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CHAPTER 1 
 

INTRODUCTION 
 

Although one of the fundamental goals of AI is to understand and develop 
intelligent systems that have all of the capabilities of humans, there is little 
active research directly pursuing that goal. We propose that AI for 
interactive computer games is an emerging application area in which this 
goal of human-level AI can successfully be pursued. 
 

John E. Laird, Human-level AI’s Killer Application: 
Interactive Computer Games 

 

        The electronic gaming market is currently an over six-billion-dollar industry with 

projections forecasting growth “faster than any other media sector.” (IDSA 2002, 11) 

Personal computer-based games alone have gross sales that exceed those of box office 

movies (Nareyek 2001). One of the newest changes in the electronic game industry is the 

increased role and utilization of artificial intelligence routines in game source code; mainly 

due to the offloading of graphics intensive computing by the advent and use of Graphical 

Processing Units (GPUs) that are freeing more main computer Central Processing Unit 

(CPU) clock cycles for use by purely application-oriented portions of code (i.e., the actual 

game part of a game and not just the graphics). Game developers are recognizing Artificial 

Intelligence (AI) as an important part of the game design process and are incorporating more 

AI techniques into computer games (Woodcock 1999). Despite AI’s surge in the gaming 

community, there have been few ties to academic work in artificial intelligence (Laird 2000). 

In fact, most games merely used some form of advanced search (e.g., A*), finite state 

machines, or simple reflex agents to simulate intelligence in games instead of employing 

more advanced techniques (Woodcock 1999). Thus, there is a need for advanced AI research 

and applications of that work in the electronic gaming community. Interactive computer 
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games are becoming more complex with realistic worlds, real-world physics rules, and more 

complex and seemingly intelligent characters (Laird 2000). For the AI researcher, they 

provide an attractive alternative to research using physically-bound robotics which incur  

many real-world handicaps as well as problems and proprietary research simulations which 

have small audiences and cross-platform integration problems. “Human-level AI can have an 

impact on these games by creating enemies, partners, and support characters that act just like 

humans.”  (Laird 2000, 16) 

Industry trends are already leaning toward a content-based development scenario as 

evidenced by the utilization of OpenGL (www.openGL.org), developed by Silicon Graphics, 

and DirectX (www.microsoft.com/directx), developed by Microsoft. These graphics APIs 

have been adapted into higher- level abstractions such as the Unreal and the Quake II graphics 

engines that are used by dozens of genre games. Game designers in modern times are more 

often collaborations of artists and writers being managed by producers than computer 

programmers sweating over bits and bytes. The development of artificial intelligence and 

cognitive engines is the next natural candidate for inclusion in electronic games. In the 

future, games may just be pure intellectual content and original art being realized through 

graphics, AI, and game engines by CPUs, GPUs, and AIPUs (artificial intelligence 

processing units (Laird 2000)) played on ubiquitous hardware. 

The direction we are heading is in this concept of an AI engine or AI machine for use 

in electronic entertainment. But before we begin defining the main focus of this thesis we 

should define a few terms. An agent is an autonomous unit of singular computational 

function that is potentially collaborative and preferably intelligent. A Multi-Agent System 

(MAS) is a  system that supports one of more agents by providing the necessary services or 

environment via control, information, and communication necessary for individual agents to 

survive and perform their designed function in a given environment. An Autonomous 
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Intelligent Platform (AIP) is a standalone system that makes intelligent decisions in its 

designed domain application. A Computer Generated Force (CGF) is a military term used to 

describe an autonomous entity, usually in the context of a military simulation but also the 

term is used throughout the modeling and simulation domain, controlled by a computer.  

This thesis explores the development of a general agent-based cognitive architecture 

called the D’Artagnan Cognitive Architecture (after the hero in Dumas’ The Three 

Musketeers), a multi-agent system called the Cognitive-based Agent Management System 

(CAMS) in which to create and organize DCA agents, an evaluation system to help this 

research understand its level of success or failure in creating an AIP for controlling a CGF in 

a defined human-consistent manner, and an interface system to a suitable artificial 

environment in order to perform this work. Our goal is to create an entire system and theory 

of application and validation for the conduct of advanced research using MASs and cognitive 

architectures in the electronic entertainment domain. We are motivated by the potential 

cross-application of such systems to other domains—particularly military and commercial 

simulation and autonomous robotics research as these application domains share many 

similarities and even similar interfaces. The author’s background work in robotics 

(Youngblood, Holder, and Cook 2000; Youngblood 1999) led to the desire to separate out 

advanced agent work from the imperfections of sensors and actuators in the real world to be 

able to pursue the improvement of the intelligence of these systems while other researchers 

improve the perceptual and effectual devices. In this fashion, science can advance in parallel 

with the side benefit of being able to better identify areas that need more advanced work 

because they will become evident in order to narrow the divergence of work conducted in 

parallel to converge on solutions in robotics and other domains. Not to neglect the domain we 

are currently choosing to work in despite our cross application interests, advances in the area 

of human-level intelligence will create characters of increasing depth, richer interactive 
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worlds with unpredictable characters, and overall more challenging entertainment 

environments that should sate the increasing demand for new and more advanced electronic 

entertainment (IDSA 2002). 

We have chosen as our research testbed the Quake II game environment by Id 

Software (www.idsoftware.com) to provide a first-person real-time entertainment-based 

artificial environment suitable for this experimentation. This choice was based on the source 

code availability (ftp.idsoftware.com/idstuff/source), the ability to run on inexpensive 

hardware, ease of extension, quality of graphics and interaction, and the large number of 

available modification tools. Despite this choice, we are not interested in just creating bots 

for Quake. Bots are the internal (and sometimes external) software machines (i.e., processes, 

functions, libraries, and so forth) that control the non-human players in First-Person Shooter 

(FPS) genre games. Instead, we have chosen to create an actual player that interfaces with the 

game environment using the same soft interface that the human player has (i.e., the keyboard, 

or virtual keyboard for a software agent) and perceives in a similar or limited fashion (i.e., 

does not have complete and perfect knowledge of the environment, but must perceive 

through sensors like a human that must use their eyes and ears to play in the environment). 

This leads to the first set of research questions: 

  1.  How do we interface to an existing software game in a manner that can simulate 

a human’s interface to the game, but also allow real-time interaction potentially by an agent 

system that exists on a different physical machine? 

  2.  How do we capture, record, and represent player data in a software game for use 

in subsequent player evaluation? 

Given the environment, we need a player. D’Artagnan is this work’s synthetic player, 

defined by the DCA and realized through CAMS. The DCA is an agent-based approach to a 

system for playing a first-person character in a real- time entertainment-based artificial 
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environment (i.e, a personal computer-based game—Quake II in this case). The DCA is 

based on the idea of Gestalt psychology—the whole is greater than the sum of its parts. 

Borrowing from Minsky’s Society of Mind thesis, the DCA presents an architecture for 

software agents to come together in a society to form a cognitive whole, though each agent 

can only do a specific simple task such as collect, process, or store information (Minsky 

1988). The goal of the DCA is to produce a cognitive architecture based autonomous agent 

developed from a mixture of the best practices from past cognitive architecture work, 

robotics work, human-consistent cognitive models, and original ideas all centered around a 

society of agents and their interactions. The DCA operates in real- time, dynamic 

environments with incomplete and imperfect knowledge of the environments, restricted 

resources, and no special insight. It is designed to interact with environments with the same 

handicaps that humans, robots, or other agents must overcome while producing an agent that 

in the context of this thesis work can interact in the Quake II environment in a defined 

human-consistent manner. This philosophy raises some more research questions: 

  3.  Can an agent system be developed and perform under the same constraints that 

humans play FPS games under? 

  4.  Can a viable agent system be created comprised of a society of agents and 

perform at a defined human-consistent level?  

  5.  How do we classify the agent system’s performance as being human-consistent? 

The fourth research question indicates a basic need for some work involving multi-

agent systems. Due to the cognitive nature of this work, the real- time requirements for 

interaction with Quake II, a desire to separate out communication research (one of the 

author’s design tenets is to not engage in large areas of research that are divergent from AI, 

but rather to leverage advanced and mature work in those areas into this work), and the speed 

and object-oriented methodology of C++, a custom MAS is needed. CAMS explores the 
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ability to fill this need by providing a MAS with the facilities to manage communication 

links and timing issues between agents with a goal of providing an adaptive agent 

environment for finding the correct “wiring” (communication link weights) between agents 

to imitate the focus of the human brain, based on the observations of Diana Gordon (1997) 

and Dufresne et al. (1995) that there exists a mental shift in attention and approach in experts 

that differs from the casual interactor. The goal of CAMS is to provide a multi-agent system 

to allow for advanced research in finding how to dynamically reconfigure agents to seek the 

expert configuration for any given set of environmental conditions. The following research 

question is raised: 

  6.  Can a MAS be created to invoke DCA agents and manage those agents to create 

a dynamic agent system that can shift focus in order to attain system goals? 

Given that this research is focused on creating a DCA-based agent system in CAMS 

in the Quake II environment with the notion that we intend to evaluate the CAMS-DCA 

system performance in the framework of human consistency, a system of known test 

environments, goals, performance tracking, and evaluation will be needed. Preferably, the 

system will be able to provide an objective evaluation and not rely on subjective evaluation 

techniques. We shall define the term human consistency and the measure of being human-

consistent in terms of the metric evaluation we will perform. This thesis takes the view that 

the best way to evaluate agent performance in the context of being consistent with humans is 

to compare agent performance against human performance. Human consistency and the 

measure of being human-consistent will therefore be defined by a clearly described 

comparison between a player and a set of humans. This raises the research questions: 

  7.  Can a reference set of test scenarios be created? 

  8.  How can player performance be represented to allow comparison between agents 

and humans, humans and humans, or even agents and agents?  
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  9.  Can player performance be classified? 

10.  Can player performance evaluation be performed in an objective manner? 

To review, the overall goal of this thesis is to create an entire system and 

methodology of application and validation for the conduct of advanced research using a 

MAS and cognitive architecture in the electronic entertainment domain. Narrowed, the MAS 

is CAMS, the cognitive architecture is the DCA, and the electronic entertainment domain is 

Quake II. The goal of the DCA is to produce a cognitive architecture based autonomous 

agent developed from a mixture of the best practices from past cognitive architecture work, 

robotics work, human consistent cognitive models, and original ideas all centered around a 

society of agents and their interactions. The goal of CAMS is to provide a multi-agent system 

to allow for advanced research in finding how to dynamically reconfigure agents to seek the 

expert configuration for any given set of environmental conditions. The system goal is to 

create an AIP for controlling a CGF in an objectively evaluated defined human-consistent 

manner, through which the answers to the questions in table 1 will be explored. Did the 

author mention that the cure to cancer will also be addressed? No, well, the point of that ruse 

was to make light of the fact that the above-mentioned goals are very lofty and incorporate 

many areas of focused research. The scope of this research is limited to developing the 

infrastructure for Quake II, the data collection, representation, and evaluation methodology 

for player evaluation, the design and base implementation of CAMS, and the design and 

partial implementation of the DCA to illustrate conceptual proof and baseline methodology 

for objective evaluation.  

Overall, this thesis represents a body of work in which we begin to understand what 

types of environments make good test levels, how to evaluate human performance in such 

environments, how to develop cognitive-based synthetic agent systems to perform in those 

environments, and how to compare the performances of the human and synthetic agents by 
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seeking to solve the following set of hypotheses: a cognitive-based multi-agent system can 

perform in a defined human-consistent manner in a real-time first-person entertainment-

based artificial environment; the selective use of agents through control of communication 

links in such a cognitive-based multi-agent system can improve the system performance in 

such environments; and player performance in first-person entertainment-based artificial 

environments can be evaluated objectively and classified.  
 
 

Table 1.1.  Research Questions 
 

Number Research Question 

1 How do we interface to an existing software game in a manner 
that can simulate a human’s interface to the game, but also 
allow real-time interaction potentially by an agent system that 
exists on a different physical machine? 

2 How do we capture, record, and represent player data in a 
software game for use in subsequent player evaluation? 

3 Can an agent system be developed and perform under the same 
constraints that humans play FPS games under? 

4 Can a viable agent system be created comprised of a society of 
agents and perform at a defined human-consistent level? 

5 How do we classify the agent system’s performance as being 
human-consistent? 

6 Can a MAS be created to invoke DCA agents and manage 
those agents to create a dynamic agent system that can shift 
focus in order to attain system goals? 

7 Can a reference set of test scenarios be created? 

8 How can player performance be represented to allow 
comparison between agents and humans, humans and humans, 
or even agents and agents? 

9 Can player performance be classified? 

10 Can player performance evaluation be performed in an 
objective manner? 
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 In order to perform human and agent trials a reference set of one hundred of Quake II 

levels was created using the Quake Army Knife (QuArK) tool written by Armin Rigo and 

freely available for download from (dynamic.gamespy.com/~quark/credits.php3). The 

QuArK interface is shown in figure A.1. The complete set of reference levels used for the 

work presented in this thesis is available for download at 

(www.AImachines.com/youngblood/cse-masters). Tables A.1 – A.5 provide a selection of 

levels from that data set. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure A.1.  Quake Army Knife (QuArK) Level Editor. 
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 The following level tables show a graphical depiction of the level presented, the 

narrative of items of interest and locations in that level, and a valid state machine for 

traversal of that level from tracked states. 
 
 
 

Table A.1.  Level 1 
 

Level: 001 

RANK ITEM    X Y Z NODE 
------------------------------------------------------------- 
1 info_player_start  148 708 59 START   
2 key_data_cd   996 132 99 END 
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Table A.2.  Level 8 
 

Level: 008 

RANK ITEM    X Y Z NODE 
------------------------------------------------------------- 
1 info_player_start  349 725 60 START  
2 item_health_small  293 133 68 As 
3 item_health_small  645 293 68 Bs 
4 item_health_small  549 709 68 Cs 
5 item_health_small  933 709 68 Ds 
6 key_data_cd   997 133 68 END 
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Table A.3.  Level 17 
 

Level: 017 
 
 
 
 
 

RANK ITEM    X Y Z NODE 
------------------------------------------------------------- 
1 info_player_start  310 332 43 START 
2 item_health_small  59 360 43 As 
3 item_health_small  206 134 47 Bs 
4 item_health_small  484 55 47 Cs 
5 func_door   538 246 60 DOOR_1_TOP 
 func_door   538 150 60 DOOR_1_BOT 
6 item_health_small  627 340 47 Ds 
7 item_health_small  778 82 51 Es 
8 item_health_small  905 257 51 Fs 
9 key_data_cd   969 86 55 END 
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Table A.4.  Level 42 
 

Level: 042 

RANK ITEM    X Y Z NODE 
------------------------------------------------------------- 
1 info_player_start  104 157 60 START 
2 func_door   210 410 50 DOOR_1_TOP 
 func_door   343 410 50 DOOR_1_BOT 
3 item_health_small  336 865 80 As  
4 item_health_small  684 509 68 Bs  
5 item_health_small  84 337 72 Cs  
6 item_health_small  356 173 68 Ds  
7 func_door   541 247 50 DOOR_2_TOP 
 func_door   541 124 50 DOOR_2_BOT 
8 item_health_small  796 113 64 Es  
9 item_health_small  984 353 72 Fs  
10 func_door   860 410 50 DOOR_3_TOP 
 func_door   953 410 50 DOOR_3_BOT   
11 item_health_small  980 489 76 Gs  
12 key_data_cd   991 694 71 END 

 

 



127 

 

Table A.5.  Level 99 
 

Level: 099 
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RANK ITEM    X Y Z NODE 
------------------------------------------------------------- 
1 info_player_start  2068 3722 196 START 
2 item_health_small  404 3336 254 As 
3 item_health_small  401 3286 254 Bs 
4 item_health_small  404 3243 254 Cs 
5 item_health_small  404 3190 254 Ds 
6 item_health_small  401 3137 254 Es 
7 item_health   400 3085 254 Fr 
8 item_health_mega  172 3449 386 Gm 
9 item_health_mega  97 3529 390 Hm 
10 item_health_mega  97 3487 404 Im 
11 item_health_mega  95 3443 404 Jm 
12 item_health_large  1054 2890 422 Kl 
13 item_health_large  993 3047 422 Ll 
14 item_health_large  836 3047 422 Ml 
15 item_health_large  771 2886 422 Nl 
16 key_blue_key  914 2959 422 BLUE_KEY 
17 func_button   1201 3624 221 BTN_A 
18 func_button   1739 2872 177 BTN_B 
19 ladder   706 2858 313 LADDER_1  
20 func_door   152 3546 400 DOOR_1_TOP 
 func_door   152 3470 400 DOOR_1_BOT 
21 ladder   104 3408 323 LADDER_2 
22 func_door   1331 2663 280 DOOR_2_TOP 
 func_door   1331 2597 280 DOOR_2_BOT 
23 func_door   928 2052 280 DOOR_3_TOP 
 func_door   784 2052 280 DOOR_3_BOT 
24 func_door   1361 2312 280 DOOR_4_TOP 
 func_door   1361 2187 280 DOOR_4_BOT 
25 func_button   1032 2438 289 BTN_C 
26 func_button   1415 2512 285 BTN_D 
27 func_button   721 2347 241 BTN_F 
28 func_button   1636 2169 255 BTN_E 
29 key_red_key   1257 2404 288 RED_KEY 
30 key_pass   1472 2493 284 PASS_KEY_1 
31 item_health_small  1574 2451 304 Rs 
32 item_health_small  1576 2358 304 Ts 
33 item_health_large  1628 2447 271 Ul 
34 item_health_mega  1413 2659 274 Om  
35 item_health_mega  1377 2627 274 Pm 
36 item_health_mega  1414 2600 274 Qm 
37 func_door   736 1271 280 DOOR_5_TOP 
 func_door   736 1169 280 DOOR_5_BOT 
38 func_door   599 1324 280 DOOR_6_TOP 
 func_door   533 1324 280 DOOR_6_BOT 
39 func_door   377 1324 280 DOOR_7_TOP 
 func_door   314 1324 280 DOOR_7_BOT 
40 func_door   175 1508 280 DOOR_8_TOP 
 func_door   175 1426 280 DOOR_8_BOT 
41 func_door   600 858 280 DOOR_9_TOP 
 func_door   311 858 280 DOOR_9_BOT 
42 func_door   958 1250 280 DOOR_10_TOP 
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 func_door   959 1187 280 DOOR_10_BOT 
43 func_door   920 390 280 DOOR_11_TOP 
 func_door   793 390 280 DOOR_11_BOT 
44 func_door   436 328 280 DOOR_12_TOP 
 func_door   435 247 280 DOOR_12_BOT 
45 func_door   1464 901 280 DOOR_13_TOP 
 func_door   1464 774 280 DOOR_13_BOT 
46 func_door   1750 1158 280 DOOR_14_TOP 
 func_door   1623 1158 280 DOOR_14_BOT 
47 item_health_mega  277 605 297 Sm 
48 item_health_mega  341 604 297 Vm 
49 item_health_mega  405 604 296 Wm 
50 item_health_small  225 1356 258 Xs 
51 item_health_small  352 1361 258 Ys 
52 item_health_small  544 1473 253 Zs 
53 item_health_small  596 1471 253 AAs 
54 item_health_small  652 1468 253 BBs 
55 item_health_small  658 1430 253 CCs 
56 item_health_small  658 1375 253 DDs 
57 misc_explobox  220 1473 236 EXPLO_1 
58 misc_explobox  256 1473 236 EXPLO_2 
59 misc_explobox  248 1433 236 EXPLO_3 
60 func_button   2134 1836 242 BTN_G 
61 func_button   1598 1126 267 BTN_H 
62 func_button   1598 1066 267 BTN_I 
63 func_button   1779 1124 267 BTN_J 
64 func_button   1779 1066 267 BTN_K 
65 func_button   1779 835 267 BTN_L 
66 func_button   1779 695 267 BTN_M 
67 func_button   1597 696 267 BTN_N 
68 func_button   699 599 283 BTN_O 
69 func_button   223 733 242 BTN_P 
70 func_button   676 901 242 BTN_Q 
71 func_button   1349 -263 242 BTN_R 
72 misc_explobox  1304 -123 236 EXPLO_4 
73 item_health_large  1343 -123 256 EEl 
74 misc_teleporter  1624 701 260 TELE_A 
 misc_teleporter_dest 1537 2904 196 TELE_DEST_A 
75 key_pass   364 1462 326 PASS_KEY_2 
76 func_door   2176 3753 177 DOOR_15_TOP 
 func_door   2176 3615 177 DOOR_15_BOT 
77 key_data_cd   2496 3678 203 END 
 
State diagram too large to be printed. 
 
Level modified from Cross Fire 2.0 original level XLAB.map (Westrup 2002). 
 

 







 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure D.8.  Score Measure over Multi-run Player Trials including Human Trial Statistics. 156 
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