent architecture. Furthermore, APOC

has a notion of �cost� de�ned for components and links that allows for the systematic as-

sessment of �structural cost� and �processing cost� of the whole instantiated architecture

at run-time. Consequently, it is possible to analyze properties of architectures and their

subarchitectures in terms of their cost. For example, the action selection mechanism in

Maes’ ANA architecture requires global control despite some claims that it uses only local

mechanisms [67]. Analysis results, can be used to compare the tradeoffs of various archi-

tectures with respect to some particular function, e.g., two different architectures imple-
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menting an �target-�nding task� can be compared with respect to their performance-cost

ratio.

APOC can also be used to analyze agent architectures at different levels of abstrac-

tion. There are two parts to this type of analysis. The �rst part focuses on the level of

abstraction at which components should be implemented, based on the complexity and

modularity of their functionality. A question answered at this level of analysis is, for

example, whether the implementation of the production system in SOAR should be as

a single APOC component, or each production should be a component. At this level

of analysis the architecture designer decides which components use associated processes

and how complex these processes are going to be.

If an architecture is to be described at a low level of abstraction, e.g., at its imple-

mentation level, then APOC components assume the role of the basic components of the

implementing (virtual) machine and do not have associated processes, as in implementa-

tions of Boolean networks.

At higher levels, however, APOC components may not be suf�cient to specify all

details, e.g., of the involved processes at lower levels, or it may not be desirable to give a

complete speci�cation of all details. In that case, the associated process of a component

can take over the details implicitly, while the component itself is viewed as and becomes

part of a higher-level description. For example, a �behavior� in a behavior-based archi-

tecture can be expressed in terms of an APOC component, whose associated process

operates on the agent’s effectors, while the controlling component re�ects the behavior’s

state and its higher-level activities, such as participation in action selection.

Type-token speci�cations and the capability for architecture modi�cation over time

form the second dimension of architecture analysis with APOC. Consider the basic ex-

ample of run-time component instantiation, presented in Figure 4.1.
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Figure 4.1. Type diagram, initial instantiation, state after �rst request, and �nal state of
sample APOC architecture

In Figure 4.1, T1, T2, and T3 represent three component types, with types T1 and

T2 utilizing the action performed by type T3. The numbers in parentheses in the type

diagram indicate instde f ault and instmax for each of the three types. Components I1 and I2

are instances of types T1 and T2 respectively, while components I3 and I4 are instances

of type T3. When the architecture is �rst instantiated, components I1, I2, and I3 are

instantiated, since all three types have instde f ault set to 1. When the �rst explicit request

for execution comes from one of the utilizing components,in this case, I2, that component

is connected to the existing instance I3. The next request results in the instantiation of I4,

with the requesting component, I1, using I4 to perform its operation.

Extending the previous example to neural networks, a layered neural network can be

speci�ed by connecting APOC components via activation links in two ways: either by

having the whole layered network as part of the architecture speci�cation, or by de�ning

components that will, in turn, construct the layers and then instantiate them. In the latter

case, the components that construct the layers at run-time can be viewed as �representa-

tion� of these layers at the type level by instantiating all components that are supposed to

be part of the layers together with their connections.
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Figure 4.2. Type and instance of a fully connected, layered neural network in APOC

The left side of Figure 4.2 depicts the type description of the neural network, i.e., a

whole class of potential neural network structures: an instance of type T1 can create 100

instances of type T2. Similarly, instances of type T2 can create 100 instances of type

T3. The right side of the �gure then shows one possible run-time structure which can be

obtained from the type description depending on the choice of update functions.

It is possible to specify C-link behaviors which produce permanent structures. APOC

components have the capability of instantiating other APOC components through the C-

link, as well as making all the necessary connections. In most circumstances, the instan-

tiating components also use the C-link to delete the instantiated structure. However, the

instantiating C-link can itself be deleted. This allows the newly instantiated components

to function independently, e.g., performing a specialized function such as recognizing a

speci�c stimulus. The scenario in Figure 4.2 as presented is both dynamic and reversible,

i.e. the structures are created and can be destroyed at run-time.

Thus far we have shown some of the tools APOC provides for the analysis of ar-

chitectures. In the following sections we explore the types of architectures which can be

modelled in APOC and provide translations to the APOC formalism for several behavior-

based architectures, including subsumption [27], schema-based [12], and DAMN [88],

cognitive architectures, including SOAR [61] and ICARUS [63], as well as a middle-
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layer system, which can act as a connection between the two types of systems, Contention

Scheduling [39].

4.2 Expressing other architectures in APOC

There are many ways in which behavior-based architectures can be expressed in the

APOC framework. A sequential architecture with a single computational process, for

example, could be viewed as a single APOC component, where the architecture’s func-

tionality is entirely encoded in the update function F . In this section we show one possible

translation to the APOC framework for several architectures.

4.2.1 Behavior-Based Architectures 1: Subsumption

The subsumption architecture [27] is a layered system, in which individual layers

work on individual goals concurrently and asynchronously. Layers consist of nodes, each

node being the representation of a behavior. Each behavior is implemented as an aug-

mented �nite state machine (AFSM).

Subsumption architectures can be translated into the APOC framework in straightfor-

ward manner by de�ning their components, the augmented �nite state machines(AFSM),

as follows:

1. The state table is directly incorporated into the update function of an APOC node;

2. Environmental/data inputs map onto A-links;

3. Inhibitor connections use A-links and simple, specialized APOC nodes to decide
whether to pass on information or whether to block it;

4. Reset and suppressor connections can be implemented via P-links, coupled together
with assigning nodes a priority proportional to the layer in which they are found.
Thus, nodes in higher levels can control the execution of nodes lower in the layer
hierarchy; and

5. A-links are used for message passing.
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4.2.2 Behavior-Based Architectures 2: Action Network

Based on Minsky’s �Society of Mind� [71], the Agent Network Architecture (ANA) is

viewed as a set of competence modules [67]. Competence modules are connected through

three types of links: successor, predecessor, and con�ictor. Two general conditions are

imposed on the architecture: (1) all nodes in the network have the same activation thresh-

old, and (2) if no active nodes are found in the network, the activation threshold is lowered

by 10%.

The functionality of each node in the ANA can be identically replicated within a

corresponding APOC node. A unique activation threshold has to be chosen for the entire

network. The activation threshold modi�cation function is then set to bring about a 10%

decrease in threshold every time no active nodes are found.

A special node is implemented with observer and activation links to all other nodes.

The function of this node is threefold: (1) to compute the average activation after each

time-step, (2) to send this activation back to each node, which can then perform its own

normalization, and (3) to observe active nodes within the network and decide whether a

lowering of the activation threshold is necessary.

Incoming activation links are then structured to form seven categories of ANA links:

predecessor links (excitatory), successor links (excitatory), con�ictor links (inhibitory),

sensor links or activation by state (excitatory), goal links (excitatory), protected goal links

(inhibitory), and the average activation link.

In addition to the structural mapping, several global parameters of the ANA architec-

ture need to be determined:

1. p, the mean activation value after each timestep;

2. Q, the initial value of the global threshold;

3. F, the constant determining the weighting of environmental sensor inputs and suc-
cessor links;

4. g, the constant determining the weighting of goal inputs and predecessor links; and
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5. d, the constant determining the weighting of protected goal inputs and con�ictor
links.

4.2.3 Behavior-Based Architectures 3: Motor Schema-based Systems

In schema-based approaches [13, 73], motor schemas operate as �concurrent, asyn-

chronous processes each of which instantiates a behavioral ‘intention’ � [82]. This prin-

ciple translates directly into APOC:

1. Each perceptual and motor schema maps onto an APOC component, with the com-
putation that de�nes the schema in the update function of the component or the
associated process, based on the complexity of the schema;

2. Motor and perceptual schemas are connected by A-links;

3. Sensors trigger, via C-links, the instantiation of the respective perceptual-motor
schema combination;

4. It is necessary to include a �summation node� component performing the fusion
part of all schemas for the effector output. This component is always instantiated
and also connected to the output of motor schema components via A-links. Note
that in APOC the associated process of this component could be directly in charge
of controlling the effectors.

The system in Figure 4.3 presents an implementation of a schema based system. The

system represented is the ‘ACQUIRE’ system presented by Arkin [13]. Since the mapping

from that system to the run-time APOC environment is direct, only the APOC represen-

tation is given here. In the �gure, d1 through d4 represent, respectively, detect-attractor,

detect-obstacles,detect-robot, and generate-direction, while a1 through

a4 are Move-to-goal,Avoid-static-obstacle,Avoid-static-obstacle,

and Noise.
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Figure 4.3. Sample APOC implementation of cooperative action selection: type speci�-
cation and one of the potential architectural states

4.2.4 Behavior-Based Architectures 4: DAMN

DAMN [88] is a voting scheme in which a central arbiter tallies votes from all behav-

iors to select the best behavior. The translation into APOC involves the following:

1. Each behavior maps onto an APOC component. The computation that de�nes the
behavior is implemented in the update function of the component or its associated
process, based on the complexity of the behavior.

2. Each motor controller is mapped to an APOC component, with the motor control
being part of the update function.

3. The arbiter is a specialized APOC component with arbitration code most likely in
the associated process.

4. Votes are passed to the arbiter through incoming A-links.

5. Commands are passed to motor controllers through outgoing A-links.

4.2.5 Behavior-Based Architectures 5: DAC

The DAC system [83] uses a neural-network based approach to implement controllers

for a robotic agent. In DAC, each behavior is implemented through a neural network.

When any node in a layer has an activation value of 1, it automatically triggers a motor

response. In the original system presented, the two behaviors are connected through an
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inhibitory element which gives preference to the avoidance behavior over the approach

one.

Due to the use of neural networks for control, the DAC architecture exhibits implicit

behavior selection. The adaptive component of DAC is also implicit, as DAC architectures

adapt by modifying neural network weights as a result of environmental interaction. The

changes are made through a modi�ed Hebbian learning algorithm.

DAC can be modelled in APOC as follows:

1. Each sensor maps onto an APOC component.

2. The Target Detector and Collision Detector each map onto an APOC component.

3. Each neuron maps onto an APOC component.

4. All connections among nodes are performed through A-links, where links within a
neural network implement, in their operator part, the learning mechanism.

4.2.6 Behavior-Based Architectures 6: GRL

GRL is a language for behavior-based which makes the generalization of treating

arbitration mechanisms as higher-level procedures. The GRL translation into APOC can

be seen below:

� Each procedure maps onto an APOC component.
� A-links are used for data transfer from the environment to behaviors and among

behaviors.
� O-links are used for data transfer from behaviors to arbitration components.
� Arbitration schemes are de�ned as APOC components. These components receive

inputs from the arbitrated components, process them according to internal rules
and produce overall outputs for the system. The internal rules can implement any
arbitration mechanism: competitive, cooperative, or a combination.

� Sequencing can be obtained through the use of ��ag� variables within components.
Other components, which depend on prior computation, use O-links to observe the
�ag variables and only start their computation once the �ag variable has changed to
a predetermined value.

The GRL de�nition of a behavior is as follows:
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(define-group-type behavior
(behavior act-level motor-vector)
(activation-level act-level)
(motor-vector motor-vector))

The weighted sum operator which would be required for a motor-schema implemen-

tation is:

(define-signal (weighted-sum . behavs)
(apply + (weighted-motor-vector behavs)))

(define-signal (weighted-motor-vector beh)
(* (activation-level beh)

(motor-vector beh)))

In APOC, with each behavior and the arbitration algorithm being embedded in sep-

arate components, this systems creates the structure in Figure 4.4, where b1 to bn are the

behaviors used in the system.

A�link
S

b b1 2b

O�link

Environment

n.  .  .

Figure 4.4. An example of an APOC translation of a GRL structure

4.2.7 Behavior-Based Architectures 7: L-Alliance

L-Alliance is a relative of the Alliance system [79, 81]. In L-Alliance [80], adapta-

tion is provided through the variation of several parameters during two phases: a learning

phase and an adaptive phase. In the learning phase, agents learn about their capabili-

ties and those of their teammates without concern for task completion. In the adaptive
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phase, agents are still able to modify their behavior-selection strategy, but the changes are

directed strictly towards goal achievement.

One global parameter, the activation threshold, needs to be �xed for all nodes. All

other parameters are local to each node and can, therefore, be computed as part of the

update section of a node in the robot architecture:

1. Sensory feedback: a binary parameter indicating whether the behavior associated
with the node is applicable to the current sensory con�guration.

2. Inter-robot communication: a binary parameter indicating whether another agent
has sent a message regarding the behavior associated with this node.

3. Suppression from active behavior sets: a binary parameter indicating whether an-
other behavior is currently active in the agent.

4. Learned robot in�uence: a binary parameter whose value is based on a threshold
function. In the active learning phase it indicates whether another agent is attempt-
ing the behavior associated with the current node. In the adaptive learning phase,
it indicates that the agent’s �boredom level� is above a threshold or that the agent
believes that it can achieve a task in less time than the agent currently attempting
that task.

5. Robot impatience: a real-valued parameter indicating the time the agent is willing
to allow another agent’s messages to in�uence its own motivation.

6. Robot acquiescence: two real-valued parameters indicating the time before the
agent yields the task to another and the time before the agent gives up on the task
when left on its own.

All the above parameters are then combined according to the update rule of the node,

following the de�nitions of the L-Alliance architecture, to compute a motivational factor.

Behaviors associated with nodes whose motivations exceed the threshold will then com-

pete for execution based on a prede�ned behavior selection policy, such as �shortest job

�rst� or �pick behavior at random.�

4.2.8 Behavior-Based Architectures 8: Behavior Column Architecture

The Behavior Column Architecture (BeCA) is an architecture that consists of a net-

work of blackboard-based cognitive and motivational nodes [47]. Each node is made up of

�ve basic components: internal (or �elemental�) behaviors which are knowledge sources,
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a blackboard, activity state registers of the internal behaviors, the interface/communication

mechanisms, and the competition/control mechanism.

For a translation into APOC, either a whole BeCA node can be mapped onto an

APOC component, or each of the basic components of the BeCA architecture can be

translated into an APOC component. In that case, internal behaviors are condition-action

rules which map in a straightforward manner to update functions in APOC components.

Internal behaviors connect to the blackboard via O-links to observe the current state of

the problem solving process, and A-links to place new solution elements to the black-

board. The activity state registers are connected to internal behaviors through O-links

and observe the state of these behaviors. Environmental and system information is fed to

a BeCA node through A-link connections to the communication node, which, in turn, is

connected through A-links to the blackboard in order to store environmental information

and to other nodes in the system. The competition/control mechanism is connected to

each internal behavior through an O-link which observes the activation of the node, and

a P-link which can activate or inhibit the behavior.

The adaptive part of its behavior-selection mechanism comes from parameter modi�-

cations in internal behaviors. Two quantities can be modi�ed: the strength of connections

between internal behaviors and conditions, i.e., the ef�cacy with which a behavior can

satisfy internal perceptions, external perceptions, and drives, and a combination factor

between internal and external signals. Both types of modi�cation are performed as part

of the update section of the APOC component representing an internal behavior.

4.2.9 Behavior-Based Architectures 9: Hybrid Coordination

Hybrid coordination [33�35] is another approach towards bridging the gap between

competitive and cooperative systems. In this approach, behaviors are grouped in sets of

two, with one behavior designated as dominant. The two behaviors send their outputs,
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consisting of a directional vector and an activation value, to a hybrid node, which com-

bines them in a manner preferential to the dominant behavior. A similar process is applied

recursively to hybrid nodes until an overall unique vector is generated as the overall be-

havior of the system.

The hybrid coordination architecture maps cleanly onto the APOC framework. Each

behavior node, as well as each hybrid node, can be mapped onto an APOC node. Com-

munication, both of desired actions and activation values, is achieved through A-links.

The adaptive component of this architecture consists in the degree of cooperation among

behaviors, which is controlled by the activation level of the dominant behavior.

An important contribution of this approach is that the hybridization process is ap-

plied ‘on top of’ an existing architecture. This is similar to our approach for arbitration

where arbitration mechanisms can be embedded in architectures. However, whereas hy-

brid coordination requires communication to be consist of an activation value and a vector,

thus making it dif�cult to use with components which use different information for com-

munication such as subsumption components, in APOC, components can be de�ned to

coordinate components designed in any methodology.

An APOC translation of each of the architectures discussed thus far can be seen in

Figures 4.5 and 4.6.
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4.2.10 Middle Layer: Contention Scheduling

The contention scheduling scheme, as a mechanism for action selection, forms the

middle layer in a three-layer architecture, in which the bottom layer is responsible for

carrying out �actions,� and the top layer consists of a supervisory system that monitors

the progress and possibly corrects the processes in the layers below. The middle layer

is itself divided into three parts: a schema network, an object network and a resource

network, each of which is hierarchically layered.

The Schema Network

The schema network consists of goal directed schemas and goals. Each schema is

made up of a set of several partially ordered goals, all of which have to be satis�ed before

the overall goal of the schema is achieved. Each goal, in turn is composed of one or more

schemas, any one of which may be used to achieve the goal. A numeric activation is asso-

ciated with each schema. This activation varies over time as a result of several in�uences

that are exerted on the schema. It is the activation of each schema that ultimately leads to

the selection of an action. If the activation of a schema is greater than a given threshold,

then the schema is allowed to pass activation down to its component schemas, i.e., pro-

vide top-down in�uence. Other types of in�uence in contention scheduling come from

the environment, from the schema itself, lateral from other schemas, and from random

noise, all of which contribute to the activation of a schema. The environmental in�uence

acts as a set of triggering conditions: a schema is only allowed to be active if the current

conditions allow its action to proceed. An additional requirement for schema activation

is that its goal must not have been achieved prior to the time when it becomes eligible for

activation.

The bottom of the hierarchy is composed of basic schemas, which correspond to sim-

ple actions, such as �pick-up-object.� In the case of the basic schemas, an activation that
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is greater than the threshold leads to the execution of the associated action. Completion

of this action leads to the satisfaction of the goal immediately superior to the schema in

the schema/goal hierarchy. The goals for each higher-level schema are stored as part of a

list in the respective schema and checked off as each goal is achieved.

In relation to the APOC framework, a general description of the schema network is

obtained through the decisions below:

1. APOC nodes are divided into two categories: goals and schemas. Goals are boolean
nodes that indicate achieved/unachieved status. Schemas are sets of actions that
lead to the achievement of goals.

2. Within each basic node representing a schema, A-links from the environment form
a special class of inputs. These links pass a non-zero activation to the schema before
it can become active.

3. Each goal node has an activation threshold of zero. Since, in contention schedul-
ing, goal nodes do not have activations, this allows a goal node to simply pass the
activation received through A-links to its component schemas.

4. Only A- and O-links are used in the network, as they most closely parallel the
links described in contention scheduling. By de�nition, the A-link performs the
function of activation-passing described in contention scheduling, while O-links
provide a convenient mechanism for signaling that a condition has been achieved.
As a result of this implementation decision, the priority of each basic unit does not
affect computation.

5. The structure of the architecture with respect to A-links is hierarchical, i.e., no
activation loops can be present in the schema network.

6. The basic nodes representing schemas in the bottom layer of the A-link hierarchy
implement basic actions.

7. Upon completion of its action, a schema node sends a signal to the correspond-
ing goal node via an O-link, causing the goal to switch state from unachieved to
achieved.

It is worth noting that, in contention scheduling, subschemas are not treated as sub-

components. Instead, the relation among schemas is governed through lateral inhibitory

links. The following scenario is therefore feasible in the contention scheduling frame-

work:

A high level schema is active and passes activation down to its subschemas. However,

at the motor-schema level, a schema unrelated to the high level schema is highly activated
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by the environment and is therefore wins the competition at the motor-schema level and

begins executing. This activation is a possible explanation for a number of errors exhib-

ited by people in daily activities. Consider for example the case where a person opens up

the refridgerator door in order to take out the orange juice. However, the �rst object seen

when the refridgerator is opened is a milk carton. Contention scheduling can account for

the person picking up the milk carton and pouring a glass of milk instead of the desired

glass of orange juice. In order to support this type of behavior, C-links are not used in the

APOC description of contention scheduling. The use of C-links leads to direct activation

of sub-behaviors, and would thus eliminate a characteristic of the contention scheduling

scheme.

The Object Network

Another subsystem of contention scheduling is the object network. This network par-

allels the schema network in many respects. Each object has an associated activation

value used to determine environmental in�uence on schemas and in deciding which ob-

ject to use to achieve a task when more than one applicable object is available. A different

activation value is stored for each possible use of the object. In the object network, activa-

tions are affected by lateral in�uence, self-in�uence, in�uence from schemas, and random

noise. The lateral, self-, and schema in�uences are summarized in two assumptions:

The in�uence of a schema’s activation on that of an object representation (for
a particular function) is dependent on the extent to which the object represen-
tation is employed, serving that function, in the triggering conditions of the
schema. (PA 10, [39] p. 312)
Object representations compete within functional domains. This competition
is effected by a lateral in�uence on the activations of competing object repre-
sentations, and a self in�uence on all object representations. (PA 11, [39] p.
312)

The APOC description of the object network is even more concise than that of the

schema network. It can be expressed in two :
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1. Basic nodes are nodes whose relevant information consists of a set of numeric val-
ues. Each numeric value denotes the activation of the object represented by the
node with respect to a possible use of that object.

2. Only A- and O-links are used in the network. As a result, the priority of each basic
unit does not affect computation.

The Resource Network

The resource network and the object network serve similar functions. The same way

actions require objects in the environment to which to be applied, they also require ef-

fectors in order to be completed. A resource and a schema in�uence each other if the

resource can be utilized by the schema. When an action is executed the most active ap-

propriate resources are allocated to it. Basic level schemas specify restrictions on objects

and resources to which they may be applied; objects and resources take the role of argu-

ments which are �lled in for each basic schema as it becomes active in accordance to the

speci�ed restrictions. The description of the schema network in APOC is analogous to

that of the object network.

Basic Parameters

In contention scheduling the activation of the various components is governed by the

following several parameters:

1. Rest level activation: the activation of a schema without input;

2. Persistence (decay function): the function that governs the return of schema activa-
tions to a rest level after the net input becomes zero;

3. Random noise: a random value added at every update to the activation to help break
ties if nodes have the same activation level;

4. The balance parameters. self:lateral, internal:external, and competitive:non-competitive.
These parameters specify the proportions of total activation from various sources;
self-excitation vs. later inhibition, internal contribution vs. external contribution,
competitive contribution vs. non-competitive contributions; and

5. Activation threshold: the number which, when exceeded by a schema activation,
allows the schema to be eligible to execute its associated actions or action sequence
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By de�nition, rest level activation, persistence, competitive:non-competitive ratio, and

self:lateral ratio are the same in all three networks.

4.2.11 Cognitive Architectures 1: SOAR

The structure of the SOAR architecture, as described in [61], is depicted in Figure 4.7.

Five main components are present in SOAR:

1. A Working Memory, which is a container with information about Ob jects, i.e.,
goals and states of the system, Pre f erences, which are structures indicating the ac-
ceptability and desirability of objects in a particular circumstance, and a Context Stack,
which speci�es the hierarchy of active goals, problem spaces, states and operators.

2. A Decision Procedure, which is a function that examines the context and prefer-
ences, determines which slot in the context stack requires an action (replacing an
object in that context), modifying the context stack as required.

3. A Working Memory Manager, which is a controller that determines which ele-
ments of the working memory, contexts and objects, are irrelevant to the system
and deletes them.

4. A Production Memory, which is a set of productions that can examine any part of
working memory, add new objects and preferences to it, and add new information
to existing objects.

5. A Chunking Mechanism, which is a learning mechanism for new productions.
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Figure 4.7. The SOAR architectural structure

Since descriptions of architectures in APOC can be done at various levels of detail,

there are several possible translations of SOAR to APOC, with varying levels of detail

hidden in the process associated with each APOC component. However, to make better

use of the intrinsic power of the framework, we describe SOAR at a fairly detailed level.

Thus, instead of choosing to describe the Working Memory as an APOC component,

we describe Pre f erences, Ob jects, and Goals as the basic components of an APOC-

based implementation of SOAR, imposing the structure of the SOAR architecture through

APOC links. Similarly, the production memory is mapped at the level of each production

as an APOC component.

Two types of links can be distinguished in Figure 4.7. Some links have associated

operations, which denote the fact that through those links elements can be either created
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(+) or deleted (-). The other links are simply data transfer links; these translate directly

onto the APOC O-links. Thus, the following O-link connections occur in an APOC

implementation of SOAR:

� The Chunking Mechanism is connected to all Pre f erences, Ob jects, and the
Context Stack. The items observed are the working-memory elements created in
the subgoal being processed.

� The Chunking Mechanism is connected to all Productions in order to trace the
productions �red during the subgoal being processed. Thus, the item observed is a
boolean variable indicating the status of a production.

� The Working Memory Manager is connected to all Productions. Observed items
are preferences and objects produced, whose information can be gathered from the
production such that a direct O-link to those objects can be created.

� The Working Memory Manager is connected to the Decision Procedure. Observed
items are the contexts produced, whose information can be gathered such that a
direct O-link to those objects can be created.

� The Working Memory Manager is connected to all Pre f erences, Ob jects, and the
Context Stack. The contents of each context of the Context Stack are compared
against the identi�ers of elements of the Pre f erences and Ob jects sets. Thus, the
items observed are the elements of contexts and the identi�ers of objects.

� The Decision Procedure is connected to all Pre f erences and the Context Stack.
The contents of each context of the Context Stack are observed and processed.
Preferences are observed for content and checked for matches against the context
currently being processed.

The creation/deletion functionality of SOAR maps directly onto the APOC C-link.

The creation process may require additional information to be passed to the newly cre-

ated node. For example, the conditions under which a new production �res need to be

sent to the production when a generic production is created and objects need to be given

identi�ers. An A-link is then created through the C-link and used for information passing.

The deletion process requires that information ve known about the situation state of

working memory, e.g., determining if an object is used in any context on the context stack.

This information is retrieved in APOC through the O-link mechanism. Thus, a C-link

from the �Decision Procedure� or �Working Memory Manager� to a preference, object,

or a goal creates an O-link upon the creation of a component representing a preference,
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object or goal. The new O-link link is thereafter used to observe the new component as

described above.

4.2.12 Cognitive Architectures 2: ACT-R

ACT-R is a cognitive architecture for whose description we chose the recent descrip-

tion of version 5.0 by Anderson, et.al. [7]. Its description includes the brain regions

which map onto each functionality of the architecture. The architectural layout is shown

in Figure 4.8.
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Figure 4.8. The ACT-R architectural structure

The main components of ACT-R are described below:
� A Perceptual � Motor System which interacts with the environment, receiving vi-

sual input and sending commands to the effectors. Perceptual information elements
(chunks) are also created in this system.

� An Intentional Module, also known as a Goal Module, which holds representa-
tions of intentions and keeps track of them, so the behaviors serve the goal. Abstract
and compound chunks are created here.
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� A Declarative � Memory 	 Module which holds and retrieves records of chunks.
� A Procedural Module which performs two main functions: partial matching on the

conditions to determine the rules which are eligible for execution, selection of one
rule among those eligible for execution to �re in the current cycle. 1

In the simplest translation, each of the above elements can map to one APOC com-

ponent. Chunks are also created as APOC components, which, in the ADE environment

leads to the creation of a distributed memory structure among the participating computers

on which the ACT-R architecture is distributed. A distributed matching system can then

be implemented within an ACT-R architecture by creating a partial matcher on each ma-

chine. On each update cycle, the partial matcher reports which objects on its host match

rule antecedents. The partial matches on each host are reported to the partial matcher

from the host on which the rule resides, which then completes the matching process.

Communication among various elements of the architecture is made through a buffer

associated with each element. Each buffer contains one piece of data (a chunk) which is

accessible to the system at large. In APOC the buffer is simply a �eld in each component

and its value is communicated to other architectural elements through the use of O-links.

The chunk retrieval process is activation based, with the activation of a chunk given

by

Ai � Bi � å j WjS ji,

where Bi is the base level activation of the chunk, W j is the attentional weighting of

the elements that are part of the current goal, and S ji are the strengths of association from

the elements j to chunk i. It should be noted that activation values map directly to the act

element of APOC components . The base level is given by

Bi � ln � ån
j � 1 t j � d 	 ,

1Like SOAR, ACT-R uses productions in the form of condition-action rules to encode all processes and
skills necessary to achieve goals. However, in ACT-R, a single rule �res on each update cycle.
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where n is the number of times element i in memory has been accessed (practiced), t j

is the time since the jth practice of item i and d is a parameter estimated at 0.5. Retrieval

time for chunks is then given by

Recognition time � I � Fe � Ai ,

with I and F being experimentally determined time constants. The retrieval time of a

chunk can be adjusted in APOC by varying the delay on the link going to the component

representing that chunk.

4.2.13 Cognitive Architectures 3: ICARUS

ICARUS is a cognitive architecture with the capability of learning hierarchical skills.

The ICARUS representation of skills is related to both production rules and STRIPS op-

erators. ICARUS divides memory space into conceptual memory and skill memory. Con-

ceptual memory is the residence of states, such as a description of a desk, and relations,

such as a description of �on top of.� Skill memory contains the system’s knowledge about

actions, such as �put object A on object B.� ICARUS also divides memory into long-term

and short-term memories. Each element in long term memory is a symbolic description

with an associated numeric function which computers the value of that description in

terms of the current sensory value reading. Each element in short term memory is an

instance of a long term memory element.

Long-term Conceptual Memory

Long-term conceptual memory contains de�nitions of concepts, such as car, and of

relations, such as �in left lane.� To translate ICARUS long term memory into APOC we

use the following rules:

� Each concept is represented as an APOC component. The characteristics of each
object are embedded within its equivalent component. For example, a component
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Figure 4.9. An example of an APOC translation of an ICARUS structure

which represent a numeric concept, such as speed or distance, embeds the arith-
metic function which computes the quantity associated with that concept within its
update function F .

� Higher-level concepts, which have other concepts as positive or negative precondi-
tions check for the achievement of those preconditions in F .

� Higher-level concepts whose preconditions need to be checked against speci�c ob-
jects connect via A-links to the lower-level concepts representing those precondi-
tions. The links are used to send across the parameters to which the tests of lower
level concepts are applied.

� Higher level concepts connect via O-links to lower level concepts to ascertain
whether their positives and negatives are satis�ed.

� Higher level concepts can create �instances� of their knowledge: the Lane-To-Right
component can instantiate a Lane-To-Right-Instance, identifying a particular line
found to the right. Therefore, concepts are connected to each of their instances
through a C-link.

Long-term Skill Memory

Long-term skill memory contains knowledge about ways to act and achieve goals,

such as how to overtake a car moving slowly ahead. To map long-term skill memory to

APOC we use the following rules:

� Each skill is represented as an APOC component.
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� Each skill connects through O-links to sub-skills/rules in order to verify their com-
pletion.

� Each skill component connects through O-links to concepts in order to verify that
the pre-requirements (start:) and the continuing requirements (required:) are met
(if necessary).

� Distinctions between ordered: and unordered: are implemented in the update func-
tion, F, or in the associated process.

� The evaluation function for a skill decomposition is de�ned in the update function,
F .

Short-term Conceptual Memory

Each instance of a long term concept which can be created based on current sensory

information is represented as an APOC component.

Short-term Skill Memory

This memory contains the skills the agent intends to execute. Each element represents

an instance of a long-term memory skill and has concrete arguments. Each element is

represented as an APOC component and is linked through A-links and O-links to the

percepts and short-term memory concepts which form its arguments. In primitive skills,

actions are mapped onto effectors.

Perceptual Buffer

Percepts are represented as APOC components. For example, the literal (#speed car-

007 20.3) is represented as a component. A concept connects via O-links to percepts in

order to read their values.

To learn hierarchical skills in APOC, an analysis component is connected to all skills

and checks preconditions. This component constructs the precondition hierarchy, as de-

scribed in [62]. In APOC terms, a new component is created for each common precondi-

tion of two or more skills and it connects to the skills which have the common precondi-
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tion. The link structure thus created determines the memory hierarchy and therefore the

skill hierarchy.

A simple example of a translation is presented below. Consider the function

(in-lane (?car ?lane)
(lane ?lane ?left-line ?right-line)
(car car?)
(\#xdistance ?car ?left-line ?dleft)
(\#xdistance ?car ?right-line ?dright)
(< ?dleft 0) (> ?dright 0))

An APOC translation following the above rules can be seen in Figure 4.9.

It should be noted that there are two instances of the #xdistance concept in this de-

scription. We chose this implementation in order to illustrate the �exibility of APOC and

to show how an APOC-based architecture could make use of the facilities available in the

system, in this case assuming there are enough resources to duplicate a functional unit, in

order to maximize system performance. For more details on how resource constraints are

used in APOC, see [].

In Figure 4.9, the instance of in-lane, i-l001, sends object data to the lane instance

component, l001 through the A-link. Then it observes through the O-link to see whether

the object sent is a lane. Similar processes take place with the other instantiated com-

ponents. For this example, we left the magnitude comparisons, � and � , in the update

function, F , of i-l001, due to the simplicity of the functionality represented.

4.2.14 Cognitive Architectures 4: PRODIGY

PRODIGY is a mixture of planning and learning, consisting of a general purpose

planner and several learning systems, as seen in Figure 4.10.

Knowledge in this system is represented in terms of operators. A central module de-

composes a given problem into subproblems. In PRODIGY, a planning domain is spec-

i�ed as a set of objects, operators, and inference rules which act on those objects. To
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Figure 4.10. The PRODIGY system with its component parts

translate a PRODIGY system to APOC, we use the following rules:

1. Each operator type maps onto an APOC type component.

2. Each bindings component (instantiated operator) maps onto an APOC component.

3. Each object in the knowledge base maps onto an APOC component.

4. Each control rule maps onto an APOC component.

5. Each goal maps onto an APOC component.

6. Goal and bindings components have a cost �eld and a computation of cost imple-
mented in the update function, F . Operator types do not have costs; in APOC types
are not part of the traversed graph, resulting in a slightly different, though function-
ally equivalent, structure from the graph described with PRODIGY and shown in
Figure 4.11.

7. Wherever applicable, each component computes its own cost in the update function,
F . The cost of the top component then represents the cost of the plan.

8. Operators have O-links to object representations or other operators, which deter-
mine the meaning of the operator.

9. The central module is implemented in its own APOC component, with connec-
tions to all other components in the system. This component has P-links to the
Back-Chainer and Operator-Application to determine which executes at each step.
Recursion is obtained by repeated application, e.g., by cycling through the archi-
tecture.

10. The Back-Chainer is an APOC component.
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Bindings Node
(instantiated operator)

Figure 4.11. The structure of a PRODIGY plan

11. The Back-Chainer can create bindings components and pass as arguments to the
new components the ids of objects/operators to which the new instantiated operators
should connect.

12. The Operator-Application is implemented in its own APOC component, which has
O-links to all objects and operators. This component is connected through an O-
link to the Back-Chainer in order to observe the state of the tail plan.

13. Each of the other elements of the system, such as EBL and Hamlet, are separate
components, which connect to PRODIGY through both O-links and A-links. These
components connect only to those components required for their functionality. For
example, QUALITY receives the current plan from PRODIGY and attempts to re-
�ne the plan and generate new control rules which will allow PRODIGY to generate
better plans. QUALITY may need to connect to all components which are part of
the plan, or it may simply operate on an abstract representation of the plan and
system state, created by PRODIGY.

14. An external user can create a plan using APOC components. The components
which need to use information from this plan can connect to the user-created plan
through O-links.

The initial state of a problem is the initial state of the system.

The above examples illustrate how existing models of adaptive and non-adaptive be-

havior selection, as well as cognitive architectures can be expressed within the APOC

formalism in a uni�ed way.

We have seen so far that various architectural mechanisms can be expressed in APOC

and that architectures can be analyzed in the framework. In the next chapter we investigate

how these characteristics can be used in the process of designing an architecture.

58



CHAPTER 5

APOC AS A DESIGN TOOL

Section 4.2 has illustrated how various architectural designs translate into the APOC

framework. The various translations allow for the de�nition of a large variety of mech-

anisms within the same architecture. Concepts from one formalism can often be trans-

ferred to another by virtue of a uni�ed representation in APOC. For example, semantic

nets, neural nets, conditions-action rules, or conceptual hierarchies can all be de�ned in a

similar way. It is possible to study different designs of mechanisms, e.g., how to arbitrate

behaviors, or how to actively manage �nite resources at the architecture level. Since algo-

rithms are generally implemented in APOC components, APOC automatically yields a

way of distributing computations in terms of asynchronous computational units and their

communication links.

It should be noted that the migration of algorithms to architectural components makes

it possible to have different algorithms operating in different parts of the architecture,

as well as changing these algorithms over the lifetime of the agent. Furthermore, the

resource requirements and computational cost of the architecture can be determined and

compared to other architectures implementing different algorithms for the same task.

Consider, for example, the use of SOAR features in an ACT-R system. SOAR ar-

chitectures contain a Chunking Module for production-based systems, described in [91].

This module observes the environment and creates chunks of new, specialized productions

which are linked to the goal being pursued. These new rules can then be used in special-
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ized contexts. If both architectures are developed in APOC, then the Chunking Module

can be added to an ACT-R system, where it is connected via O-links to chunks in Declar-

ative Memory representing objects and to goals in the intentional module. The new, more

specialized rules are automatically used by ACT-R: the rule-selection process is based on

a partial match, and the best match should be provided by the specialized rule.

Behavior-based robotics provides another setting where APOC �exibility affords the

architecture designer the option to combine architectural methodologies. Schema-based

systems and subsumption-based systems have little in common, but in APOC, the two

systems can coexist. The two systems can either be in independent parts of the archi-

tecture, e.g., by implementing motor control in a subsumption-based manner while vi-

sual motor control is implemented using a schema-based approach, or by using a control

mechanism to switch between the two methodologies in controlling the same subsystem.

As an example of the need to express different architectural mechanisms in a uni�ed

manner, we start in the next section by presenting in detail the arguments for allowing

the modi�cation of behavior-selection mechanism in the context of behavior-based archi-

tectures. The following two sections then illustrate how APOC can be used to provide

this capability to the agent developer. Due to its generality, APOC also supports the de-

scription of problems seemingly unconnected to agent design, such as cellular automata.

Through APOC, ideas from these problems can be incorporated into the agent-design

process. Some examples of other constructs which can be expressed into APOC are

presented in Section 5.4.

5.1 Architectural Mechanisms for Behavior Selection

Agent architectures can be classi�ed along several lines based on their behavior-

selection strategies. One such categorization separates architectures into cooperative and

competitive. In this chapter we discuss the behavior-selection problem. Then we look at
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several classi�cations of behavior-selection strategies, showing how APOC architectures

from different classes can be expressed in APOC. We continue by adding a new dimen-

sion to agent architectures, that of a dynamic behavior-selection strategy. Next we explore

APOC as a tool for enriching agent architecture design through the use of concepts from

seemingly unconnected areas such as cellular automata. Finally, we describe the roles

APOC can play as an analysis and design tool.

The problem of �behavior selection� in agents has been under investigation for sev-

eral decades. Two different ideas have come to converge under the term �behavior� and

this duality is re�ected in the term �behavior selection.� The �rst meaning refers to the

observable actions of an agent. In the second meaning, �behavior� means an architectural

component or a mechanism consisting of several, possibly interconnected components,

which implements all or part of an observable behavior.

In this thesis, we will use the term �behavior selection� in its second meaning. This

allows us to focus on the architectural features of an architecture and analyze the archi-

tecture in terms of its constituent components and links. At the same time, focusing on

the architectural meaning of the term allows us to avoid at this time the issues of emer-

gence, in which the observable behavior is only partially due to the selected architectural

behavior. One example where such a misunderstanding can arise is simple motor control

on a slippery surface; due to wheel slippage, the trajectory of the robot may be random,

even though, at the architectural level the behavior selected directed the robot to move

forward in a straight line.

Another terminological problem with the term �behavior selection� is the sometimes

synonymic use of the term �action selection� [67, 104]. There are two reasons for our

use of the term �behavior selection� over �action selection.� The �rst is that most of our

experimental work was done in the context of behavior-based architectures, where the

basic constituents of architectures are behaviors. The second reason is that the term action
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itself can have multiple meanings. It can refer to behaviors in both the above meanings,

but it can also refer to simple motor control, as illustrated by Cooper and Shallice [39].

In the latter case, the term behavior is reserved for more complex processes.

In the context of our work, the term �behavior selection� will refer to the process by

which a set of components which implements a behavior in the second sense will lose

control of the agent’s effectors and another component or set of components will gain

control of the effectors. The new set of components will most often implement a new

behavior in the second sense. This switch leaves open the possibility that the switch

be between different implementations of the same observable behavior. Control of the

effectors implies, in APOC terms, that a component has an exclusive link to the effectors,

either by virtue of its being the only such link in the system, or by having the effectors

ignore input on other incoming links. Losing control then implies either the deletion of

the link, or the inhibition of its value at the effectors. Similarly, gaining control of the

effectors by a component entails either the creation of a link from the component to the

effectors, or uninhibiting the link so that its output reaches the effectors.

Our de�nition of �behavior selection� has several advantages over other de�nitions,

such as Tyrrell’s [104]. By focusing on the selection of a set of components which have

control of the agent’s effectors, we avoid the possible misunderstandings which can arise

from the multiple meanings of the word behavior. Moreover, it is irrelevant to the selec-

tion process whether the components implement behaviors or actions in any of the mean-

ings of each term. A second advantage is that the de�nitions of �behavior selection,�

losing control, and gaining control cover the entire process of changing the component

capable of exercising control over the effectors. A third advantage is that this de�nition

of �behavior selection� generalizes across both architectures where behavior selection

is done explicitly through special components, such as schema-based architectures, and

architectures where behavior selection is determined by structural features of the archi-
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tecture, such as the interconnection of components in a subsumption architecture. We will

refer to the �rst type of behavior selection as explicit, and to the second as implicit in the

remainder of this chapter. Finally, this de�nition of behavior selection is not dependent

on the level of abstraction at which architectures are speci�ed.

Based on this de�nition, we can now categorize different proposals for behavior se-

lection mechanisms in a systematic way based on whether they are cooperative or com-

petitive, implicit or explicit, and adaptive or non-adaptive, and discuss their different

properties.

5.1.1 Cooperative versus Competitive Behavior Selection

Following Pirjanian [84], cooperative behavior selection requires mechanisms which

achieve some sort of �behavior (or command) fusion,� integrating information from dif-

ferent sources in the architecture before it is passed on to the effectors to produce the

current behavior.

Examples are voting mechanisms [87,89], superposition techniques [12,19,53], fuzzy

command fusion mechanisms [2, 110], or multiple objective behavior coordination meth-

ods [51, 86, 100]. Note that in the extreme case, cooperative mechanisms never actually

�select� behaviors, because the set of components implementing the agent’s basic behav-

iors is permanently connected to the integration component, which in turn is permanently

connected to the effectors, as in simple schema-based architectures.

Competitive behavior-selection mechanisms, on the other hand, require the selection

of a behavior based on the result of some competition process among different compo-

nents, possibly followed by the arbitration of the current behavior, if a behavior different

from the current one was selected during competition. Examples are priority-based [27],

state-based [46, 48, 60, 103], and winner-take-all competition mechanisms [67, 74, 75].

Competitive and cooperative behavior selection-mechanisms are mutually exclusive
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in that the same set of behaviors cannot use both a cooperative and competitive mech-

anism at the same time. However, it is still possible to use them together in the same

architecture as long as there is a way to decide which selection mechanism gets to select

behaviors at any given time. For example, a hybrid architecture may consist of a cooper-

ative behavior selection mechanism in the reactive layer, and a competitive mechanism in

the deliberative layer, or vice versa.

We will present several examples of architectures with competitive and cooperative

behavior selection in Chapter 9.

5.1.2 Implicit versus Explicit Behavior Selection

Behavior-based architectures can also be distinguished based upon how behavior se-

lection is accomplished, i.e., whether it is implicit or explicit. Implicit behavior selection

uses structural features of the architecture to select behaviors, e.g., through a hierarchical

arrangement of control components as in the competitive behavior selection of subsump-

tion architectures [27], or through the relative strengths of inhibitory and excitatory con-

nections among components as in the cooperative example of Braitenberg vehicles [26],

while explicit behavior selection uses specialized components, e.g., as the summation

component in schema-based architectures for cooperative behavior selection [12] or the

global algorithm which chooses a module in the ANA architecture [67,68] for competitive

behavior selection.

Implicit and explicit behavior-selection mechanisms are also mutually exclusive, anal-

ogous to competitive and cooperative mechanisms. Yet, as with competitive and coop-

erative mechanisms, they can coexist in one architecture. A specialized component for

behavior selection, D, may be part of a hierarchical structure that determines the order in

which behaviors get to control the effectors, e.g., based on inputs from the environment.

If the behavior implemented in D is selected, then behavior selection proceeds according
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to the policy implemented by D, otherwise it proceeds according to the hierarchical struc-

ture. Note that in this case, behavior selection determined by the hierarchy has precedence

over behavior selection determined by D. We will present an example of an architecture

that combines both implicit and explicit mechanisms in Section 9.2.

5.1.3 Non-Adaptive versus Adaptive Behavior Selection

Since behavior selection is typically a built-in feature of behavior-based architectures,

especially in architectures with implicit behavior selection like subsumption, it is not

amenable to change in most architectures, e.g., [25, 27, 67, 104]. We shall call behavior

selection strategies that cannot be modi�ed throughout the lifetime of an architecture

instance non-adaptive.

Some architectures, however, allow for the adjustment or adaptation of behavior se-

lection strategies [47, 80, 109]. We shall call such architectures adaptive. Adaptation in

these systems generally consists of either modifying internal parameters which affect the

choice of the behavior or modifying the set of available behaviors from which a choice

can be made based on a triggering condition. Thus, any modi�cation in the behavior-

selection strategy in these architectures is achieved within the context of a �xed strategy

and typically only parameters of a specialized component are modi�ed.

One adaptive approach with explicit behavior selection proposed a �hybrid cooperative-

competitive� behavior selection strategy [34]. Here, adaptation occurs through reinforce-

ment learning, during which fusion parameters of decision components that integrate the

outputs of two behaviors are learnt. Analogous to the above mechanisms, modi�cations

of behavior selection strategies are achieved by varying two parameters of specialized

integration components. 1.

Finally, there are also proposals for implicit adaptive mechanisms (e.g., [83]), where

1Since the employed fusion mechanism only gives rise to competitive behavior selection in the limiting
case (analogous to schema-based approaches), it will be classi�ed as �cooperative,� see also Section 4.2.9
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a variant of Hebbian learning in a neural network is used to learn the fusion parameters

(i.e., the weights on connections from different behaviors that are combined to yield the

overall motor output).

While the previous two dimensions are concerned with properties of the architecture

layout, the distinction between adaptive and non-adaptive behavior selection is pertinent

to the run-time instance of an architecture. Table 5.1 summarizes the proposed catego-

rization of behavior selection mechanisms in common architectures along all three di-

mensions.

TABLE 5.1. EXAMPLES OF BEHAVIOR-SELECTION STRATEGIES CLASSIFIED

ALONG THE THREE PROPOSED DIMENSIONS: COMPETITIVE VS. COOPERA-

TIVE, EXPLICIT VS. IMPLICIT, AND ADAPTIVE VS. NON-ADAPTIVE.

Non-Adaptive
Competitive Cooperative

Explicit Agent Network [67], Lorenz [65],
Bayesian Decision Analysis [60], Schema [12], DAMN [88],

Foka [46], Balch [19], Jenkins [53],
Probabilistic methods [103] Multiple Objective Behavior Coordination

[51, 86, 100], Fuzzy fusion [2, 110],
Action Voting [49]

Implicit Subsumption [27], Baerends [17] Braitenberg [26]
Adaptive

Competitive Cooperative
Explicit Alliance [80], Yamada [109] Hybrid Coordination [34], BeCA [47]
Implicit DAC [83]

5.2 The Argument for Dynamic Changes of Behavior Selection Strategies

In the following, we consider seven different cases, in which adaptive behavior selec-

tion can be advantageous for behavior-based agents, in particular for robots, all of which

will be veri�ed experimentally in Sections 9.1 and 9.2.
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5.2.1 Case 1: Selection of Sensory Information

Selecting a subset of all available sensory information for perceptual processing can

be useful to reduce overall processing and lead to better performance, especially in robots,

where sensory input is often unreliable. Sonar sensors, for example, often produce erro-

neous readings, cameras fail in dark environments, shaft encoder counts do not re�ect the

actual distance traveled on slippery surfaces. Fortunately, many of these errors can be

detected, at least to some degree, by means speci�c to each sensory modality. For exam-

ple frequent and sudden large changes in sonar values, low brightness levels in camera

images, discrepancy between motor encoder counts and sonar readings relative to land-

marks, all may be indicators of erroneous sensor readings. Behavior selection can then be

dynamically adjusted so that it will be based only on the more reliable sensory inputs by

automatically eliminating sensory input that is not reliable, either temporarily or perma-

nently, as in the case of a broken sonar sensor that always returns the same reading. By

the same token, redundant or irrelevant sensor information, if detectable, can be ignored.

5.2.2 Case 2: Emergency Responses

Embodied agents will typically need fast mechanisms to deal with emergency situa-

tions. Such �global alarm systems� [97] must be connected to the sensors and effectors in

such a way that they can interrupt any behavior and take control of the agent’s effectors.

In other words, behavior selection in a system with alarms might be competitive at the

level of the alarm mechanisms, but could be cooperative for other behaviors, i.e., when the

alarm is not activated, thus retaining advantages of cooperative behavior selection. While

alarms are typically directly associated with emergency behaviors, it is also possible to

use alarms only to change the behavior selection strategy temporarily until the state that

triggered the alarm has changed, e.g., a particular urgent goal has been accomplished.
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5.2.3 Case 3: Infeasible Behaviors

Combining behaviors based on sensory inputs via a �xed mechanism can at times

prompt the agent to attempt infeasible behaviors. A simple example is illustrated in Fig-

ure 5.1, where an agent, A, is trying to reach an item, the black circle, in the environment.

The target item is partially blocked by obstacles, denoted by white circles. While moving

down and moving to the left are both feasible behaviors, their straight-forward combina-

tion, as it might occur in a schema-based system, produces a behavior (diagonal move)

which is not feasible given the current state of the environment.

A

B

Figure 5.1. Examples of an infeasible combination of feasible behaviors (go left and
go down for agent A) and a feasible behavior from combination of infeasible behaviors
(go right and go down for agent B) in order to get to the goal state represented by
the black circle. White circles denote obstacles.

A possible and simple solution to the combination problem is to temporarily change

the behavior selection strategy: instead of combining behaviors, individual behaviors are

given priority.

5.2.4 Case 4: Extending the Behavioral Repertoire

The converse problem to �infeasible behaviors� is a situation where no sequence of

individual behaviors can accomplish an agent’s task (e.g., as in the case of agent B in

Figure 5.1, whose basic behaviors are limited to move-forward, move-backwards,

turn-left, and turn-right). In that case, temporary combinations of behaviors,

e.g., via behavior-fusion might permit the agent to achieve the task. In the example from

68



Figure 5.1, B would combine move-forward and turn-right to perform a diagonal

movement.

5.2.5 Case 5: Mappings between Context and Behavior Selection Strategies

The last two cases illustrated that it is sometimes bene�cial to switch between coop-

erative and competitive behavior selection. In general, such switches will be context-

dependent, and can therefore be de�ned by a mapping between context and a set of

behavior-selection strategies or parameters of behavior selection strategies. The context

will generally include states internal to the architecture in addition to sensory information.

There are several applications for such a mapping. If several behavioral sequences

exist to achieve a particular task, it can be used to implement a context-dependent pref-

erence mechanism. For example, a robot assembling cars might perform actions sequen-

tially if run in �demonstration mode,� even though these actions could be performed in

parallel. Another example is that of a learning mechanism which could try to establish the

best behavior-selection strategy either by systematically trying out all available behaviors,

which would allow the agent in the above cases to associate particular environmental se-

tups with behavior selection strategies, or by systematically varying the parameters of a

behavior-selection strategy.

In general, mappings between contexts and behavior-selection strategies might be a

way to represent solutions for whole classes of problems in a very compact way. They

could be either �xed or learned through experience, and might improve the agent’s overall

level of adaptivity without the need for a deliberative layer, in which a planner operates

on a representation of the environment in order to �nd a solution to a particular problem,

i.e., a plan representing a sequence of actions or behaviors to achieve the task.
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5.2.6 Case 6: Attentional Mechanisms

Attentional mechanisms in animals and humans serve the purpose of channeling sen-

sory information and focussing processing on salient or important stimuli. They can also

redirect processing resources dependent on the �focus of attention,� for which they often

require control of the agent’s effectors as well, e.g., to be able to look in the direction of

a loud noise.

Attentional mechanisms can be integrated into behavior-based architectures by allow-

ing them to control dynamic switches among behavior-selection strategies; the behavior

selection strategy to which they switch can be either �xed or learned.

5.2.7 Case 7: Learning Behaviors

Often an agent can determine how well it is doing at a given task based on some

observable internal or external state, e.g., how much energy is left that can be used for lo-

comotion or how close an agent is to a given goal state based on sensory input. In general,

if a performance measure is available within the agent’s architecture, it is possible to de-

�ne a simple, unsupervised, reinforcement-learning component that can learn a mapping

from contexts to behavior-selection strategies based on the performance measure.2 In the

simplest case, the component could automatically switch at random among different be-

havior selection mechanisms during a �learning phase,� recording context performance

pairs, and then eventually always pick the best behavior-selection mechanism based on

the learned associations for the given context. Alternatively, learning could be triggered

by other components or by repeated failure at achieving a task and proceed in a systematic

fashion, e.g., low-cost behaviors are always tried �rst.

2The performance measure can be implicit in the architecture or explicitly represented (e.g., as a numeric
value).
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5.3 Dynamic Behavior Selection Mechanisms

The examples in Section 4.2 illustrate how existing models of adaptive and non-

adaptive behavior selection can be implemented within the APOC framework in a uni�ed

way, using a few basic computational components and the four link types among them.

A common characteristic of current architectures with adaptive behavior selection is that

the adaptation process does not require the agent architecture to undergo any structural

change. Rather, parameters of specialized components which function as arbiters are

modi�ed to change behavior-selection strategies. In this section, we eliminate the un-

necessary restriction of adaptation processes operating only on parameters of specialized

components and allow adaptation both to be cooperative and to occur at the structural

level of the architecture itself, i.e., to be implicit. Furthermore, we allow for any of the

eight possible kinds of behavior-selection mechanisms we distinguished in Section 5.1 to

occur at any place in the architecture.

First, we demonstrate adaptive-implicit cooperative and competitive behavior selec-

tion by structurally changing an architecture instance at run-time to employ different

behavior selection strategies at different times. Speci�cally, we illustrate the dynamics

of such changes by de�ning architectures for virtual agents performing a two-resource

foraging task in a simulated environment. The agents switch between competitive and

cooperative behavior-selection strategies.

5.3.1 Switching from Cooperative to Competitive

Consider the example in Figure 5.2. The type level speci�cation shows behaviors B1

through Bm receiving input from the environment. Their outputs are then fused in the

fusion node S to produce the effector commands to be executed by the agent. Type M is

a node which observes the state of the agent. If the conditions require it, a node of type

M can send a message to a node of type D, which can instantiate a node of type C. The
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function of a type C node is solely to act as an arbiter among the available behaviors by

inhibiting some of the outputs going from the behaviors to the fusion node. At run-time

and under normal functioning conditions, the state of the system is cooperative, as shown

on the lower left of Figure 5.2. Node d, which is an instance of type D, observes the

state of the agent (not shown) but does not interfere with the behaviors performed. When

needed, however, node d instantiates node c, which leads to a change in the behavior

selection mechanism among nodes b1 �� ! " !� bm (lower right in Figure 5.2).
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Figure 5.2. Dynamic change from cooperative to competitive behavior selection: the type
speci�cation is shown on top, a standard cooperative system (A2) is on the lower left,
the dynamic system (A1) in its default, cooperative state is on the lower middle, and the
competitive state of the system on the lower right.

In particular, consider the case in which one action, b1, represents the water-seeking

action of the agent. If the agent’s water level drops below a certain critical threshold,

d will instantiate a node c, which in turn will allow only b1 to send its output to s,
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thus suppressing all other actions, e.g., food seeking. This effectively turns what was a

cooperative system into a competitive cluster.

5.3.2 Switching from Competitive to Cooperative

The reverse process is illustrated in a slightly different setup in Figure 5.3. Here, the

default mode of operation of the system is competitive and it is enforced through node c.

However, node m can send a signal (through the P-link) to node d, which can lead to the

deletion of node c, changing the arbitration mechanism to cooperative.
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Figure 5.3. Dynamic change from competitive to cooperative behavior selection: the type
speci�cation is shown on top, a standard competitive system (A4) is on the lower left,
the dynamic system (A3) in its default, competitive state is on the lower middle, and the
cooperative state of the system on the lower right.

In our experiments, we will consider architectures where m can monitor the sensory

input to action nodes that are not currently in control, e.g., a water-action node that is
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not active, because the agent is moving towards food. If water is nearby, but the agent is

going after food, m will temporarily turn on cooperative behavior selection, which in turn

will allow the agent to get water on its way to food.

5.3.3 Multiple Behavior-Selection Mechanisms in APOC

The above examples illustrate the way in which a change in the behavior-selection

mechanism of an agent can be effected in APOC. In general, each policy could be im-

plemented as the process section of an APOC node. Whenever a speci�c policy is to be

used, an instance of the corresponding APOC node is instantiated and connected to those

nodes already present in the architecture to which the policy is to be applied.

In particular, the cooperative-to-competitive switch is enforced by connecting the pol-

icy node to the controlled node through P-links. The policy node can thus directly affect

the process associated with each controlled node, e.g., in the case of competitive behavior

selection, allowing only one active process in the group of nodes it controls.

Consider the example in Figure 5.4 as a generalization of the two cases presented

above. In this �gure, the meta-processing layer illustrated succinctly by node m, sends

a decision to node d as to which behavior selection scheme should be used. Based on

this decision, node d instantiates either node c1, or c2. Since both nodes are connected

to behavioral nodes b1 through bm through O-links, they can extract from these nodes the

information required for the selection scheme they implement, provided that the nodes

themselves are equipped to handle the scheme. For example, c1 could implement a voting

mechanism for behavior selection and it observes a structure, representing votes, present

within each node implementing a behavior. The information collected is tallied and c1

can then pass the corresponding command to the effectors.
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Figure 5.4. Dynamic change between any two behavior selection mechanisms: the type
speci�cation is shown on top, the competitive state of the architecture is on the lower left,
and the cooperative state on the lower right.

5.4 Expressing Other Concepts in the APOC Framework

A natural extension of the type-token distinction exempli�ed in Section 4.1 is the im-

plementation of �developing architectures.� An introduction to the concept of developing

architectures and examples of their usefulness are presented in the following sections.

5.4.1 Developing Architectures

With developing architectures the designer only provides �limits� for the development

of the architecture, e.g. resource limitations, or limiting a particular type to using A-links,
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but not the particular architectural layout. The possibility arises that useful functional

capacities which were not present in the original architecture would develop through in-

teraction with the environment.

The neural network example in Section 4.1 also demonstrates this �bootstrapping�

process in APOC mentioned in Section 3.2.1, which effectively allows designers to spec-

ify �growing� or �developing� structures, e.g., a layered network that will eventually

develop into a fully connected network. In particular, the process can give rise to adap-

tive architectures which can change over time, e.g., as a result of some sort of learning

process.

Figure 5.5 shows an example of such an architecture, an ART network [32], which can

learn to categorize its inputs over time by adding new �categorization components� to the

architecture to represent the newly learned categories. In this example, E represents the

external inputs, in this case coming from a sensory component; G represents gain control;

T 1 represents the component type for components in the input layer; T 2 represents the

component type for components in the category representation layer; and R represents the

reset of short-term memory.

P�link
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A�link
(1,50)

(1,100)

T1

T2

R

E

(1,1)

G

(1,2)

(1,1)

Figure 5.5. ART networks in APOC. See text for an explanation of the notation.

We have af�rmed that APOC supports developing architectures and that, as a result,

agents can be created whose architectures are at any point in time partially determined

76



by their interactions with the environment. In the remainder of section we present two

detailed examples of environmental interaction. The �rst is an elaboration of the ART

network example presented earlier, while the second illustrates a simple planning exam-

ple.

5.4.2 Environment Driven Changes in ART Networks

In the previous section we introduced the idea of �developing architectures� with an

ART network, a scenario we now explore in more depth. Figure 5.5 provides the basic

structure needed for the development of the network.

The relation of the type-level links to the run-time machine depends on the behavior

of each C-link. With the proper C-link de�nitions, e.g., C-links to instances of type T 1

copy over all links from the parent component, the �nal structure is shown in Figure 5.6.

This structure mirrors the example presented by Carpenter [32]. In the �gure, the way the

behavior of the C-links in the type-structure is de�ned determines the actual link structure

for incoming links to the T 1 and T 2 groups. In this case, it would be appropriate to have

connections to each of the components in those groups. However, since any link structure

can be obtained in APOC, the links are represented in a more abstract manner.

One advantage provided by the APOC framework is that the number of categories

may vary according to the resources which the system can allocate to the process. For

example, the network could start with 10 components of type T 1 and vary that number

up to the maximum of 50 according to environmental circumstances.
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Figure 5.6. Sensory processing example - �nal architectural state

In the above example, the external inputs are de�ned by a single unit, E. However, it is

reasonable to generalize upon the example presented and consider the possibility of sub-

jecting the external inputs to resource constraints. This can be done with relative ease in

APOC given the broad de�nition given to APOC components. Since each APOC com-

ponent can be broken down to a minimal complexity, E can be viewed as being composed

of several units, each of which takes care of one environmental input. The quantity of in-

formation used for categorization can then be modi�ed dynamically based on resource

constraints and/or environmental complexity. The resulting instantiated architecture is

shown in Figure 5.7.
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Figure 5.7. Sensory processing example showing the �nal architectural state with
resource-constrained environmental inputs

5.4.3 Incremental, Resource Constrained Planning

Another situation where APOC architecture development capabilities can be success-

fully used involves planned sequences of actions. Consider the example in Figures 5.8

and 5.9, where a physical agent has a choice of three different actions: �move right�,

�move left�, and �move straight�. The agent’s goal is to move from its current location at

point A to a point B, say. To support the planning process, the agent has an environment

simulation module, in which plan actions can be simulated instead having to execute them

in the real world.

P�link
O�link
C�link

A�linkP

R L S

(1,100)

(0,100) (0,100) (0,100)

Environment Simulation Module 

Figure 5.8. Planning example: speci�cation
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Figure 5.8 contains a four-component assembly which de�nes the type relationships

in the architecture:

� component P represents a planning type;
� component R represents a type which simulates a right turn in the environment

simulation module;
� component L represents a type which simulates a left turn in the environment sim-

ulation module; and
� component S represents a type which simulates a �nite forward move in the environment-

simulation module.

The component links in the �gure indicate that components of type P can instantiate

components of types R � L � and S. Conversely, components of types R � L � and S can in-

stantiate components of type P. The implication of this circular C-link structure is that

components of type P can instantiate components for all actions which are currently fea-

sible, exploring multiple potential futures simultaneously.

The run-time system changes which can occur in the architecture shown in Figure 5.8,

are described next. The P-component checks for completion of the system-wide goal,

e.g., reaching B. If the goal has not been reached, the P-component makes a decision

on which of the L-, R-, and S-components should be instantiated and adds the necessary

incoming activation links from the �environment simulation module.� Each instantiated

component receives activation inputs from an environment simulator and computes its

activation level. The P-component then uses the information gathered through the O-links

to decide which component is most likely to lead to goal completion and therefore which

component will carry out its action, a process similar to the arbitration found in contention

scheduling [39]. The best component then gets to instantiate another P-component, and

the process continues until the goal is completed.

It should be noted that the run-time evolution of the system is dependent on the in-

ternal computations of the components and the environmental input. With a different

80



de�nition of P-components, the system could be used to explore the state space in a

limited depth-�rst-search manner with backtracking. For example, the R-component al-

ways instantiates a P-component �rst. This, in turn, instantiates another set of the three

components, where the R-component instantiates a P-component, and the process is re-

peated. Here, too, each P-component checks whether the goal is satis�ed, continuing the

recursive instantiation process until the depth limit, i.e., the maximum number of com-

ponents of type P that can be instantiated, is reached. If the goal is not yet reached, the

P-component �nishes its processing. Its parental R-component will terminate as well,

and the P-component that instantiated the terminated R-component will continue with the

instantiation of the S-component, and later, possibly, the L-component until a path to the

goal is found.

C-link behavior already provides a bene�t in resource allocation, in that an L-type

component would not be instantiated if the agent �nds itself next to a wall on its left

side. Additionally, once the action associated with a particular step in the planning pro-

cess is executed, C-links allow the release of those resources associated with unfollowed

branches in the planning tree.

If actions, such as �turn right,� are known not to fail, it is bene�cial to remove all

components of the graph once the physical agent has performed their associated actions.

If, on the other hand, actions are susceptible to failure, keeping the components along the

execution path in use, up to the resource limitations of the system, can lead to additional

advantages. For example, if an action fails, the backtracking process only involves al-

lowing the component one C-link higher in the structure from the failing component to

re-execute its action, e.g., if a �turn right� fails, the planner may delete the R component

and try to �nd an alternate path by either moving forward or turning left.

Another advantage provided by the APOC framework relates to the system’s knowl-

edge of the world. Planning processes usually create plans for several steps in advance
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of the related physical execution. In the physical world, conditions are changeable. Con-

sider the case where point B is de�ned as the known location of a resource the agent needs

to obtain. If, at the conclusion of the physical actions, the resource is not found, either

because its location has changed or the planning process was erroneous, it is now easy to

retrace the last few steps that the agent has performed, until the state of the environment

matches the expected state of the planning process � perhaps even returning to its starting

point, A. With a system like the one in Figure 5.9, this retrace can easily be accomplished

by following the C-links backwards through the graph.
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Figure 5.9. Planning example - sample instantiation

Figure 5.9 shows the �rst three steps of a planning planning process developed from

the structure of Figure 5.8. In two instances, components were left uninstantiated: the

R and S components did not instantiate a P component for the second step, while the S

component was left uninstantiated for the third.

The general nature of the framework can be put to use in other scenarios. We continue
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with an example which illustrates the ease with which other speci�cations can be trans-

lated into APOC. Then we look at a simple example where each APOC component is a

simple agent, in the context of cellular automata.

5.4.4 Use Case Map Example

By allowing the architecture to be speci�ed at various levels of abstraction, the APOC

architecture speci�cation can be so abstract as to be a direct mapping from a Use Case

Map (UCM) description of the system. This allows the analysis of top-down decomposi-

tion models such as described by Buhr, et al. [30].

Use Case Maps are de�ned through six types of components: paths, waiting places

for stimuli or events, denoted with circles in UCM diagrams, timers, which are waiting

places with an upper bound on waiting time, denoted with �clock faces,� bars, which are

markers for ends of paths, as well as beginnings and ends of concurrent paths, basic paths,

which are paths starting at a waiting place and ending at a bar and directions. For a direct,

though not necessarily most ef�cient mapping from UCMs to APOC, each waiting place,

timer, and bar is mapped to a separate APOC component.

The two examples in Figures 5.10 and 5.11, taken from Buhr, et al., [30] illustrate

how such mappings may be performed. The UCM diagram is a generic example, but it

can be applied to the following scenario of action selection:

� The left waiting place represents inputs from external stimuli;
� The left bar represents computation based on the internal state of the agent;
� The right waiting place represents a synchronization component for the data. The

synchronization is based on internal state with data coming from a higher level
planner; and

� The right bar represents the end of computation where all three pieces of data have
been gathered and an action has been selected for the agent.

It should be noted that the APOC links depicted are, with two exceptions; generic

links, the actual type would depend on the speci�c system depicted. Also, the conversion
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has been done in a manner which illustrates the correspondence that can be drawn be-

tween UCM and APOC component, rather than the most concise manner APOC allows.

For a more ef�cient translation, for example, the b components could be combined with

C-links into a single B(2,3) type component.

black box
whole system

external
inputs

(1,1) (1,1)

(1,1)

(1,1)

(1,1)

w b

b w

1

21

2

s

generic link

Figure 5.10. Example of a Black Box UCM Representation in APOC

Figure 5.10 illustrates a high-level UCM description and requires an abstract APOC

component to represent the entire system. Figure 5.11 illustrates how a more detailed

map can be ported to APOC.
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Figure 5.11. White box UCM example

5.4.5 Cellular Automata Simulation

For cellular automata, we start by de�ning the basic entities in the APOC framework.

A cellular automaton is an array of identically programmed automata which interact with

one another [107]. Each cell is de�ned by

� state: a variable that takes a different separate for each cell; cell state can be easily
implemented as part of the update function of an APOC component;

� neighborhood: the set of cells with which the cell interacts; the neighborhood of a
cell can be described in terms of those cells to which it is connected via C-links;
and

� program: the set of rules which de�ne how the state of the cell state changes in
response to its current state and that of its neighbors; this set of rules is easy to
implement in the update function of an APOC component.

Consider the simple example of the game of life as illustrated in Figure 5.12, with the

following rules:

1. A living cell with only one or no living neighbors dies from isolation;

2. A living cell with four or more living neighbors dies from overcrowding;
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3. A dead cell with exactly three living neighbors becomes alive; and

4. All other cells remain unchanged.

Figure 5.12. Game of life example

The APOC implementation of cellular automata requires each cell to keep track of

its overall position in the system in the form of an integer coordinate pair. With that

provision, the implementation is made as follows:
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Figure 5.13. Game of life - sample APOC initial con�guration

� First, specify an initial con�guration through the type con�guration, as seen in Fig-
ure 5.13. The left side indicates the most concise method of specifying the game.
For that speci�cation to be feasible, type L must contain the initial con�guration of
the system. The component arrangement on the right is speci�ed according to the
life example above for ease of understanding. All components in the type speci�ca-
tion are identical to one another, with the exception of the location, which is spec-
i�ed for each instance produced during the development of the system. It should
be noted that the speci�cation on the left is rather more general, as the resource
restriction is a general one. This implies that the 50 units could be instantiated by a
single cell and its descendants if permitted by the con�guration, as opposed to the
ten instances per �type� indicated in the right side con�guration.
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� At instantiation, each component attempts to instantiate a �dead� cell at the eight
positions around it. This simply means that a cell of coordinates � x � y 	 attempts to
instantiate cells which are given coordinates � x � i � y � j 	 , with i �$#%� 1 � 0 � 1 &'� j �
#(� 1 � 0 � 1 & , and i and j not simultaneously 0. If a cell with those coordinates already
exists, the component simply connects to it through a C-link, as illustrated in 5.14.3

P�link
O�link
C�link

A�linka
0,2

a 1,1

a�1,0 a 0,0 a0,1

Figure 5.14. Game of life: APOC con�guration

� Each cell checks the number of incoming C-links and changes its incoming C-links
and changes its status according to the rules described above. A ‘dying’ cell deletes
all its outgoing links.

� Finally, a dead cell with no incoming C-links deletes itself.

With the set-up described above, a dynamic game-of-life system whose size need

not be limited at design time is easily implemented via APOC constructs. The system

described above will have the live-cell con�guration shown in Figure 5.15 after one iter-

ation.
3For the sake of readability, only C-links are shown in Figures 5.14 and 5.15. In the actual system, each

link is accompanied by an O-link
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Figure 5.15. Game of life: Live-cell con�guration

The basic concepts described in this section can be extended to other cellular automata

problems. The cellular automaton example is yet another illustration of how the structure

of a system can change due to interactions among its components. In the following section

we investigate the use of hierarchical information in architectures which have undergone

structural changes due to interactions between the agent and its environment.

Environmental interaction can have different set of effects on agent architectures. For

many agents, prolonged environmental interaction can lead to the development of com-

plex systems, performing specialized functions geared towards the survival of the agent.

In such circumstances, gaining an understanding of the role that various components play

in the architecture becomes an extremely dif�cult task in the absence of specialized ar-

chitecture analysis tools. It is in this context that we provide a �rst look at a process to

analyze these self-developing architectures.
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5.5 Hierarchies in Non-Hierarchical Architectures

Architectures de�ned in APOC often do not have explicit hierarchies de�ned at de-

sign time.4 However, C-links impose a degree of structure on these architectures. It is

this structure which can be exploited in order to analyze the architectures in an attempt to

determine the complexity of the computation performed in the update function or in the

associated process of each component.

Even though APOC architectures are speci�ed at the level of types of instances, thus

hiding the underlying structure to a certain degree, certain relations can be distinguished

among both type-level and token-level components connected via C-links. These relations

can be broken down to two different classes:

� C-link connection from a complex component, type or token, to a simpler com-
ponent. For example a type component representing a complex goal connects to
another type component that represents a subgoal.

� C-link connection between two related components of of similar complexity (e.g.,
as seen in the planner example above)

This breakdown can be used to identify substructures as de�ned by the network of C-

links within an architecture. Such a structure can be identi�ed by following an outgoing

C-link from the type-level description of the architecture or the running virtual machine.

Two possibilities arise: that the chain (graph) of links eventually ends in a component

with no outgoing C-links, or that the original component is encountered a second time.

With this in mind, we de�ne the he abstraction level of a component n in the run-time

architecture as the maximum number of consecutive C-links that can be followed out of

n until either a component with no outgoing C-links is encountered, or component n is

reached again without repeating any C-links along the way.

Following this de�nition, the algorithm for determining the abstraction level of a

component C takes two arguments: a directed graph G and component n. The graph

4Hierarchies can be explicitly de�ned, as in the case of subsumption-based architectures.
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G �)� V � E 	 , where V is the set of type components and E is the set of C-links. The return

value of the algorithm is the level of abstraction of component C.

FIND-ABSTRACTION-LEVEL(G,C)
path length * 0
for each vertex u � V[G]

if u has no outgoing C-links
do path lengthu * FLSP(C,u,G) 5

if path lengthu � path length
path length * path lengthu

path lengthC * FLSP(C,C,G)
if path lengthC � path length

path length * path lengthC
return path length

In the algorithm above, FIND-LONGEST-SIMPLE-PATH is a modi�ed shortest path

algorithm [40] and returns only the length, in number of links, of the longest simple path

between C and u. In the next section we look at how abstraction level information applies

to some the examples presented in this paper and what that information could tell us about

the system if no prior knowledge of the system existed. In the next section we will see

how this hierarchical information can be used in some of the examples presented in this

section.

5.5.1 Uses of Hierarchical Information

In this section we consider how the abstraction level concept applies to some of the

examples presented earlier in the chapter and we investigate the type of information that

abstraction levels can provide to an observer without prior knowledge of the systems.

In Figure 4.2 there are only three type components arranged in a strict hierarchy with

respect to C-links. Applying the abstraction level algorithm from Section 5.5 to the type

level description gives component T 1 an abstraction level of 1, component T 2 an abstrac-

tion level of 1, and component T 3 an abstraction level of 0. In this case the implications

of the respective abstraction level numbers are clear: component T 1 represents either the
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most �abstract� type in the system, or the level at which external inputs enter the system;

component T 2 represents an intermediate layer; component T 3 represents either the basic

action or the output layer of the system.

Planning In Figure 5.8, there are four components, each of which has an abstraction

level of 2. Since no component has a higher level of abstraction than another, the only

information which can be extracted from the architecture is:

� Since there are C-links travelling in both directions between P and each of L, R,
and S, there is an interdependence between component P on one hand and the L � R �
and S components on the other;

� Since all components have outgoing C-links, all four components have some ca-
pability of processing environmental/internal information which may lead to the
instantiation of a new component; and

� Since no component has an abstraction level of 0, it is likely that all four com-
ponents have the ability to determine whether the goal of the system has been
achieved.

Cellular Automata Simulation The cellular automata illustrates one possible problem

with the abstraction level analysis. If the analysis is performed on the left side of Figure

5.13, it seems that there is one type, which is self suf�cient. It receives information from

the environment, processes it, and makes a decision based on that processing. However,

if the analysis is performed on the more detailed original speci�cation, different levels of

abstraction are obtained for each component.

In this case, performing the analysis on the run-time virtual machine yields little ad-

ditional information: since C-links run bi-directionally between adjacent cells, the only

inference possible is that there is an interdependence among all adjacent components in

the run-time virtual machine. In an environment where links only went from the instan-

tiating component to the instantiated one, however, a dating process could be performed

through a hierarchical analysis of the virtual machine.
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This is an example of the type of situation for which a more re�ned notion of �level

of abstraction� than the one provided above is required to be able to extract automatically

the functional organization of an APOC architecture. Nevertheless, the previous examples

show that with a notion as simple as the one de�ned valuable information can be already

extracted from the C-link architecture.

We have seen in the last two chapters the characteristics of the APOC framework,

how various architectural designs can be expressed in APOC, and how novel architec-

tural concepts are opened up through the use of the framework. In the next chapter, we

look at the APOC Development Environment, ADE, a software tool which offers agent

designers a way of using many of the characteristics of APOC.
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CHAPTER 6

THE ADE DEVELOPMENT ENVIRONMENT

6.1 Background

We start with a brief overview of the main characteristics of ADE, which we then

compare to the features of several other agent architecture environments.

6.1.1 The Basic Characteristics of ADE

ADE stands for �APOC Development Environment� and is a toolkit implementing

the APOC framework [9, 93, 94]. ADE inherits in practice many of the characteristics

exhibited by APOC. These characteristics include the option of including various ar-

chitectural designs in a single architecture, e.g., by using perceptrons [72] in the same

architecture as a full-�edged condition-action rule interpreter such as SOAR [61, 90].

ADE also allows computational components of an agent’s architecture to be created

and destroyed during the life-time of an agent by other architectural components, as will

be seen in Chapter 9. This allows agent developers to specify agents that use minimal

resources for task completion, develop specialized subsystems, or are adaptive (e.g., be-

come more deliberative over their life-span).

In addition to expressing and implementing existing architectures, ADE can be also

used to de�ne new concepts and implement new architectures. For example, in the pre-

vious chapter we introduced �dynamic architectures� which are capable of modifying
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