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It is widely accepted that acquisition of the knowledge behind military tactics has been one limiting factor in the development 
of computer generated forces (CGF) for training simulations. This has been addressed by several researchers with 
varying degrees of success.  A system capable of building a knowledge base directly from a dialogue with a subject-
matter expert (SME) could significantly reduce the human effort involved in capturing the knowledge and representing it 
directly in the modeling language.  Because of its highly modular and hierarchical nature, the context-based reasoning 
(CxBR) modeling paradigm lends itself very well to facilitating the knowledge acquisition process for tactical behaviors. 
This paper describes an investigation into using CxBR as the foundation for a system that creates a (partial) model of 
tactical behavior through an interactive process with an SME.  Through a sequence of queries from the system, the SME 
is progressively asked to provide details about the contexts that compose the context-based model of the expert’s tactical 
know-how.  A prototype was built and evaluated.  A comparison to the effort taken to manually develop a knowledge base 
is reported. We use the simulation of a non-trivial maritime military confrontation as the benchmark for the comparisons.  

Keywords:  Automated knowledge acquisition, knowledge engineering facilitators, knowledge engineering tools

1. Introduction

Over the past decade or so, research in computer 
generated forces (CGF) has focused on better ways to 
represent tactical human behavior for military training 
simulations. CGF agents can act in place of teammates 
or enemy vis-à-vis specific missions, thereby reducing 
the need for human players or support staff. Many 
advances in representation of tactical knowledge have 
been made in the recent past with systems such as ACT-

R [1], COGNET [2], CxBR [3], SOAR [4, 5], and several 
others. Nevertheless, it has become increasingly clear 
that the effort required to build tactical CGF agents is 
both large and costly.  

1.1 Automated Knowledge Acquisition

The general concept of facilitating the acquisition of the 
knowledge for intelligent systems has been a goal of AI 
researchers for several years. Some of the early work 
in automated knowledge acquisition tools revolved 
around weak models used for heuristic classification.  
Early weak-model systems such as Planet [6], ETS [7], 



Volume 2, Number 3146  JDMS

Gonzalez, Castro, and Gerber

AQUINAS [8], and Auto-Intelligence [9] employed 
repertory grids to store the knowledge as well as to 
guide the interaction with the subject-matter expert 
(SME). They were specifically used for classification 
and/or diagnostic tasks. Strong model systems such 
as MORE [10] refined domain models through a 
dialogue with the SME.  However, most of the early 
systems were limited to classification or diagnostic 
tasks. SALT [11] was the first knowledge acquisition 
system that addressed tasks of synthesis such as 
configuration. Recent advances in this general area of 
knowledge acquisition include ontology building tools 
like Ontolingua [12], Protégé [13], and concept maps 
[14]. Other tools such as KanaIQ (www.kana.com) and 
Protos [15] are based on machine learning, specifically 
exemplar learning. 
	 In the early 1990s, method-based knowledge 
acquisition systems began to appear in the literature. 
These strong-model systems approached the 
knowledge acquisition problem by building specific 
tools that addressed the specific structure of the task 
faced by the system being built. Taql [16] is one of these 
method-based systems, although the authors claim that 
it is more general than are other task-specific method-
based systems. Another system worth mentioning is 
EMeD [17]. Through interaction with the SME, EMeD 
automatically infers the interrelationships among 
the concepts elicited. The authors’ tests indicate that 
significant time savings are achieved through the use 
of this tool. 

1.2 Tactical Behavior

While the advances in automating the knowledge 
acquisition process have been steady as well as 
impressive, none of the above approaches specifically 
addresses the acquisition of tactical knowledge. 
Tactical knowledge is categorically different from 
classification knowledge and from general problem-
solving knowledge because it is inherently temporal. 
Shutte [18] states that tactical behaviors are “…near-
term and dynamic activities… .” Verbs associated by 
his test subjects with tactical behavior included respond, 
act, react, and do, among others. Therefore, tactical 
behavior implies some activity(ies) executed over time. 
Classification knowledge, on the other hand, merely 
results in a decision about class membership. General 
problem-solving knowledge may not always result in 
some activity (e.g., diagnostics, design, planning, and 
scheduling). While mostly activity-based but partly 
goal-based, tactical knowledge requires the full range 
of knowledge levels: from the low-level motor skill 
knowledge (e.g., how to keep a car on the center of 
the lane) to the high-level course-of-action selection 
knowledge (i.e., whether to take the freeway or the 
back roads).

	 Tactical knowledge can be defined as that knowledge 
which permits an agent to act intelligently and 
realistically in light of the situation faced. Thorndike 
[19] asserts that tactical behavior includes tasks that 
require 1) assessment of the situation at hand, 2) 
selection of a plan to most properly address the present 
situation, and 3) execution of that plan. We define it as

The continual and dynamic process of decision making 
by a performing agent (human or otherwise) that 
interacts with its environment while attempting to 
carry out a mission in the environment. Decisions 
are made at several levels during the execution of the 
mission.

Tactical behavior involves the concept of situational 
awareness, or SA [20]. Endsley [21] defines SA as “the 
perception of the elements in the environment within 
a volume of time and space, the comprehension of 
their meaning and the projection of their status in the 
near future.” Endsley [20] defines three levels of SA: 1) 
perceiving the event or aspect of the environment, 2) 
understanding the implications of the event/aspect vis-
à-vis the mission goals, and 3) being able to predict what 
will happen as a result of these events/aspects of the 
environment. In our example, situational awareness 
would be learning of an accident on the freeway that 
a driver is in or is headed toward; realizing that the 
accident may be blocking traffic on the freeway; and 
projecting that if she takes (or stays on) the freeway, 
her movement on that freeway may become blocked, 
thus preventing her from reaching her destination. SA 
would lead her to deduce that taking back roads may 
be a better choice. 
	 In military confrontations, the selection of the 
appropriate plan of action to address the current 
situation is typically guided by military doctrine. Such 
doctrine is taught to enlisted personnel and officers 
and is described in several military publications 
(e.g., field manuals). U.S. military doctrine, however, 
unlike that of some other countries, permits a certain 
amount of freedom of choice to the combatant, as it 
would be impossible for the doctrine to cover in detail 
all possible situations likely to be faced in combat. 
This unpublished knowledge can be considered to be 
heuristic in nature and is generally learned through an 
individual’s own experience.
	 Humans also use tactical knowledge in non-
military competitive settings such as team sports, 
and for everyday tasks like driving an automobile 
or navigating a boat. Such knowledge is also partly 
published (e.g., rules of baseball, traffic laws, nautical 
rules of the road) and partly exists as heuristics learned 
through training or experience. Thus, appropriate 
tactical behavior in accordance with accepted practice 
is partly well defined in the published rules or 
doctrine and partly heuristics based on an individual’s 
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experience and expertise. The basis of our approach 
to concisely and efficiently represent the knowledge 
of a tactical CGF agent is called context-based reasoning 
(CxBR). CxBR considers both of these components in 
how it represents tactical knowledge. We discuss CxBR 
later in this paper, as it is central to our approach to 
automated knowledge acquisition.

1.3 Acquisition of Tactical Knowledge

Some research work that addresses the problem of 
acquiring tactical knowledge has been reported in the 
literature. Randolph [22] describes two methodologies 
called the personal knowledge acquisition process and the 
team knowledge acquisition process for acquiring tactical 
knowledge in domains to be simulated. However, 
it is a manual technique. Delugach and Skipper [23] 
describe an interactive approach to acquire tactical 
knowledge based on repertory grids that are then 
converted into conceptual graphs. They refer to them 
as tracked repertory grids. The authors claim it facilitates 
tactical knowledge acquisition for CGFs but provide 
no support for that claim. Other recent approaches 
involve learning directly by the agent, generally by 
observation [24–31]. However, such machine learning 
strategies are still in various stages of maturity and do 
not yet provide near-term relief for the acute problem 
of acquiring and representing large volumes of tactical 
knowledge, even for relatively simple missions.
	 In this article, we describe our approach to semi-
automatically building tactical agents in the form of 
computer generated forces. A tool embodying this 
approach could significantly reduce the effort required 
to build these agents. Our approach is based on the 
inherently modular and highly structured nature of 
CxBR for representing tactical human behavior. Its 
structured form and hierarchical organization lends 
itself very well to an automated (or semi-automated) 
query system. We call this process context-based 
interactive tactical knowledge acquisition (CITKA). We 
claim that CITKA is a strong model, method-based 
approach that is domain-independent, but only as 
long as the nature of the knowledge is tactical. We 
describe this process in section 3 below. Prior to that, 
a brief discussion of CxBR and of the features that 
make it an excellent medium for representing and 
(semi-)automatically acquiring tactical knowledge is 
presented.  

2. Context-Based Knowledge

The hypothesis of our investigation is that CxBR is 
well suited for building a query system for (semi-) 
automatically eliciting and collecting tactical knowledge 
from an SME, with minimal (but finite) effort from a 

knowledge engineer (KE). Henninger [32] suggested 
this in 1997 and showed potential savings in a simple 
application. While important, Henninger’s prototype 
lacked an integrated control mechanism to direct 
the interaction with the SME. Furthermore, its user 
interface was rather primitive, thereby prohibiting 
realistic testing with an SME. The work described in 
this paper is motivated in part by Henninger’s ideas. 
However, it goes significantly beyond her work by 
having a rule-controlled dialogue and a more suitable 
user interface that permits a rigorous evaluation of the 
prototype with an SME.
	 We assert that by interacting with the SMEs in a 
way that simulates the queries posed by a human 
interviewer, and managing their responses, a context-
based model of human tactical behavior can be 
built semi-automatically. We qualify the process as 
being “semi-automatic” because we believe that this 
approach will never achieve the development of a 
complete model, untouched by human hands; a KE 
will ultimately have to step in and finish the system 
being developed. Our objective is to minimize this 
intervention by the KE. We begin by briefly discussing 
CxBR. See Gonzalez and Ahlers [3] for a thorough 
discussion on this subject.

2.1 Context-Based Reasoning

CxBR is a modeling paradigm specifically designed to 
represent human behavior in tactical situations. CxBR 
is modular and hierarchically structured, yet flexible 
enough to permit great leeway in how the agent is built. 
It is based on the idea that when executing a mission, 
an autonomous agent sequentially experiences several 
different situations.  Each situation will require certain 
skills, decisions, and actions in order to successfully 
manage it.  Furthermore, situations evolve throughout 
a mission, often shifting quite abruptly, other times 
gradually.  To successfully complete the mission, the 
agent must have the skills required to “navigate” each 
of the tactical situations and must recognize when the 
situation has changed. These tactical situations can be 
likened to contexts. Therefore, the three basic tenets of 
CxBR are:

A tactical situation calls for a set of skills (actions 
and procedures) and decisions that are relevant 
to the current situation;  
As a mission evolves, a transition to another set 
of actions and procedures may be required to 
address a newly emerging situation; and
Things that can happen while the agent is in 
the current situation are limited by the current 
situation itself.  

	 CxBR encapsulates knowledge about appropriate 

1)

2)

3)
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actions and procedures into hierarchically organized 
contexts. This hierarchy covers the entire range of 
actions, from high-level decisions to low-level actions. 
The context hierarchy is in some ways similar to a task 
hierarchy. However, contexts encompass more than 
tasks because they are responsible for monitoring the 
environment and knowing when they are no longer 
applicable. This feature is called the context transition, 
and each context will contain its own transition criteria. 

one time). Sub-contexts deactivate themselves upon 
completion of their actions, passing control back to the 
Major Context that activated them. 
	 Building models of tactical human behavior in 
CxBR is a highly structured process. This has the 
potential of facilitating the knowledge acquisition 
process significantly. Specifically, the following 
knowledge must be captured and defined in a CxBR 
model of tactical human behavior.

The Mission Context must be identified, and 
a value set for its applicable attributes. These 
include name of the mission, description, 
constraints, and objective(s) to be achieved in the 
mission. These should all be known by the SME.
The Major Contexts and Sub-contexts to be used 
must be identified and labeled by the SME.  
For each Major Context and Sub-context 
identified above, the methods, procedures, and 
functions required for controlling the agent 
while under the appropriate Major Context or 
Sub-context must be defined, specified, coded, 
and incorporated within the appropriate context 
class. These are called the context’s control actions, 
driven by the action knowledge.
The rules incorporating the criteria for context 
transitions must be identified, specified, written, 
and integrated within the appropriate context 
class. These are called sentinel rules. While other 
paradigms could be used for this purpose (e.g., 
neural networks), we will assume here that rules 
are being used.
The objects involved in the mission must be 
identified, and their characteristics must 
be specified. Objects are actors, friendly or 
enemy, that will play a role in the simulation. 
For example, if the mission is for a platoon of 
tanks, each individual tank’s maximum speed, 
turning radius, fuel capacity, weapons load, 
etc., must be defined. Also included here must 
be any enemy or friendly elements with which 
our agent must contend. The SME should know 
what the relevant objects are for the particular 
mission contemplated, as well as their required 
attributes.
Helping functions must be identified, specified, 
and defined. Examples of helping functions 
include finding the distance between two points 
and selecting the heading required for reaching a 
particular waypoint.

	 While experience-based heuristics can be reflected 
in the control action knowledge within a context, the 
tacit heuristics that are so often difficult to elicit from 
SMEs are typically represented as sentinel rules. The 
close associations that the sentinel rules or heuristics 

1)

2)

3)

4)

5)

6)

Furthermore, the top-level context (the Mission) is not 
a task but a definition of a complex mission. A simple 
context hierarchy is depicted in Figure 1. 
	 Mission Contexts define the mission to be undertaken 
by the agent.  While it does not control the agent per se, 
the Mission Context defines the scope of the mission, 
its goals, the plan for its execution, and the constraints 
imposed (time, weather, rules of engagement, etc). 
The Major Context is the primary control element for 
the agent. Each (of several) Major Context defines 
a situation to be experienced during the mission. A 
Major Context contains functions, rules, and links 
to Sub-contexts. Knowledge about what to do in a 
context (action knowledge) is typically expressed as 
functions, rules, and methods. However, it can also 
be expressed as traditional mathematical equations, 
neural networks, cases, constraints, fuzzy logic, and 
other such programming paradigms. This gives CxBR 
great flexibility in representation.
	 Major Contexts also contain a list of compatible-next-
Major-Contexts. These are contexts deemed realistic for 
the agent to activate after the current active context. 
Compatibility of contexts for a particular transition is 
currently predetermined by the SME and, secondarily, 
by the KE. Identification of a new situation is simplified 
because it is possible for an agent to transition to only 
a limited number of all possible situations while it is 
under the control of the currently-active context.
	 Sub-contexts are lower-level, narrowly focused, yet 
complex actions performed by the Major Context. 
Sub-contexts are activated by rules within the active 
Major Context (the one controlling the agent at any 

Mission Context

Major Context-1 

Sub-context-2Sub-context-1

Major Context-2

Figure 1. Context hierarchy
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embedded in the control action have with their 
relevant context virtually eliminate the need to express 
the exceptions to these heuristics. This also facilitates 
the knowledge acquisition process.
	 A brief example of a context-based agent for a 
submarine patrol mission is provided below.  

2.2 Brief Example of a Context-Based Agent of a 
Submarine on a Patrol Mission

A tactically intelligent submarine agent is to be built 
and executed in CxBR. The mission of our agent is to 
patrol a sector of ocean and monitor enemy vessels 
within it. We shall call this Mission PATROL. If an 
enemy submarine is detected and identified, the agent 
is to follow it until it is told to break contact and return 
to base, or given orders to attack the enemy submarine. 
If attacked first, our agent is to defend itself and 
counterattack the aggressor.
	 The model that controls the agent in a PATROL 
mission (a Mission Context) can be composed of Major 
Contexts representing the following actions:

Transiting to the assigned sector (Transit-to-
Sector), 
Patrolling the sector upon arrival (Patrol-Sector), 
Following an enemy submarine when contact is 
made (Track), and
Returning to home port when mission ends 
(Transit-Home).

Each of these situations requires different skills and 
knowledge to execute successfully. A plan could be 
composed of these four Major Contexts, in sequence, 
with some criteria defining when to transition 
amongst them. For example, the transition between 
Patrol-Sector and Track would normally be indicated 
by the first sign of contact with an enemy submarine. 
Likewise, transition between Transit-to-Sector and 
Patrol-Sector would result from the agent reaching its 
designated sector. It would change its behavior from 
one of Sprint-and-Drift (a Sub-context within Transit-
to-Sector) to moving stealthily at quiet speed and a 
depth below the thermocline (a function within the 
Patrol-Sector Major Context).
	 Other unplanned but possible situations could arise 
that must also be included. The enemy may attack, 
causing the agent to evade any weapons fired in its 
direction (Evade). The agent may be ordered to attack 
the submarine being tracked (Attack) or to break 
contact and escape (Break-Contact). Additionally, 
there may be an emergency Major Context activated 
when a collision with a moving or stationary object is 
imminent (Avoid-Collision).
	 The mission is described by the PATROL Mission 
Context (item 1 of the six items in the previous section). 

1)

2)
3)

4)

Each of the above eight situations and corresponding 
actions represent Major Contexts (item 2). Each Major 
Context has control functions (items 3 and 6) and/or 
Sub-contexts (item 2) that permit them to successfully 
control the actions of the submarine agent when in 
their specific situation. They also contain the sentinel 
rules (item 4) that monitor the environment for signs 
that this Major Context is no longer applicable to the 
changing situation (e.g., enemy submarine detected 
while in Patrol-Sector). For example, a sentinel rule 
would state that “upon detection of enemy submarine, 
activate the Track Major Context.”  
	 Lastly, the objects necessary to simulate the mission 
are defined (item 5). These could include friendly 
vessels nearby, enemy submarines, as well as large 
marine mammals that could confuse signals. Refer 
to Gonzalez and Ahlers [3] for details on CxBR. An 
abbreviated example of context-based specification 
for a submarine agent follows. It includes the Mission 
Context and one Major Context—the Track Major 
Context.

Mission Context:  Patrol-Sector
Description: Patrol assigned sector of ocean to 
seek and track enemy submarines.
Initial location: King’s Bay submarine base
Goal destination: Sector “Charlie,” defined by 
four GPS coordinates
Objective: Seek and track enemy boats and report 
on their activities.
Constraints on the mission: 

Do not attack unless attacked, or if specifically 
ordered to do so; 
Performance of submarine agent (e.g., 
maximum depth, speed, turning radius, 
others);
Avoid physical contact with all other moving 
and stationary objects; and
Self-preservation is of primary priority.

Planned sequence of Major Contexts:
Transit-to-Sector: Move to sector “Charlie.”
Patrol-Sector: Seek enemy to find enemy in 
sector.
Track: Follow enemy submarine and report on 
its activity.
Transit-Home: Return to base upon completion 
of mission.

Reactive Major Contexts: 
Evade: Take evasive action when attacked.
Attack: Position self, and fire weapons at 
enemy.

1)

2)

3)

4)

1)
2)

3)

4)

1)
2)
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Break-Contact: Escape from enemy detection 
upon discovery by enemy.
Avoid-Collision:  Take emergency action to 
avoid collision with fixed or moving object.

Track Major Context Definition
Action Function #1: Submerge to depth of enemy 
submarine. Maintain depth.
Action Function #2: Maintain constant distance to 
enemy submarine.
Helping Function #1: Steer. Change heading of 
submarine.
Helping Function #2: Accelerate. Increase speed of 
submarine gradually until goal speed is reached. 
Provide acceleration rate.
Helping Function #3: Decelerate. Decrease speed 
of submarine until goal speed is reached. Provide 
deceleration rate.
Sentinel Rule #1: If ordered to attack tracked 
vessel, activate Attack Major Context. 
Sentinel Rule #2: If attacked, activate Evade Major 
Context.
Sentinel Rule #3: If detected by enemy submarine, 
activate Break-Contact Major Context.
Sentinel Rule #4: If rapidly nearing object, and 
time to collision is < 10 seconds, activate Avoid-
Collision Major Context.
Sentinel Rule #5: Upon mission accomplishment, 
activate Transit-Home Major Context.
Relevant Sub-contexts: Get-Behind
Compatible-next-Major-Contexts: Transit-Home, 
Attack, Evade, Avoid-Collision, Break-Contact

	 Several intelligent tactical agent applications have 
been developed in CxBR. They range from military 
platforms (submarines, tanks) to civilian vehicles such 
as automobiles and commercial vessels; see Grejs 
[33], Brown [34], Gumus [35], and Proenza [36]. The 
early implementations were done using the CLIPS 
tool. CLIPS is an expert system development and 
execution environment developed by NASA JSC and is 
widely available. CLIPS served as an adequate vehicle 
for implementing CxBR in its early forms. In 1998, 
Norlander [37] developed a CxBR framework that 
provided an infrastructure optimized for representing 
human behavior in CxBR. This replaced the use of 
CLIPS as the implementation tool. Subsequently, 
Devero [38] proceeded to add the capability to 
incorporate rudimentary collaborative behavior 
between members of a team with a common goal into 
Norlander’s CxBR framework. It was also used as the 
basis for representing behavior of entities that have 

3)

4)

been degraded through either enemy fire or equipment 
malfunction [39].
	 The general concept of modeling human behavior 
through contexts has been investigated by several 
other researchers. Turner [40, 41], Brezillon [42], and 
Bass [44] have all independently developed context-
based approaches to modeling human behavior.
	 It is clear from the above discussion that models in 
CxBR are highly structured. Developing these models 
is facilitated by this highly structured nature. CITKA 
takes advantage of this to elicit knowledge from SMEs 
in an organized fashion. Let us now see how CITKA 
works and discuss the concepts that underlie it.

3. The Agent Building Process

Yost [16] defines five basic components found in 
method-based knowledge acquisition systems: 1) a 
well-defined task type; 2) a “method” that can use 
knowledge to perform this task; 3) a representation of 
the methods and the knowledge; 4) a language with 
which to define the knowledge; and 5) a mapping 
from the language to the methods and knowledge and, 
ultimately, to the machine-readable representation. 
The main advantage of CITKA as a method-based 
knowledge acquisition tool is that it is very tightly tied 
with CxBR, the modeling paradigm that represents 
the knowledge and executes the resulting models. 
The CITKA process satisfies these components quite 
well. The well-defined task is that of a tactical nature. 
The method is the context execution and transition 
process. The contexts and the context hierarchy form 
the representation of the knowledge and the methods. 
While a language is not specifically defined in CxBR, 
we see this as an advantage rather than as a detriment, 
as the KE can incorporate whatever language best fits 
the application. CxBR merely provides an organization 
and high-level means of execution within which to 
incorporate this language. For example, one can use 
rules, functions, case-based reasoning, or almost 
any other computational paradigm within a context 
definition. This is unlike other systems such as SOAR 
and ACT-R, which strictly define the language used. 
The mapping is also present, as the CITKA process 
queries the SME to directly create contexts and sentinel 
rules. In effect, CITKA requires no mapping per se, as 
the SME is asked to directly create and populate the 
context objects and to provide the transition criteria. 
This direct “mapping” and use of the inherent 
organization of CxBR is what makes us believe in its 
superiority over other methods, especially for tactical 
behaviors; however, we admittedly have no empirical 
evidence to support this statement at the moment.
	 The process of building a model of tactical human 
behavior begins with a specification of the capabilities 
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and constraints of the tactical agent to be controlled 
by this model. This specification is mission specific, as 
one would expect the assets of a military task force to 
differ from mission to mission. Additionally, the enemy 
faced may also have widely varying capabilities. Once 
specified, the agent is developed by building the 
context base; that is, by defining the contexts, the action 
knowledge, the sentinel rules for transitions between 
contexts, and the necessary objects in the simulation—
the six items in section 2.1 above. Once created, 
the context base for the agent is linked to the CxBR 
framework, and then to the simulation of choice for 
execution. The CxBR framework exercises the context 
base to achieve the desired behaviors, actions, and 
decisions by the agent. This knowledge is represented 
as contexts (objects) and functions in the context base. 
We assume here that the CxBR framework is already 
linked to the simulation of choice. Our objective is 
to 1) specify and 2) develop the context base. CITKA 
addresses these tasks.
	 CITKA has two basic functions: 1) to query the SME 
to elicit the tactical knowledge and 2) to build the 
context base using the SME’s response. Additionally, 
it provides a KE with access to edit and enhance the 
context base. Therefore, the prototype system consists 
of four modules of independent but cooperating 
subsystems:

Knowledge engineering database backend; 
Query rule base backend; 
Knowledge engineering interface; and 
Subject-matter expert interface.

	 We now begin by discussing items 1 and 2—the 
backends.

3.1 Query Control and the CITKA Backends

The interaction between the SME and CITKA is initiated 
by questions that address each of the six elements 
composing the context base. It is highly intuitive 
for an SME to provide much of this information in 
a query session. CITKA progresses through each of 
those required items of knowledge until all relevant 
knowledge has been acquired. Of course, one cannot 
expect most SMEs to express action functions directly 
in a computing language. This is typically done later 
by the KE. However, many of these functions will be 
standard (e.g., distance between two points), making 
them easily reusable across different applications. This 
will reduce the burden on the KE.
	 CITKA uses rules to compose the appropriate 
queries. The query rule base backend is the rule-based 
system used to guide the intelligent dialog with the 
SME. The subject-matter expert interface module maps 
into the query rule base backend. Its rule base structure 

1)
2)
3)
4)

is designed to reflect the CxBR hierarchy, i.e., the 
Mission Context, the Major Contexts, the Sub-contexts, 
etc. The CxBR structure naturally divides CITKA’s rules 
into modules that reflect these activities/decisions and 
proceeds to query the expert in a top-down fashion. A 
new query module is not started until the previous one 
has been completed. This allows the interaction with 
the expert to progress from the general to the specific. 
This top-down interaction can make the expert feel 
at ease, and he can naturally acquire the mindset and 
framework of the problem. Furthermore, details that 
may not have been clear to him earlier in the session 
may become clear later but in the meantime do not 
impede the expert from describing the knowledge.
	 To start, the expert is prompted for a general outline 
of the mission context and its objective. This outline 
will serve the purpose of a skeleton that is fleshed 
out by progressively adding information that is 
more specific. The interaction with the expert can be 
rather lengthy; therefore, CITKA allows the session 
to be interrupted and thereafter seamlessly resumed 
in subsequent sessions. The questions deal with the 
following knowledge items, in the following order. 

Mission description (Mission Context—item 1 of 
the six items in section 2.1)
Other entities or objects involved in the scenario 
(item 5 in section 2.1)
Major Contexts (item 2 in section 2.1)
Actions associated with each Major Context (item 
3 in section 2.1) 
Transitions to the next Major Context (item 4 in 
section 2.1) 
Sub-contexts involved with each Major Context 
(item 2 in section 2.1)	
Actions associated with each Sub-context (item 3 
in section 2.1) 
Transitions to other Sub-contexts and the 
associated Major Contexts (item 4 in section 2.1) 
Short-/long-term situational memory of relevant 
events/conditions 
Helping functions needed to support/define 
abstract concepts used for Context/Sub-context 
actions, Context/Sub-context transition decisions 
or situational memory (item 6 in section 2.1)

Some aspects of a context base are easier to capture 
and convert directly into useful code than are others. 
More specifically, those responses that are in the form 
of unconstrained text will likely require interpretation 
by a KE for conversion into useful code. At some 
future time, a natural language processing module 
could be integrated to automate this process, even if 
only partially.  However, for the time being, it relies on 
human effort. The system continues asking questions 

1)

2)

3)
4)

5)

6)

7)

8)

9)

10)
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of the SME until the knowledge for all six items in the 
list above have been completely accounted for. At this 
point, the system has done all it can and now turns over 
completion of the context base to a KE. The KE can use 
the knowledge engineering interface to complete the 
work.
	 The knowledge engineering database backend 
holds the evolving context base as it gradually becomes 
developed by CITKA with the knowledge supplied 
by the SME and the KE. The knowledge engineering 
interface module maps into the knowledge engineering 
database backend module. The requirements for 
these subsystems are quite different and are treated 
separately in the following description.
	 The knowledge engineering database backend is 
central to the system because it is the repository of 
the context base for the agent. It is written in COOL, 
the object-oriented extension to the CLIPS tool. The 
database defines a class for each entity modeled in the 
CxBR CGF. These entities are:

The Mission Context (item 1 in section 2.1);
The Major Contexts associated with the Mission 
Context (item 2);
The Sub-contexts of the Mission Contexts (item 2);
The transition criteria that state when agent 
control should transition from one Major Context 
to another—these are generally implemented as 
rules (sentinel rules) (item 4);
The action definitions that indicate what action to 
take within a context (item 3);
Memory variables used by the CGF agent;
Helping functions that perform low-level, basic 
actions used by higher-level functions, or that 
return state information for the CGF agent such 
as location, speed, and heading (item 5); and
The entity objects used by the CGF agent (item 6).

	 The following guidelines are designed to maintain 
conciseness in the context base being developed, and 
the SMEs should be aware of them:

All Major Contexts should be associated with the 
Mission.
Transition criteria and action definitions can be 
shared across contexts.
Deleting a Major Context eliminates all of its 
associated Sub-contexts, but only if they are not 
associated with any other Major Context.
Deleting a Major Context or Sub-context will 
eliminate its action definitions and transition 
criteria only if they are not used by any other 
context.

	 The persistent property of the objects is provided 

•
•

•
•

•

•
•

•

1)

2)

3)

4)

by the save-instances and load-instances CLIPS 
commands without need for any modification. This has 
the advantage of saving to text files that can be easily 
ported from implementation to implementation.
	 During the development of the query rule base, 
it was found that query rule activation was good for 
developing complex interfaces that adapt themselves 
to the SME needs. However, rules were overkill 
and were cumbersome to use when the sequence of 
screens to implement was simple and linear. To avoid 
this unnecessary complexity, a scripting capability 
was added on top of the query rule base, effectively 
dividing the query rule base into disjoint sets that are 
executed sequentially. This allows CITKA to provide, 
on one extreme, a linear interface where each rule 
base set activates only one rule. Alternatively, on the 
other extreme, CITKA can invoke a complex rule base 
that interacts intelligently with the SME to extract 
knowledge from her. The scripting capability was 
dubbed the “virtual machine” because it implements 
a small programming language within the CLIPS 
application itself.
	 A clearer picture of this internal scripting language 
can be seen in the following code snippet.

(begin 
	 weather
	 location
	 constraints
	 objective-achieved
	 mission-check-review
	 (cond rule-continue-1
		  (case “review”
			   mission-review
		  )
	 )

	 objects-get-friendly
	 objects-get-enemy
	 objects-get-neutral
	 objects-get-other
	 objects-review1
	 (forall objects
		  objects-get-description
		  objects-get-attributes-descr
		  (forall object-attributes
		  objects-get-details
		  )
 …

	 This is the starting sequence of the SME interface 
that defines the program to execute, where each entry 
corresponds to an independent rule set.  For example, 
“objects-get-friendly” is the set of query rules that ask 
the user to describe the friendly entities that are to be 
part of the environment.
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3.2 User Interface

CITKA provides an interface for SME interaction.  It is 
through this interface that the queries are presented to 
the SME and his/her responses are captured. CITKA 
also provides an interface for a KE to complete and/or 
refine the knowledge entered by the SME. However, 
no queries are ever presented to the KE. The opening 
screen gets the process started. It first asks whether 
the user is an SME or a KE. Figure 2 depicts the basic 
opening screen. The user merely points to the button 
marked either subject-matter expert or knowledge 
engineer and clicks on it to set the appropriate context 
for the session. This active user mode will be visually 
highlighted for the duration of the session, or until the 
user selects the other one. 
	 All subsequent CITKA screens consist of three 
areas; see Figure 3. The first area is the control area, and 
is located vertically on the left-hand side of the screen.  
This area, called the current area of interest, contains 
the active buttons that can move the user between the 
different parts of the knowledge base being created.  
The active button will always be visually highlighted.  

In addition, just below the control area, the same set of 
buttons shown in Figure 2 appears, indicating the user 
mode of the system. Since the more serious research 
issues involve providing assistance to the SME via 
a sequence of intelligent questions (by far the more 
interesting of the two user modes), from this point 
on we will assume we are in the SME mode unless 
otherwise indicated.
	 The second area is the query area. It covers the upper 
half of the remaining screen area not covered by the 
control area. The questions and instructions to the user 
are displayed here. The area is scrollable, with a scroll 
bar at the right-hand side. It contains text for the user 
to read—it is not active for user input in any way. The 
queries are in natural language.
	 The third area is the response area, where the SME 
will respond to the system’s queries. It covers the 
lower half of the remaining screen and is just below the 
query area. Like the query area, the response area also 
scrolls, with a scroll bar at the right-hand side. Unlike 
the query area, however, the response area is active for 
user input. Depending on the response required from 
the SME, the response area will provide space for an 
unconstrained textual response, or it will specifically 
seek indication from the user in terms of multiple 
choice, true or false, or simple one-word answers.  After 
the user’s response is entered, the query and response 
areas will change to reflect the next query.
	 The responses from the SME can be in three forms: 
1) unstructured text, 2) structured text (simple one- 
or two-word answers), or 3) multiple choice. The Figure 2. Opening screen

Figure 3. CITKA screen
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unstructured text is used for describing algorithms 
or processes used by expert performers. This form 
of input is not processed further by CITKA and is 
either passed on to the KE for action or simply used 
as documentation for certain actions. The structured 
text represents attributes, values of attributes, names of 
contexts, objects, or functions. These are readily used 
by CITKA to compose classes and/or rules. Multiple 
choice questions are those that present the SME with 
several choices, and he must select one or more of 
these. These are also employed by CITKA to compose 
code.
	 The SME interface is a GUI for the query rule base 
backend. Unfortunately, our implementation for the 
query rule base (CLIPS) is not naturally GUI oriented, 
so a flexible interface that could access the CLIPS system 
in a more effective manner had to be developed. This 
interface was coded in Tcl/Tk, a scripting language 
with strong user interface and program integration 
capabilities. It has the advantage of being cross platform 
(x86 Windows, Mac, UNIX XWin) source-compatible. 
It was originally developed by Sun Microsystems and 
is now maintained by Scriptics Corp. The interface for 
the KE is merely a screen editor and is not described 
further. Other implementation options exist besides 
the CLIPS/Tcl/Tk. Specifically, the Java Expert System 
Shell (JESS), inspired by and very similar to CLIPS, 
could be used alternatively. Its Java base provides the 
cross-platform capability of Tcl/Tk.
	 In summary, the CITKA prototype has been designed 
and built to naturally integrate with the CxBR structure. 
It allows a great deal of flexibility in its internal design. 
This flexibility is necessary because the subject-matter 
expert interface must dynamically produce interfaces 
that correspond to the questions and rules fired in the 
query rule base. Nevertheless, it should be noted that 
while CITKA is intelligent in the questions it asks the 
SME, it does not contain any advances in automated 
knowledge acquisition. Its advantage lies in its use of 
the highly structured CxBR modeling paradigm that 
serves as its basis. This permits the elicitation process 
to proceed in a very intuitive fashion.

4. Evaluation of the CITKA System

To evaluate the effectiveness of our approach, we 
subjected the CITKA prototype to a rigorous evaluation. 
The objective was to determine the reduction in human 
effort (person-hours) over what would be required if 
manual methods were used. By manual methods, we 
mean interviews between the KE and the SME. Our 
evaluation consisted of theoretically estimating the 
savings in human effort and then verifying these 
estimates by exercising the prototype system. There 
are very few instances of published data on test 

results in this subject [16, 17], and even fewer that 
deal with tactical knowledge. Noy, Grosso, and Musen 
[44] expressed the general difficulty in evaluating 
knowledge acquisition tools as a result of the difficulty 
in procuring a group of SMEs who are willing and able 
to participate in experiments that may last several days. 
In fact, our work suffered from the same difficulty, 
forcing us to make educated estimates and validate 
them through extrapolation of limited experiments. 
Therefore, opportunities to compare our results with 
relevant published data were not available.
	 Two main questions were addressed: 1) How much 
KE person-hour effort to develop a context-based agent 
for a particular tactical mission can be eliminated using 
CITKA? 2) What effect does the use of CITKA have 
on the SME person-hour effort for the same tactical 
mission? It would have been desirable to evaluate 
the quality of the knowledge elicited through CITKA 
and compare it with that obtained through traditional 
means. However, because of the same difficulties 
discussed above in procuring SME participation, we 
were unable to complete the model being developed 
through CITKA, and therefore had no basis for a 
rigorous comparison. We leave this important aspect of 
automated knowledge acquisition for future research.
	 The baseline for comparison was the agent-building 
effort involved in the Human Behavior Representation 
Challenge project, sponsored by the Defense Modeling 
and Simulation Office (DMSO) in 2001. This project 
entailed the development of a submarine agent 
involved in a surface asset protection mission. A 
vignette was defined by DMSO to include the mission 
objectives and constraints. The resulting CxBR-based 
agent operated on a standard test bed for an apples-to-
apples comparison with other modeling approaches. 
This knowledge acquisition effort was done in the 
traditional way—interviewing SMEs and reviewing 
published materials.
	 The vignette involves a developing situation with 
an unfriendly coastal nation with whom tensions 
have progressively risen. A naval task force (blue) 
is dispatched to patrol the coast of this country 
(red) as a show of force. It can also serve as an 
attacking force if hostilities break out. The naval 
task force is composed of an aircraft carrier (the 
high value asset, or HVA), two anti-aircraft picket 
ships to protect the carrier from airborne threats, 
and a submarine to protect the task force from naval 
threats—specifically, enemy diesel submarines. 
The blue submarine is tasked with entering enemy 
waters to monitor activity in an enemy port located 
on the coast being patrolled. The submarine is also to 
protect the surface blue vessels if they are threatened. 
The rules of engagement are to not fire at the enemy 
unless: 1) the enemy fires first, 2) a red submarine 
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comes within firing range of surface assets, or 3) a 
red submarine performs two threatening maneuvers 
in sequence. The red force consists of up to three diesel 
submarines, whose intentions may be unclear. Scripts 
developed by DMSO controlled the red submarines, 
causing the blue submarine agent to react. In addition, 
the blue submarine agent was ordered to report on 
enemy activity at the port every 24 hours.
	 We now compare CITKA to the traditional means 
of knowledge acquisition. Firstly, in simple terms, this 
analysis compares the time actually taken by a KE to 
develop the full agent model of the blue submarine 
through the traditional manual process to an estimate 
of the time taken to develop the same agent by having 
an SME interact with CITKA. This first analysis 
focused solely on the KE’s effort.  Secondly, we sought 
to determine the effect of CITKA on the level of effort 
expended by the SME. That is, does the use of CITKA 
impose new burdens on the SME, thereby increasing his 
workload? We explore these two issues next, but first 
we describe the benchmark data used for comparison.

4.1 Benchmark Case: Traditional Knowledge 
Acquisition

The first set of data recorded was the benchmark data.  
That is, the actual time (in person-hours) spent by a KE 
in manually acquiring and codifying the knowledge 
of the blue submarine agent in the aforementioned 
mission. These data are shown in Table 1 below.  

Table 1. Actual KE Hours Spent on Agent Development

Task Hours Task Description

1 157.0 Learning curve on CxBR and 
framework by KE

2 134.5 Acquisition of domain knowledge 
by KE 

3 243.3 Agent design, including definition of 
algorithms by KE

4 150.0 Agent development—coding of 
agent by KE

The resulting total for all four tasks was approximately 
685 person-hours. We refer to this value as the actual-
spent-effort. Therefore, 

actual-spent-effort  =  685.
However, not all this effort can be reduced through 
CITKA. The next section explores what can and cannot 
be reduced.

4.2 Reduction in KE Effort

To determine the how much KE effort could be saved 
through the application of CITKA, we examine the 
four tasks that comprise the actual-spent-effort. We 
then estimate how many of these hours would still 
be necessary if the SME used CITKA instead. This is 
admittedly a hypothetical estimate, but we will use 
the most conservative estimate whenever possible. As 
a result of this analysis, we estimate another variable, 
the revised-spent-effort-with-citka. This value will 
reflect the hours of human KE effort that would still be 
required of the KE when CITKA is used by the SME. 
The lower this number, the more effective CITKA is.
	 Task #1: Whether to include the hours spent on Task 
#1 in the revised-spent-effort-with-citka presents an 
interesting argument. Even with the use of CITKA, a KE 
still needs to understand how CxBR and its associated 
framework operate in order to refine and complete the 
knowledge. On the other hand, once a KE becomes 
familiar with CxBR and the framework, this effort 
would no longer be required in the development of 
future agents. In keeping with our stated conservatism 
in estimates, we deemed that this effort was not 
avoidable through CITKA, and thus included it in 
toto in the revised-spent-effort-with-citka estimate. 
Therefore, initially, we set the revised-spent-effort-
with-citka = 157 hours.
	 Task #2 is the process of acquiring knowledge from 
the expert or other sources. This includes defining 
the mission and enumerating the required Major 
and Sub-contexts. It also includes enumerating and 
describing the objects involved in the mission (e.g., 
red submarines, aircraft carrier). If an SME were to 
use CITKA, the majority of this effort would not be 
necessary on the part of the KE, as CITKA would be 
doing that as part of its interaction with the SME. 
Therefore, it is logical to not include the hours from 
Task #2 in the revised-spent-effort-with-citka value. 
However, it is also reasonable to expect that the KE will 
need to spend some time refining the context base, and 
in doing so will need to obtain clarifications from the 
SME. We will, therefore, include 20% of these hours 
in our calculation of revised-spent-effort-with-citka. 
That amounts to approximately 27 hours. Therefore, 
we now set the revised-spent-effort-with-citka = 157 
+ 27 = 184 hours.
	 Task #3 represents building the objects and defining 
the algorithms, functions, and rules that compose the 
agent. This would also be directly replaced by CITKA, 
so it clearly should not be included in the revised-spent-
effort-with-citka value. The only question about Task 
#3 is whether the time taken to compose the algorithms 
should be included in that total. This question arises 
because it is highly unlikely that a typical military SME 
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is capable of composing an algorithm. The number of 
hours specifically spent in algorithm development 
was not tracked in our benchmark case, making this 
estimate difficult. Therefore, in keeping with our 
conservative approach, we will include 20% of these 
hours in our revised-spent-effort-with-citka estimate 
to account for algorithm development by the KE. That 
comes to approximately 49 hours. As will be seen later, 
our SME was in fact able to compose algorithms via 
CITKA, making this question irrelevant vis-à-vis our 
later comparison. Updating the revised-spent-effort-
with-citka, we now set it to 157 + 27 + 49 = 233 hours.
	 Task #4: In the great majority of situations, the 
actual coding of the model cannot be done by the 
SME and is therefore the responsibility of the KE. 
However, much of the context-based model merely 
requires creation of classes with the attributes being 
assigned values. This can easily be done by CITKA, 
resulting in compiled source code. With somewhat 
less confidence, we believe that the sentinel rules that 
incorporate the transition criteria to control the context 
transition process can also be built automatically from 
the transition criteria. In fact, Henninger [32] was able 
to automatically write CLIPS rules with her prototype, 
giving us confidence about this assertion. The area of 
greatest difficulty would be coding action functions. 
We therefore arguably assume that 70% of the code 
could be automatically generated. Further assuming a 
linear relation between lines of code and time, the use 
of CITKA would replace 70% of the 150 hours taken by 
the benchmark numbers. This would require 30% of 
the effort to still be done by the KE. This would amount 
to nearly 45 hours of coding effort expended for the 
benchmark mission by the KE. Therefore, the final 
value of revised-spent-effort-with-citka = 157 + 27 + 
49 + 45 = 278 hours of KE effort required in the presence 
of CITKA. The final value can now be calculated as:

revised-spent-effort-with-citka = 278 hours of KE effort.
Comparing the revised-spent-effort-with-citka number 
to the actual-spent-effort by the KE, the effort of the 
KE in light of the use of CITKA is now approximately 
40% of the original effort. A reduction of almost 
60% could conservatively be attributed to the use of 
CITKA.

4.3 Reduction of SME Effort

This part of the estimate seeks to measure the effect 
of using CITKA on the SME. Consequently, the second 
set of data recorded was an estimate of how long it 
would take for an SME comfortable with the use of a 
computer to respond to the questions posed by CITKA 
in its ultimate form. Note that the prototype was not 
used in this analysis. Once again, the benchmark for 
comparison was the naval mission described above. 

These estimates are based upon careful analysis of the 
SME’s tasks and include a low and a high estimate. 
These respectively assumed 15 and 30 seconds as the 
low and high estimates for entry of each name, value, 
etc.; 10 seconds for each checkbox checked; and 2 and 
4 (low and high) minutes per line of text entered. The 
text entry assumed 80 characters per line and a typing 
speed of 20 and 40 characters per minute (low and 
high). This estimate includes time for typing and 
scrolling, as well as thinking. Table 2 shows these 
estimates.
 The cumulative columns show the running total in 
person-hours for the progressing effort, with and 
without entering the algorithms. The idea behind 
algorithm description is that if the SME is capable of 
developing an algorithm and inputting it into CITKA, 
then the rightmost column reflects the running total. 
However, it is unrealistic to believe that the typical 
military SME will be able to express an algorithm 
in pseudo-code, readily transferable to a computer 
program. More likely, he will describe it in running 
text, and the KE would have to generate an algorithm 
from his description. In this case, the middle column 
is the right one to use in the comparison. However, 
we consider the rightmost column to be the more 
conservative estimate of the two, vis-à-vis the SME, 
and use it in our analysis.
	 The results shown in the rightmost column of Table 
2 indicate a total of nearly 71 hours, assuming an SME 
who responds quickly, and 136 hours for a slow one.  
These values assume a capable SME taking the time 
to develop algorithms—the worst case for an SME in 
terms of hours expended. A fair comparison of this 
number would be the documented values of Task #2 
in Table 1, as this is the only task of these four that 
would involve an SME. If a one-on-one interaction 
between an SME and KE is assumed, then the SME 
would have spent 134.5 hours (Table 1, Task 2). This 
expected effort of 134.5 hours by an SME in Task #2 
compares quite well with the estimate of 136.4 hours 
for a particularly slow SME who also spends the time 
to develop algorithms. The optimistic value of 70.7 
hours, which also includes algorithm development, 
reduces the SME’s effort to nearly 53% of the actual 
values (70.7 / 134.5). In summary, the conservative 
conclusion can be reached that the effort expended by 
an SME is roughly comparable, and potentially much 
lower under some circumstances.

4.4 Prototype Evaluation

However, these are only estimates, albeit carefully 
considered ones. An empirical evaluation was done to 
verify these estimates so as to validate the conclusions 
made here—that the use of CITKA greatly reduces the 
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Table 2. Summary of estimates for SME inputs (in person-hours)

Task Description Individual Task
(Low  –  High)

Cumulative
(w/o Algorithms)

(Low  –  High)

Cumulative
(with Algorithms)

(Low  –  High)
Overall Mission Description 
(no algorithms necessary) 3.2 – 6.3 3.2 – 6.3 3.2 – 6.3

Forces/Object Definition 
(no algorithms necessary) 6.0 – 11.8 9.2 – 18.1 9.2 – 18.1

Major Context Descriptions

    w/o Algorithm Definition 7.3 – 14.4 16.5 – 32.5

    Algorithm Definition 3.0 – 5.9

    Total for MC Descriptions 10.3 – 20.3 19.5 – 38.5

Sub-context Descriptions

    w/o Algorithm Definition 16.0 – 31.6 32.5 – 64.1

    Algorithm Definition 6.6 – 13.2

    Total for SC Descriptions 22.57 – 44.79  42.0 – 83.3

Situational Memory 1.3 – 1.8 33.8 – 65.9 43.4 – 85.0

Helping Functions Descriptions

    w/o Algorithm Definition 11.9 – 20.4  45.7 – 86.3

    Algorithm Definition 15.5 – 31.0

    Total for HF Descriptions 27.4 – 51.4 70.7 – 136.4

Overall Totals 45.7 – 86.3 70.7 – 136.4

Table 3.  Results for Major Context descriptions

Screen Total Time Number of Entries Average Time on Screen

choose-scenario 0:00:54 11

Description 0:00:06 1

major-action-intro 0:04:34 7 0:00:46

major-task-get-action-algorithm 1:52:55 48 0:18:49

major-task-get-action-description 0:27:43 37 0:04:37

major-task-get-action-input-description 1:22:57 317 0:02:08

major-task-get-action-inputs 0:59:04 36 0:09:51

major-task-get-universal-names 0:00:12 3 0:00:04

major-task-get-validity-algorithm 0:44:32 18 0:02:28

major-task-get-validity-input-description 0:32:27 163 0:00:12

major-task-get-validity-inputs 0:24:00 33 0:00:44

major-task-review 0:05:19 11 0:00:29

reactive-major-task-get-description 0:00:05 5 0:00:01

universal-major-task-get-description 0:07:38 18 0:00:25

Total 6:42:26 708
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human effort required to build the models of human 
behavior in tactical situations. An SME was asked to 
enter his knowledge on the same sea vignette mission 
into the CITKA prototype, and his efforts were 
carefully monitored and quantified. The purpose 
of this exercise was to verify the estimates shown in 
Table 2.
	 The description of Table 3 and its fields is as 
follows:

Screen indicates the particular input screen that 
was used in CITKA by the SME. The name is 
arbitrary but reflects to some extent the context 
of the input being acquired.
Total time indicates how much time was spent 
by the SME on that particular screen, in hours:
minutes:seconds.
Number of entries indicates how many times 
the SME entered that particular screen. The 
amount of entries reflects the navigation of the 
expert necessary to review information on other 
screens and is higher than the amount of logical 
inputs being made. For example, the amount of 
actions for Major Tasks was six, but the screen for 
capturing major task actions was entered a total 
of 37 times.
Average time on screen indicates the average time 
spent on each screen, given the amount of times 
it was accessed.

	 One problem faced when evaluating the prototype 
is that testing can only be done in real time. That is, 
we must measure the actual time spent by an SME 
interacting with CITKA to create the context base. In our 
case, it is the context base used for the aforementioned 
sea scenario. Given that the estimate for the time 
needed to develop this context base is between 71 and 
136 hours, we estimate that the testing time necessary 
to completely evaluate this prototype would be on 
the order of 100 ± 30 hours. This represents between 
nearly 2 and 3.25 person-weeks of effort for the SME 
alone. Our SME, who agreed to assist in this matter 
on a pro bono basis, could only dedicate one to two 
hours per week to this effort. That would require a 
period of between one and one-and-a-half years to 
collect the complete data—a clearly unrealistic option. 
Faced with no other alternative, we chose instead to 
evaluate a small part of the scenario, and then apply 
extrapolation. That would provide us with a strong 
sense of whether our estimates were realistic or not. 
Table 3 depicts the actual times taken by the SME using 
the CITKA prototype in developing the definition of 
one Major context.
	 To measure the actual clock time the SME spent 
in the various CITKA screens, a timing program was 
installed and run in the background. This program 

•

•

•

•

monitors the mouse clicks and keeps track of the time 
the SME took on each particular task. That eliminated 
the need for manual time keeping by the research staff, 
a meticulous and less accurate process. The actual 
testing only encompassed the overall mission description 
(Mission Context dialog) and Major Context descriptions 
(Major Context dialog). Results for Major Context 
descriptions are given in Table 3. 
	 We are particularly interested here in validating the 
time estimates for SME involvement made in section 
4.3. As can be seen, the total time of SME involvement 
for this part of the scenario is 6 hours 42 minutes and 
26 seconds. This included developing the required 
algorithms (which our SME was able to do). This is a 
bit less than the estimated best-case time of 7.3 hours 
to do the same thing without algorithm definitions, 
and significantly less than the estimated time with 
algorithm definitions (10.3 hours). This implies that 
there was some overestimation in our estimated times 
for the SME to use CITKA to input the screens. In any 
case, the results tend to confirm that the estimates for 
using CITKA are quite credible, if a bit pessimistic, 
giving validity to our hypothesis that there is no 
added burden on the SME by using CITKA. In fact, our 
estimates may have been overly pessimistic, suggesting 
a decrease in SME effort through CITKA.
	 It should be noted that the SME used was also the 
same individual who specified (but not developed) 
CITKA. While this may have given him a distinct 
advantage over someone unfamiliar with CITKA, it 
is our opinion that the numbers provide acceptable 
results in spite of this. This is justified by the fact that 
even a 50% increase in the time taken by the SME 
would have placed the results just above the lower end 
of the range of estimates (10.1 versus 10.3 hours) if the 
algorithms were included in the estimate.
	 As mentioned earlier, our experiment suffered 
from a difficulty common to most if not all such 
experiments in automated knowledge acquisition. 
SMEs are hard to find in sufficient numbers to make 
a truly statistically meaningful conclusion. Moreover, 
those that can be found are typically unavailable for 
a sufficient length of time to carry out a non-trivial 
experiment. Noy, Grosso, and Musen [44] express this 
difficulty candidly. Nevertheless, engineering analysis 
traditionally permits evaluation of concepts (designs, 
operation) in ways other than empirical testing in 
cases when the latter is impossible. This is what we 
have done. We believe that our evaluation, while short 
of being empirically complete, is appropriate and 
provides a realistic evaluation of the CITKA concept. 
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5. Summary and Conclusions

The results indicate that model development using 
CITKA significantly facilitates the knowledge 
acquisition task for building tactical behavior agents 
in simulations. In this paper, we described the 
underlying concepts for building the CITKA system 
to do this very thing. Furthermore, we described a 
prototype system used to prove CITKA’s technical 
feasibility and evaluate the potential effectiveness of 
the system. The results indicate significant savings in 
effort spent in developing agents that exhibit human 
tactical behavior. Our conservative estimates indicate 
a reduction of 60% of the time and effort spent by the 
KE. Moreover, we estimate that there will be no negative 
impact on the involvement of the SME. Limited testing 
with the actual prototype indicates that these estimates 
are indeed realistic, if not a bit pessimistic.
	 The commercial development of the CITKA 
prototype would facilitate development of CGFs 
by making them easier to build. While the current 
prototype was designed and developed in accordance 
with current software engineering practices, it is not 
considered “commercial-grade” and would require 
some re-evaluation and possibly some rewriting to 
make it so. This is currently in the plans for our future 
work. CITKA does, however, commit the user to the 
CxBR modeling paradigm being employed as the basis 
of the resulting model.  
	 CxBR has never been rigorously compared head-to-
head with other modeling paradigms in terms of model 
effectiveness. Brown came the closest to doing so in 
his thesis [34], but it was not a rigorous comparison. 
Such a comparison is beyond the scope of this paper 
and is left for future research. Nevertheless, based 
on our experiences as well as on Brown’s results, it is 
our opinion that CxBR offers at least an equal, if not 
superior, means of modeling human performance. Of 
course, it must be noted that model effectiveness often 
rests more with the modeler than with the modeling 
paradigm. The latter can only facilitate the construction 
of the model and provide a rich environment for easily 
representing the various aspects of human behavior. 
At this we feel that CxBR is quite effective.
	 Other future research could involve a study of how 
typing the knowledge into the computer directly by 
the SMEs differs, in terms of acquisition effectiveness, 
from stating it orally to a KE.
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