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ABSTRACT 

Development of realistic entity behaviors within constructive training simulations presents many issues. Autonomous 

and semi-autonomous entities provide trainers with the ability to conduct large scale training exercises with limited 

resources, but the specification of these entities’ behavior yield new issues that are not present when conducting tra-

ditional training exercises. Training requires that autonomous or semi-autonomous entities behave in well-defined 

ways that correctly mimic the behavior of their real-world counterparts. Failure to behave correctly can result in not 

only missed training objectives, but negative training if trainees learn to respond to constructive entities exhibiting 

unrealistic behavior. This paper presents work conducted under a combination of projects for NAVAIR Training 

Systems Division, the Office of Naval Research, and Joint Forces Command, demonstrating a customized behavior 

modeling framework for specification of autonomous entities. Behaviors were specified for entities within the Joint 

Semi-Automated Forces (JSAF) simulation environment, as well as an immersive 3D environment developed by 

Northrop Grumman called the Irregular Warfare Virtual Trainer. This paper presents a framework for enabling sub-

ject matter experts (SMEs) to develop behaviors using modular basic-level actions (BLAs) through an easy to use 

wizard-like interface. This interface assisted SMEs in representing their expertise regarding how entities within a 

training system should behave, in a manner which enabled execution within the simulated environment. We present a 

simulation-agnostic architecture for modeling fully executable entity behaviors through a visual task decomposition, 

as well as a methodology for enabling subject matter experts to directly develop and maintain entity behaviors with-

out the assistance of a software engineering team. 
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INTRODUCTION 

 

As virtual training environments using constructive 

entities play a more central role in developing warfigh-

ter capabilities, a number of issues arise. Autonomous 

and semi-autonomous entities enable large scale train-

ing exercises with limited resources, but the specifica-

tion of these entities’ behavior yields new issues that 

are not present when conducting traditional exercises. 

Training requires that autonomous entities behave in 

well-defined ways that correctly mimic their real-world 

counterparts. Failure in this regard can result in not 

only missed training objectives, but negative training if 

trainees learn to respond to constructive entities exhi-

biting unrealistic behavior. 

 

This paper presents a behavior modeling framework for 

constructive entities which enables subject matter ex-

perts (SMEs) to develop complex entity behaviors us-

ing modular basic-level actions (BLAs) through an easy 

to use wizard-like interface. This interface assists 

SMEs in representing their expertise regarding how 

entities within a training system should behave, while 

preserving that expertise in an easily understood form 

through the entire development process and during run-

time execution within the simulation environment. 

Elements of this behavior modeling approach have 

been applied in two domains, each of which presents 

advantages of this technique. 

 

We present work funded by NAVAIR-TSD and the 

Office of Naval Research, demonstrating a customized 

behavior modeling framework for specification of con-

structive entities within the Joint Semi-Automated 

Forces (JSAF) simulation environment. This applica-

tion of our approach enables the rapid development of 

new behaviors for subsurface vehicles as well as rotary-

wing aircraft, which in turn enables the development of 

customized scenarios by trainers without the need for 

additional software development or additional man-

power in the form of JSAF operators. Thus, through use 

of the techniques presented here, training exercises can 

be increased in their scale and complexity, more direct-

ly achieving their training objectives, without increas-

ing the resources required. 

 

Additionally, we present work conducted for Joint 

Forces Command in conjunction with Northrop Grum-

man. In this effort, we applied elements of our behavior 

modeling technique to represent non-player characters 

(NPCs) within the Irregular Warfare Virtual Trainer 

(IWVT), an immersive 3D simulation built upon the 

Delta-3D platform. The domain of irregular warfare 

presents unique challenges for behavior modeling, due 

to the rapidly evolving behaviors required for NPCs 

representing populations in different parts of the world. 

By enabling SMEs to directly define behaviors for use 

within virtual training simulations, we facilitate devel-

opment and customization of those simulations to 

match changing situations in the real world. Users can 

adapt insurgent tactics within the simulation to match 

observed adaptations by their real-world counterparts. 

SMEs with expertise in the culture of a specific region 

(i.e. cultural anthropologists, warfighters with expe-

rience in the field, etc.) can directly modify NPCs to 

behave in a manner consistent with that specific region, 

enabling trainees to develop cultural awareness and the 

intra-personal skills necessary to effectively interact 

with a local population. 

JSAF Behavior Specification 

 

Under projects funded by NAVAIR-TSD and ONR, 

customized behavior modeling environments were de-

veloped for specification of JSAF behaviors driving 

subsurface vehicles and rotary wing aircraft. These 

modeling environments enabled creation of new mis-

sions by experts through modular composition of BLAs 

developed for a particular domain.  
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Using the process presented in this paper, we built 26 

new BLAs for helicopters and 36 BLAs for subsurface 

vehicles within JSAF. All of these BLAs are functional 

and tested in the console. Many of them have been used 

in missions we constructed to test our behaviors in 

JSAF. The effort spent on knowledge acquisition, de-

velopment and testing these 35 new BLAs was approx-

imately 70 man-days. This results in about 2 man-days 

per BLA for BLAs which are functional for demonstra-

tion. More testing is done on each BLA to develop 

them for deployment, but the total time per BLA is still 

no more than 5 man-days from start to finish on aver-

age. It is important to note that this is an average time.  

More complex BLAs may take longer and simple BLAs 

will be quicker to develop and test. This level of effort 

is several orders of magnitude less (from months to 

days) than what it would take to develop this much new 

functionality by writing and debugging code to add new 

task frames to JSAF. 

 

After development of the behavior modeling environ-

ments, called consoles, and the initial basic level ac-

tions for each domain, new missions for a particular 

entity type can be created by a user with no software 

engineering expertise in a matter of minutes. They can 

then be deployed directly from the modeling environ-

ment into JSAF while the system is running, without 

needing to recompile source code or even stop the si-

mulation. While these behaviors can be rapidly con-

structed, they can display extremely complex and 

nuanced behaviors as a result of the knowledge en-

coded within the BLAs. 

 

Missions developed using this approach utilize com-

plex cognitive modeling of the entities’ environments, 

while containing transparent representations of exper-

tise captured directly from SMEs. Some of the more 

complex aspects of the behaviors captured include 

communication between autonomous helicopters and 

human crews and Anti-Submarine/Anti-Surface War-

fare Tactical Air Controllers (ASTACs), as well as 

making decisions based upon mental models of the 

entity’s opponents. 

Irregular Warfare Virtual Trainer Behavior Speci-

fication 

 

As part of an effort funded by Joint Forces Command, 

behavior models were developed to represent complex 

behaviors in a 3-D training simulation is the Irregular 

Warfare Virtual Trainer developed by Northrop 

Grumman. The goal of this simulation was to train sol-

diers to be able to maintain effective situational aware-

ness in a complex and crowded environment, in this 

case, an Afghani bazaar. We developed behaviors to 

control all entities within the training simulation which 

encompassed virtual characters ranging from vendors 

and villagers, to possible insurgents, a personal security 

detail, and the center piece of the simulation, a village 

elder that could interact in a complex cultural interview 

with the trainee.   

 

The approaches described in this paper allowed for the 

development of very complex and culturally interesting 

interaction between the trainee and the virtual charac-

ters and between individual virtual characters. The trai-

nee was presented with a crowded marketplace, and it 

was his/her responsibility to navigate through it effec-

tively and safely. Certain behavior models that were 

designed to stand out to the trainee would cause charac-

ters in the simulation to display body language that was 

culturally representative of disrespectful and indignant 

attitudes. At points in the training, the trainee is in-

structed to point out suspicious characters, at which 

point they have to rely on clues such as body language 

to determine possible suspects.   

 

Other behaviors in the simulation included common 

villager behaviors, which while less interesting on the 

surface, enabled realistic interaction between the virtual 

villagers. The villagers had the ability to approach ven-

dors and converse about various products for sale and 

prices of those products. These conversations were 

accomplished by sending information from one entity 

to another in coordination with playing the accompany-

ing audio. Entities, upon receiving an incoming mes-

sage, could parse the message and determine an appro-

priate response. The response was then, in the same 

manner, sent back to the initial entity, that could then 

parse and respond as appropriate. This conversation 

would last until an entity decided to leave the conversa-

tion. The overall result was an interesting and realistic 

Afghani marketplace filled with virtual characters that 

acted in a culturally appropriate manner. 

 

The behavior models used in this training environment 

produced after action review (AAR) materials during 

execution. Player interactions with the various NPCs 

were recorded to an external source (in this case, Mi-

crosoft Excel spreadsheets), as well reported to the 

game environment for display during a review upon 

completion of the mission. 

 

Advantages 

 

This approach to behavior modeling offers the follow-

ing advantages:  

 Rapid development of new behaviors for cus-

tomized training scenarios 
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 Expert domain knowledge captured within the 

modeling tools to assist building more intelli-

gent behaviors 

 Transparency of behaviors for subject matter 

experts during and after development 

 Transparency of behaviors at runtime, easing 

the debugging process and exposing decision 

making process of entities to operators 

BACKGROUND 

 

Behavior modeling, according to our approach is not 

achieved through finite state machine approaches, nor 

through rules applied to dynamically create problem 

spaces, as one might find in cognitive architectures 

(Newell, 1990) (Anderson, 1982) but by the storage of 

a set of process models from the outset.  We call these 

process models “strategies” and rules are stored within 

these strategies.  The pedigree of our approach comes 

from two places. The first is the Case-Based Reasoning 

(CBR) community (Kolodner, 1993), which treats sto-

rage and retrieval as the primary mechanisms of intelli-

gence. Like the CBR community we believe that pat-

terns are often stored and retrieved. The idea that we 

store both conceptual knowledge as well as process 

knowledge in the form of patterns should not be sur-

prising to anyone who studies cognition.   

 

The storage of such knowledge in production rules, 

although convenient from a computational perspective, 

seems quite improbable from a cognitive perspective. 

Patterns of process are captured in the form of task 

decompositions, which leads to the second place of 

origin for our ideas.  Chandrasekaran (1986) proposed 

that knowledge patterns pertain to processes as well as 

concepts.  He called these patterns of process “generic 

tasks”. The notion that one weak method (i.e., heuristic 

search through problem spaces) could adequately ac-

count for human cognition did not seem reasonable to 

him, so he suggests the idea of patterns of process 

which would apply across domains. Heuristic search 

and case-based reasoning are simply two examples of 

generic tasks used by intelligent systems. 

 

Our task-method decomposition hierarchies (strategies) 

represent patterns of behavior that can be applied to 

specific kinds of problems. Experts know these patterns 

and are able to recall and apply them. The process is 

not a search for a rule but is matching a pattern and 

executing a strategy.  The system can simply execute 

the strategy to solve the problem; the strategy can be 

composed from more basic task-method hierarchies as 

well as other representations. The BLAs described in 

this paper are stored patterns which we present to 

SMEs for modification and reuse. 

 

One of the most significant differences between our 

approach and past efforts in modeling human behavior 

is the way we elicit knowledge from subject matter ex-

perts. Our methodology involves the direct capture of 

strategic knowledge from experts in a visual form that 

the subject matter experts can understand from incep-

tion to deployment.  Other cognitive modeling languag-

es capture rules that are dynamically applied to enable 

the entity to make decisions. Our strategies are more 

case-based in nature. Although there are rules through-

out the hierarchical representation, those rules are gen-

erally localized to a specific context which makes them 

significantly simpler to acquire and adapt. 

     

Rule formation and modification have proven to be 

difficult problems since their inception nearly 50 years 

ago. Our research has determined that strategy capture 

in the form of hierarchical task networks (HTNs) in the 

task, method, knowledge (TMK) language can be easy 

through a visual/diagrammatic interface. The real ad-

vantage is that the visual representation provides con-

text to the subject matter expert, which enables him to 

focus on the right questions leading to better elicitation 

of knowledge. The knowledge engineer can then ask 

better questions since the expert is focused on the same 

issue. In a rule based system the knowledge engineer 

must lead the expert through a set of examples and 

rules, neither of which provide the expert with the con-

text necessary for uncovering the exceptions that are 

crucial to intelligent behaviors. In a strategy-based ap-

proach the expert walks through a set of situations pro-

viding the expertise based on the situation.  

 

In contrast to a script or lisp-like representation; the 

visual, hierarchical nature of our models makes them 

transparent to the expert which enables them to eva-

luate the actions in context. The hierarchy provides a 

benefit to the experts in that it enables them to visualize 

their processes, which helps them to understand those 

processes better. 

 

Our approach provides both an effective way to acquire 

important domain specific strategies, and also to con-

nect to existing task-frames and actions within SAF 

systems.   Once you have the expert, the next problem 

is how to discern what the expert knows and how the 

expert will use the knowledge in a problem solving 

scenario. Using our approach this is all transparent. We 

obtain the patterns and strategies of experts and we 

require it to be easy for the experts to understand what 

the model says. Thus, we provide a more explicit ap-

proach to matching the entity’s behaviors to what a 
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SME would do, and further, we enable the SME to ite-

rate over the representation until it is correct. 

ARCHITECTURAL OVERVIEW 

 

Figure 1 presents an overview of the system architec-

ture used to enable construction of autonomous entities 

for a simulation developed here. It consists of four ma-

jor components: 

 The simulation used as the training environ-

ment 

 A thin interface layer providing a set of func-

tions for behavior models to use in communi-

cating with the simulation 

 A module for managing the various behavior 

models developed by SMEs, as well as their 

instantiation within the simulation 

 A framework for developing knowledge cap-

ture environments (KCEs), or consoles, specif-

ically tailored for development of behavior 

models within a particular domain 

 

 
Figure 1: High Level System Architecture 

 

Simulation Interface Layer 

 

Between the simulation and the behaviors lies a thin 

interface layer that provides the following core functio-

nality: 

 Action functions – functions called by the be-

havior model to cause the entity to perform ac-

tions in the simulated environment, such as 

movement to a particular location, turning 

sensors on/off, or firing a weapon. 

 Query functions – functions called by the be-

havior model to request information about the 

simulation, such as the current state of the ent-

ity driven by the behavior model or what sen-

sory stimuli are currently being observed by it. 

The key differentiator between queries and ac-

tions is that queries are expecting a response 

from the simulation. 

 Data structure specifications – a specification 

of data types passed back and forth between 

the simulation and the behavior models, used 

by the functions described above. 

 

In addition to these three core components of the inter-

face layer, a mechanism is required to synchronize the 

behavior execution with the rest of the simulation envi-

ronment. In practice, many operations performed in the 

behavior models are internal to the models themselves, 

and so synchronization needs only to occur at the point 

where communication between the behavior model and 

the simulation takes place. 

 

Figure 2 shows a diagram of the communication that 

takes place between the simulation and the behavior 

manager at runtime. This particular diagram shows the 

communication mechanism used during integration 

with NPCs in the IWVT, but the mechanism can be 

adapted to use a variety of different methods to com-

municate between the behavior models and the simula-

tion. For instance, our integration with JSAF leveraged 

a very similar overall communication mechanism, but it 

took place over the Java Native Interface, passing the 

same types of calls directly though function calls to 

dynamic libraries, sending Google Protocol Buffers in 

the place of XML packets to achieve improved effi-

ciency.  

 

The key point to note is that the system is simulation-

agnostic, and can be adapted to integrate with various 

simulation environments. If multiple simulations sup-

port the same set of sensory input and actions required 

by a behavior’s model, that model can be deployed in 

both simulations without modification. Additionally, 

the TMK structure of the behaviors supports failure-

based decision making, so that a given task can have 

multiple methods of completion, each attempted in se-

ries until one succeeds in achieving the goal of the task. 

Thus a given task may specify less efficient methods of 

completing its goals, which the system can call back 

upon if the integration with a particular simulation en-

vironment does not support all of the functionality re-

quired by the preferred method. 
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Figure 2: Communication between Behaviors and the IWVT Simulation 

 

Behavior Model Structure 

 

Figure 3 shows the top level structure of a typical be-

havior model represented in TMK. The slashed back-

ground of the subtask group indicates that the three 

subtasks (Process Situational Awareness, Perform the 

Main Mission, and Monitor Sensors) execute concur-

rently.  

 
Figure 3: Top Level Structure of a Behavior Model 

 

These three subtasks represent the following three pri-

mary components of a behavior model: 

 Situational Awareness Processing – This sub-

hierarchy processes raw data about the entity 

and the simulation environment, and uses it to 

generate higher level mental models of the 

world in which the entity exists. This allows 

the behavior to be defined using concepts that 

a human would take for granted, without hav-

ing to delve into the details of how to derive 

knowledge of the simulated world from low 

level data. This section of the behavior model 

is specified in more detail below, in the sec-

tion titled “Enabling Situational Awareness”. 

 Mission Execution – This subtask consists of a 

series of BLAs representing the primary mis-

sion to be performed by the behavior. These 

subtasks are executed sequentially, with the 

possibility for iteration over the set of BLAs. 

This is the section of the model with which the 

SME most directly interacts at behavior com-

position time, building up a mission by choos-

ing which BLAs he wants to combine. 

 Reaction to Events – This subtask allows the 

behavior to interrupt execution of the primary 

mission, and react to unscheduled events in 

the simulation. For instance, if an entity comes 

under fire, it will need to react to that event in 

a timely manner, most likely delaying the ex-

ecution of its current mission. This branch 

uses a blackboard system combined with lis-

teners to enable the SME to define layered 

reactions within a subsumption architecture. 

 

Mission Sub Hierarchy Structure 

Figure 4 shows an example of the mission section of 

the Search and Destroy behavior, constructed for use 

by a rotary winged aircraft. The objective of the Search 

and Destroy RWA mission is to get a contact on an 

enemy submarine with a high level of confidence that 

the contact is valid and the contact details are accurate, 

move to within torpedo range of that contact, and dep-

loy a torpedo against that contact. An example applica-

tion of this mission would be in a defensive search and 

destroy mission where and SH-60 is tasked with finding 

an enemy sub and destroying it before it is able to 

launch an attack on a friendly high-value unit (HVU). 
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Figure 4: Example Mission Hierarchy 

This mission is constructed from several basic level 

actions that achieve the mission objectives: Find Ene-

my Sub, Move to Optimal Torpedo Range, and Fire 

Torpedo. The second two BLAs are fairly straight for-

ward, and perform the task of moving to within striking 

distance of and deploying a weapon against the enemy 

submarine. The more interesting BLA is the Find Ene-

my Sub BLA which is broken down into several major 

steps that allow the BLA to execute in a flexible man-

ner depending on the situation. 

 

Initially the Find Enemy Sub BLA reports mission de-

tails to the situational awareness module (SAM) to cus-

tomize how the SAM will process and report the situa-

tion. The main details to report are the type of contact 

(opponent) that this BLA is interested in and the type of 

mission this BLA is performing.  This allows the SAM 

to determine an appropriate area of probability (AOP) 

to start the search, taking into account likely opponent 

tactics. 

 

With an initial AOP determined by the SAM, the BLA 

can proceed to the AOP and deploy a pattern of sono-

buoys. This sonobuoy deployment is dependent on data 

processed by the SAM in that the type (passive or ac-

tive) and pattern are both determined by the current 

situation. The factors that determine these deployment 

details include type of mission, level of confidence in 

any current contacts, probable enemy tactics, and EM-

CON state. An example sonobuoy deployment method 

is the placement of a defensive line through which the 

enemy will have difficulty passing. This method will 

determine the spacing between sonobuoys based on 

effective ranges of the sonobuoys to be deployed, and 

will calculate the orientation of the line of sonobuoys 

based on the mission and current situation. In this case, 

the mission is to defend a friendly HVU against a sus-

pected enemy sub and the SH-60 has not been autho-

rized to deploy active sonobuoys. The spacing of sono-

buoys will be determined by the effective range of pas-

sive DIFAR sonobuoys, and the orientation will be 

determine by the location of the HVU and suspected 

sub location. The sonobuoys will be deployed in a line 

that cuts off the sub from the HVU. The deployed so-

nobuoys are reported to the SAM and this method con-

cludes. 

 

Having deployed a pattern of sonobuoys, the SH-60 

proceeds to monitor that pattern for possible enemy sub 

contacts. This involves simply hovering or circling in 

the general vicinity of the sonobuoys and maintaining 

awareness of the contacts being reported by those so-

nobuoys. These contacts are consolidated in the SAM 

to combine all known data about any given contact into 

one contact which can then be used to determine validi-

ty of the contact and maturity of the contact details. The 

SH-60 will continue to monitor the pattern until it is 

determined that either a valid contact has been reported 

or that the confidence in the current AOP is too low at 

which point the SAM will analyze the situation and 

report a new AOP for the SH-60 to evaluate.  If given a 

new AOP that is outside of the detection range of the 
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current sonobuoy pattern the SH-60 will repeat this 

process of deploying and monitoring sonobuoys as spe-

cified. 

 

This process repeats until a valid contact is found, the 

SH-60 is told to abort the mission, or it runs low on 

fuel and needs to return to base. This basic level action 

is considered to be successfully completed if a valid 

enemy submarine contact is acquired. At this point the 

“Move To Optimal Torpedo Range” BLA will put the 

SH-60 into optimal firing position, and the Fire Torpe-

do BLA will deploy an MK-54 torpedo against the 

enemy. 

 

Behavior Development Console for SMEs 

 

At the heart of the behavior modeling architecture 

we’ve developed here lies the KCE Framework, which 

provides a base system for developing modeling envi-

ronments tailored to specific domains. Figure 1 

presents some examples. The DM Knowledge Service 

Modeler represents a general purpose knowledge cap-

ture tool, suitable for capture of process and structure 

knowledge in any domain. The ASW Behavior Console 

offers a similar environment, custom tailored for devel-

opment of behaviors used in anti-submarine warfare 

(ASW) training scenarios. Other consoles could be 

developed for any variety of specific domains. 

 

All of these consoles share the fundamental representa-

tion of processes as task decomposition hierarchies 

built with the TMK Language. Thus, models developed 

with one console are able to be viewed using other con-

soles. The primary reason for development of a specific 

console is that the interface and user experience can be 

modified to suit a specific set of users attempting to 

develop a specific set of models.  

 

In the case of the ASW Behavior Console, the interface 

has been tailored to specifically assist the user in the 

creation of autonomous entities for deployment in 

ASW training exercises. This customization takes the 

form of various additions to the user interface to pro-

vide the user with guidance in creation of new behavior 

models, as well as removal of interface elements that 

are not needed by that particular domain. 

 

One particular example of this customization is pre-

sented in Figure 5, which shows a wizard-like interface 

called an advisor. This particular advisor is displayed 

by the system when the user begins creation of a new 

RWA behavior. This advisor itself represents know-

ledge and expertise regarding how to construct execut-

able behavior models within a simulation, which are 

areas that the target audience (a training instructor, or 

an ASW expert) may not be familiar with. By encapsu-

lating this general knowledge of behavior modeling in 

the form of an advisor, we are enable the SME to turn 

their expertise regarding operations and their specific 

training requirements into fully functional entity beha-

viors for deployment in a simulated environment. 

 

 
Figure 5: RWA Mission Builder Advisor 

 

Basic Level Actions (BLAs) 

 

This advisor guides the user in creation of behavior 

models comprised of modular sub-hierarchies called 

Basic Level Actions (BLAs). These BLAs encapsulate 

independently operational modules containing human 

expertise about how to perform a specific operational 

task, such as Search for Blue Surface Vessel or Deploy 

Sonobuoy Pattern X.  

 

Development of a set of these BLAs followed a forma-

lized knowledge capture methodology which was de-

signed to extract domain specific knowledge from 

SMEs. Once captured, these BLAs form building 

blocks that any user can plug together to construct 

complex missions for autonomous entities, without 

having to delve into the complex nuances of the under-

lying operations that take place during execution. This 

enables a user such as a training instructor to construct 

intelligent behaviors for an RWA, even though they 

may not be an expert in the specifics of those types of 

operations. 

 

Additionally, the user is able to construct new BLAs 

which comprise combinations of existing BLAs through 

another advisor, which will automatically identify pa-

rameters which are required or mapped throughout the 

novel BLA’s sub-hierarchy, exposing the appropriate 
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parameters on the top level of the BLA for use within 

larger mission hierarchies. 

 

BLAs are stored in a library which is made available to 

the user in the console, indexed by category (i.e. 

Movement, Sensors, Search, etc.) with text describing 

the functionality represented by the BLAs hierarchy. 

These are available for manual injection into mission 

hierarchies, as well as being available through the mis-

sion builder advisor. 

BLA Development Methodology 

 

Development of BLAs follows a formal methodology 

designed to facilitate introspection and articulation of 

subject matter expertise. This methodology for know-

ledge capture allows the design process to proceed 

from highly abstract levels of representation to concrete 

operational levels. The methodology consists of mul-

tiple phases. The initial phases consist of a structured 

interview process with the SME. The structure within 

the interview encourages the SME to think about prob-

lem solving within the BLA from many points of view.  

This helps to uncover the tacit knowledge that makes 

the SME expert in their particular field. The later phas-

es of the methodology are integrated with the TMK 

modeling software such that BLAs can be constructed 

rapidly in a manner which is both transparent and ex-

ecutable. The BLAs are easy to understand since the 

TMK representation is visual and its inherent structure 

encourages each section of the hierarchy to be auto-

nomous and understandable within itself.  In the final 

phases of the methodology, the individual BLAs are 

tested to make sure that they perform the specified 

goals identified in the earlier conceptualize phase. Ad-

ditionally, the library of BLAs is compared against the 

requirements captured in the initial phase to make sure 

that the library achieves coverage of the overall 

project’s goals. 

ENABLING SITUATIONAL AWARENESS 

Our research effort has developed an implementation of 

Mica Endsley’s model of situation awareness (Endsley, 

1995) as shown in Figure 6. This implementation 

enables constructive entities to process low level sen-

sory data into higher level abstract understanding of 

their environment for the purpose of enabling SMEs to 

define decision making at a level they are comfortable 

with. Our approach allows the experts to define com-

plex, nuanced behavior that depends upon advanced 

situational awareness, without having to become entan-

gled with the complexities of the cognitive processing 

that takes place. 

Levels of Information Used in Situation Awareness 

SA data is represented as two separate pieces, corres-

ponding to the Level 1 and Level 2 data in Endsley’s 

model. These two data structures represent perceived 

data and comprehended data, respectively.  

 

 

Figure 6: Mica Endsley's Model of Situation 

Awareness 

Level 1 data consists of raw sensory perceptions of the 

entity within the simulation that requires no inference. 

Examples of this data might include things such as the 

state of the entity itself, or contacts that show up on that 

entity’s sensors. This data provides a basis upon which 

higher level understanding of the environment can be 

derived. 

Level 2 data consists of higher level data inferred from 

the Level 1 data, representing abstract mental models of 

the simulated environment. Examples of this data might 

include knowledge about a particular entity that exists 

in the world, based upon all available sensory data. 

This data provides the behavior model with an under-

standing of the simulated environment that can be used 

in the decision making of BLAs while separating out 

the complex cognitive modeling that takes place in 

processing the raw data into useful concepts. 

In addition to the Level 1 and 2, projection of future 

states (Level 3 data in Endsley’s model) as well as the 

resulting decision making and performance of actions 

within the simulation are represented implicitly within 

the BLAs comprising the TMK hierarchy representing 

the mission execution. 
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Processing Information 

Processing of Level 1 perceived data into compre-

hended Level 2 data takes place within the Situation 

Analysis Module (SAM), executing in parallel along-

side the primary mission. The SAM consists of a series 

of subtasks repeatedly executed in series throughout the 

lifetime of the behavior. Each individual task processes 

some piece of SA data. For instance, one of the tasks 

within the SAM processing loop analyzes all of the raw 

contact data received through the simulate RWA’s sen-

sors, as well as the contact data received by sonobuoys 

deployed by the aircraft throughout its mission. This 

data is then combined in order to develop a mental 

model of the entities which are generating the sensor 

contacts. An example of this would be merging low 

level data from two passive sonobuoys, which may only 

be providing a bearing to a target, into a single repre-

sentation of an entity at a particular location derived 

through triangulation.  

Creating Behaviors that Leverage High Level 

Knowledge 

Data processed by the SAM is made available to the 

BLAs used in the construction of the behavior’s mis-

sion. This data exists in a form which allows SMEs to 

define decisions within the behavior model using con-

cepts they are familiar with, without having to concern 

themselves with the low level details involved in 

processing raw sensory inputs into abstract mental 

models.  

For instance, instead of having to manually deal with a 

memory structure detailing past actions taken by anoth-

er entity in order to determine what their goal is, the 

mental model representing the other entity is stored in 

the SA data and contains a representation of its likely 

mission (e.g. find and destroy the highest value unit in a 

group). This enables mission construction by the SME 

to take place on a level where they are able to build 

decisions around concepts that they are familiar with, 

without having to deal with the intricacies of complex 

data structures or processing. They are able to define 

behaviors such as, “If the enemy is performing an of-

fensive action, place yourself between his suspected 

location and his likely target and perform defensive 

maneuvers.” 

In addition to enabling SMEs to leverage complex SA 

processing techniques within their behavior specifica-

tions, this approach has the added benefit of modulariz-

ing development of the BLAs. As the processes used to 

derive abstract SA data are improved, BLAs which 

have been previously constructed enjoy seamlessly 

improved performance. Multiple methods of SA 

processing can be employed to represent various levels 

of competence on the part of the autonomous entity, 

even allowing for human-in-the-loop injection of ob-

servations into the processing at run time. 

DEPLOYMENT AND EXECUTION 

 

Once knowledge is captured in the form of BLAs, and 

deployed as behaviors within the simulation, we have 

developed a graphical viewer for displaying the runtime 

execution of the behaviors’ models. 

 

 
Figure 7: IWVT Shown with Behavior Manager 

and Viewer 

 

Figure 7 shows the Irregular Warfare Virtual Trainer 

(left) running alongside the behavior manager (top 

right) and a particular behavior (bottom right). At run-

time, the behavior manager displays all of the behaviors 

being run within the simulation, allowing the user to 

select a model for viewing. When selected, the model 

representing that entity’s behavior model is displayed, 

providing the user with information about the behavior 

as it is being run. This view assists in debugging a be-

havior model by providing detailed information about 

all aspects of the execution, including parameter values 

and decisions made by the entity.  

 

This ability to graphically view the execution of the 

behavior for a particular entity at runtime is crucial in 

preserving the transparency of the behavior for the 

SME. Experiences at fleet synthetic training exercises 

showed that JSAF operators often encountered issues 

when attempting to use traditionally developed tasks 

within the simulation. Documentation for specific tasks 

was often out of date, and existed only as an abstract 

description of the intended behavior. When the ex-

pected behavior did not match with the execution at 

run-time, this created frustration for the operators. In 

some cases, they simply chose to never use those beha-
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viors again, since they were unable to understand what 

the behavior was doing or why. 

 

By exposing the decision making of the behaviors, we 

allow operators to more easily map the observed ac-

tions taken by entities within the simulation. This al-

lows them to not only understand why a particular be-

havior results in particular actions, but also enables 

them to directly modify those behaviors to suit their 

specific needs. Instead of dealing with changes to high 

level requirements, operators can see exactly where in a 

model changes need to be made to achieve the desired 

behavior. 

 

Through use of a graphical view of the behavior, we 

unify elements of documentation with the execution. 

This eliminates the possibility of documentation falling 

out of sync with a deployed model, since any changes 

to the behavior model will result in a change to the 

graphical representation, which can be observed at run-

time.  
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