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Abstract.  Utility-based control (UBC) has long been used in
robotics but hasn’t been widely adopted for use in commercial game
Al Some of the reasons for this are that UBC is presumed that to
be: (1) too resource expensive, (2) too difficult to use complex be-
haviours with, and (3) incapable of scaling to cope well with com-
plex environments. This paper investigates these presumptions by
comparing the performance of agents using a UBC system, a finite
state machines, and goal-oriented action planners - the latter two con-
trol systems are more frequently used in commercial games. These
three control systems are compared based on: (1) quantitatively test-
ing their resource requirements in terms of processing cycles and
memory; (2) an evaluation of the desirability and complexity of the
behaviours they afford and (3) an assessment of how easily each of
these control architectures are implemented and extended. The exper-
iments described in this paper were carried out in a virtual hospital
environment.

1 INTRODUCTION

The Finite State Machine (FSM) [3] has long been a staple of the
commercial video game industry. When simple scripted behaviours
like those seen in early games such as Space Invaders weren’t enough
for the complexities newer games required, developers adopted a
more powerful technique from robotics [22][21] - namely, the finite
state machine to control the behaviours of computer controlled char-
acters, commonly referred to as non-player characters (NPC). Finite
state machines have endured due to their simplicity and power, de-
spite a number of shortcomings. In fact, the finite state machine (and
its many variations) are still in surprisingly wide use in the commer-
cial video game industry today[23].

One of the directions in which this migration is taking place is to-
wards the use of planners to control the behaviours of NPCs. Planners
are used to create sequences of actions to meet the goals arising from
the specifics situation in which NPCs finds themselves. An advantage
of planning is that designers can more easily direct the behaviour of
an agent using high-level goals, rather than the low-level instructions
required in a finite state machine. Planners took longer to enter the
commercial gaming landscape because plan construction was seen
as too computationally expensive a process to run under the tight
computational constraints of Al in commercial games. However, in-
creases in hardware capabilities have, for the most part, removed this
barrier.
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Goal-Oriented Action Planning (GOAP) [27] is a form of planning
devised with gaming in mind, and so works using few resources com-
pared to planners used for other applications. GOAP uses a regressive
cost-based search [25] that allows agents to select the most-efficient
sequence of actions to complete a goal. GOAP has been compared to
FSMs complexity of implementation and resultant agent behaviour
[19] and the resource requirements of GOAP have been touched upon
[28] but not compared plainly against other control systems.

The weaknesses of GOAP are that it can only attempt to achieve
one goal at a time; is difficult to expand to allow only the partial-
completion of a goal.

Utility-based control (UBC) systems [2] do not share these weak-
nesses and are still capable of high-level planning. Rather than focus-
ing on reaching a single goal state, a utility-based agent attempts to
maximize a utility function and in this way can handle multiple goals
and partial satisfaction of goals. UBCs offer an interesting approach
to NPC control in games.

Contribution: The contribution of this paper is a detailed evalu-
ation and comparison of three control systems used to drive the be-
haviours of NPCs in a game environment: FSMs, GOAP and UBC
systems. The focus of this comparison is to determine the feasibility
of using advanced planning techniques in commercial games. We an-
alyze the differences between FSMs, GOAP and UBC by: (1) quan-
titatively testing their resource requirements in terms of processing
and memory; (2) an evaluation of the complexity of the behaviours
they afford, here emergent behaviours are deemed to be more com-
plex, interesting and desirable; and (3) an assessment of how easily
each of these control architectures are implemented and extended.

Overview: Section 2 will briefly describe the three control sys-
tems. Section 3 will describe implementations of these control sys-
tems. Section 4 will detail the results of the evaluation. Section 5 out-
lines conclusion of the research and explains the directions in which
we intend to take this work in the future.

2 BACKGROUND

A behaviour control system directs the actions performed by an agent
in a simulation such as an immersive game. Some of the structures
that have been used as behaviour control systems in computer and
video games are rule-based systems[16], expert systems [13], black-
board systems [9], decision trees [30], Markov systems [31], fuzzy-
logic based systems [18], hierarchical finite state machines[15][6]
and behaviour trees [7]. This paper will focus on FSMs [11] (because
these are still very popular within the computer and video game in-
dustry), GOAP [24] because it and its variations are being used more



and more in computer games, and utility-based control systems be-
cause of their potential for computer games. The reminder of this sec-
tion will detail how each of these control systems works, and review
previous work in comparing the performance of behaviour control
systems.

2.1 Finite State Machines

A finite state machine is a control system consisting of a prede-
fined collection of states, each of which defines exactly how an agent
should act when in that state. An agent may only occupy one state at
a time [1]. Finite state machines have proven to be powerful, fast and
flexible and many variations of the FSM have been developed within
the games industry and academica [8][33][35][14].

[critical health level]

[enemy lost / killed]
[enemy spotted]

[enough health]

Figure 1. An example of a finite state machine

An example of a finite state machine for a typical guard NPC is
shown in Figure 1. The rounded rectangles represent states, the ar-
rows represent transitions between states and the words surrounded
by square brackets represent the variable changes that trigger a tran-
sition.

The outward behaviours may be the same regardless of the control
system being used but the control system changes how the designer
will implement these behaviours. When a designer is giving a be-
haviour to an NPC using a simple finite state machine, the designer
must specify every behaviour and every action in a behaviour before
the program starts running. A transition to some state can be trig-
gered by the satisfaction of some set of conditions. The NPC then
carries out some predetermined fixed sequence of actions, giving the
impression of an intelligent behaviour, such as running away from an
enemy when health is below a certain level.

Problems arise with finite state machines as they scale up. All tran-
sitions between states need to be specified within the code while the
FSM is being designed. This means that the designer must know all
possible transitions from any state to any other at design-time. It can
be very difficult to foresee all possible situations an NPC may find
itself in when dealing with complex environments such as those in a
commercial game. This means that designers can easily become tan-
gled in a massive switch statement responsible for controlling NPC
behaviour. To make a finite state machine work, it has to be pro-
grammed to work specifically for a particular environment, making it
difficult for state machines to be transferred into a new environment,
such as a new game. FSMs have a range of other drawbacks that are
well documented [5] including the difficulty in adapting them to cope
with goal-directed decisions; the fact that they are not standardized
and that they don’t handle concurrent behaviours well.

2.2 Goal-Oriented Action Planning

Goal-Oriented Action Planning (GOAP) [24] is a goal-oriented plan-
ning system that has been used as a behaviour control system in com-
mercial games [26]. GOAP goes a step further than other behaviour
control systems by allowing agents to decide not just what to do but
also how it should be done at run time. Agents using GOAP period-
ically reevaluate their situation and choose the optimal behaviour to
achieve their most relevant goal. A goal in GOAP is any condition
that an agent wants to satisfy, be it to get a particular item or to kill a
particular opponent.

GOAP is based on the early STanford Research Institute Prob-
lem Solver (STRIPS) [10]. Unlike STRIPS, GOAP associates ac-
tions with costs, giving the planner the ability to know which actions
are preferable. GOAP also has the ability to replan, i.e. the ability
to make a new plan when a previous one has failed while holding
knowledge of what action caused the plan to fail so that another can
be selected.

GOAP agents have predefined goals that are activated by some
condition being satisfied, such as seeing an enemy. Whichever goal
is selected from a small, predefined list is passed to a plan formula-
tion process to determine the optimal sequence of actions that will
achieve the goal. Plan formulation is performed by searching back-
wards through a sequence of actions from the goal state to the current
state using a search algorithm that can take the cost of each action
into account, e.g. the A* algorithm [20]. The cost of a GOAP plan is
the sum of the cost of all of its actions. The algorithm will return a
plan with either the lowest cumulative cost sequence of actions that
achieve the goal state, or no plan at all, if none is possible. If an action
should fail because one of its conditions cannot be met, the planner
will select the next cheapest action that satisfies the same condition
in order to reach the goal state.
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Figure 2. A representation of the GOAP plan formulation process
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Figure 2 shows a representation of the GOAP plan formulation
process where actions are shown as rounded rectangles, effect as ar-
rowheads and conditions as inverted arrow heads, lines connecting
actions show the action sequence taken to satisfy the goal. To satisfy
the give_pills goal, the planner will have to look through all actions
with effects that might be able to satisfy the goal conditions and then
attempt to find the conditions needed for those actions.

GOAP is essentially an optimal, heuristically guided planner, like
those introduced during the mid 1990s [36]. The only difference be-
tween such a planner and GOAP is that GOAP agents refer to a list of
previously failed actions while formulating a plan, which itself has
been done before in early planning research [32]. GOAP represents
these ideas very nicely repackaged and presented for game develop-
erment. Perhaps the greatest contribution of GOAP to game Al is the
elegant separation of what a goal is and how it can be achieved.

One of the downsides of GOAP is that very specific behaviours
are very difficult to craft as designers can only work with high-level



logic. This limitation can be overcome by using some scripted be-
haviours in parallel with GOAP but there’s nothing within GOAP
that deals with this problem. Another problem with vanilla GOAP
is that because it starts with the goal and works backwards, there is
no way to begin executing the first action in a plan while the other
actions are still being calculated [24]. GOAP also only allows for the
pursuit of one goal at a time and is difficult to extend for use with
partially-satisfying plans, though it is possible [4].

2.3 Utility-Based Control

Utility is a representation of the desirability of a state [34]. A utility-
based system attempts to maximize its utility by changing a state
through the performance of actions. In a utility-based system, a goal
is a function that returns a numeric value used by the agent to choose
preferences for certain states or actions. A plan is a policy that de-
termines which actions should be chosen in a particular state. It is a
function that maps states to actions.

Utility theory enables reasoning over preferences. A utility-based
agent [12] can have a set of goals, each of which is represented as a
numeric value, usually between 0 and 1 where 1 represents a goal that
is completely satisfied and therefore having perfect utility. Each time
a utility-based agent is going to make a move, it must first calculate
the utility of all of its goals by running a function or functions. When
this is done, a policy then chooses which actions should be executed
for a state. The policy can be made to favor some goals or actions
over others. With this, it’s possible to have predictable plans form
using a well-tuned policy.

For any state, in basic implementations, all of the applicable ac-
tions are checked to see how they would affect the overall utility of
the agent if applied. Each action leads to another state. The plan with
the largest positive impact on agent utility is selected.

Utility-based control systems can identify plans that only partially
satisfy goals. A Markov Decision Process (MDP) [29] is the data
structure most commonly used to implement utility-based control
systems. However, this was not the structure tested in this research as
the MDP proved too unwieldy for the environment and was judged
to be too unintuitive for computer game Al programmers.

In order to compare the effectiveness of using the three behaviour
control systems described, a game environment was developed pop-
ulated by NPCs using the three different aforementioned control sys-
tems. The next section will describe this game environment.

3 IMPLEMENTATION

To compare the performance of FSMs, GOAP and utility-based con-
trol systems at driving the behaviours of NPCs in game environments
a test simulation environment has been developed. The gameplay in
the simulation takes place within a virtual hospital where NPCs play
the roles of nurses, doctors, patients, and visitors. Figure 3 shows a
screenshot of this environment.

Nurses care for patients by giving them food and medicine when
necessary; visitors talk to patients; doctors occasionally check how
things are going; and patients ask for food, medicine and company.
The actions executed by the NPCs are governed by either an FSM,
GOAP, or utility-based controller. When using an FSM, NPCs per-
form actions manually specified by the programmer at design time.
When using GOAP, NPCs construct plans at run-time. When us-
ing UBC, NPCs calculate how a list of plans created at design-time
would affect utility and select the plan that optimizes utility. This
essentially treats each plan as an action.

Figure 3. A screenshot of the gameplay of the simulation

While this environment isn’t quite as demanding as some found
in commercial computer games it is sufficient to compare the perfor-
mance of the three control systems.

The environment was created as a modification of the game
Half-Life 2 (www.half-life2.com). The particular implementation of
GOAP used during this evaluation uses GOAP in its simplest form
without any enhancements. The deliberation mechanism used for
both the FSM and GOAP is a priority list. The algorithm works by
checking which is the highest priority goal (or state for the FSM) that
needs to be achieved from the predefined list of the agent goals (or
states). When using UBC, NPCs calculate how a list of plans created
at design-time would affect utility and select the plan that optimizes
utility.

4 EVALUATION

In order to evaluate the feasibility of UBC as an NPC control ar-
chitecture for games we compared its performance versus FSM and
GOAP in terms of: (1) the processing and memory requirements of
the three control structures, (2) the complexity of the behaviours they
afford, and (3) our assessment of how easily each of these control
architectures are implemented and extended. Comparing the FSM,
GOAP and UBC approaches to control in games based on their pro-
cessing and memory requirements is justified because these metrics
are widely accepted as fundamentally important for real-time compu-
tational systems. Our motivation for assessing the complexity of the
behaviours these systems can generate is an attempt to capture the
potential of each system to generate more diverse gameplay. We be-
lieve that this assessment of the control structures is relevant from a
game-player’s perspective because the more complex the behaviours,
the more challenging the gameplay will be, creating greater potential
for replayability and hence a more desirable the system. Contrasting
with this player’s perspective, our analysis of how easily each of the
control architectures are to implement and extend can be seen as tak-
ing the designer’s perspective on the desirability of the architecture
as a tool.

NPCs were made to perform a single thinking process with their
control system every 0.2 seconds. The measurement concerns only
how long it took their control system to finish performing whatever
it needed to do to cause a behaviour in an agent. The sum of all pro-
cessing time for each control system was recorded. The simulation
was run five times for each of the control systems. The runs with
lowest and highest average time for each type were discarded and
the remaining three runs of each type were averaged to the produce
a single line representing the performance of each type of control



system. Each simulation lasted for four minutes.

4.1 Processing

The computer used for all of the tests described had an Intel Core 2
CPU 6600 at 2.4Ghz, 4096MB of RAM and ran Windows 7 Ultimate
64 bit. Figure 4 shows the processor usage over a fixed time frame for
a single NPC using a finite state machine, GOAP and UBC behavior
control systems.
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Figure 4. A comparison of processor usage for GOAP, the FSM and the
UBC

Figure 4 shows the processor usage for UBC agents, GOAP
agents, and agents using FSMs. Each control system was being used
by 32 agents. The FSMs used the least processing time and although
GOAP used the most processing time because of its A* search, the
amount of processing wasn’t prohibitive and didn’t have any ill ef-
fects on the simulation. Since GOAP is the most computationally
expensive the simulation runs well and UBC requires less process-
ing time, this shows that UBC is a computationally viable behaviour
control system for computer game agents.

4.2 Memory

The memory requirements for the finite state machine and UBC were
negligibly small. For GOAP, a database of all goals, actions, and con-
ditions and effects that GOAP will search through must be held in
memory. This includes the conditions and effects of each goal and
action. Each NPC in the simulation only had a small set of actions to
choose from. The data that needs to be stored for each action is quite
small. For example, an action may just be a struct with an integer for
ID and a vector for conditions and effects, though something much
more space efficient could be employed. Commercial games using
GOAP have only needed a few dozen actions, so the memory foot-
print of the databases have been very small, as they were with this
game. GOAP, using A*, had to keep an open and closed list during
plan creation but because of the short plan length and the very limited
number of actions examined to find a valid plan, very little memory
was needed.

4.3 Behaviour

Following Juul’s [17] analysis of online games we distinguish be-
tween open and closed games. Open games include emergent ele-
ments that introduce variability into the gameplay. Importantly, Juul
notes that emergent games “tend to be replayable”, an aspect that is
desirable from a player’s perspective.

There were no emergent behaviours or surprises of any kind ob-
served when the simulation ran with agents controlled using GOAP.
The finite state machine also acted exactly as it was scripted to do,
as expected. The UBC, on the other hand, proved more dynamic and
interesting. During the trials the FSM and GOAP controlled nurse
NPCs consistently focused on first giving everyone their medication
and then giving them food as these were respectively the two most
important duties of the nurse NPCs. In contrast, the UBC controlled
nurse NPCs judged whether satisfying the hunger of some patient
was better to the overall utility of the nurse and would give food first
to a really hungry patient rather than give medication to a patient that
isn’t in great need of it. This variability in behaviour wasn’t possible
to implement in GOAP as GOAP only considered the cost of plans
rather than the benefit derived from executing a plan. Similarly, it
would be very difficult to implement using an FSM. This is a real
advantage of using utility-based approaches as they allow easy pro-
motion of emergent behaviours.

4.4 Ease of Use

GOAP is remarkably modular. Everything can be broken down into
very comprehensible chunks. The things that motivate behaviour are
separated from plans, that are themselves separated from how a plan
may be carried out. There is no point at which a designer may feel
overwhelmed by the complexity of the behaviour. As a result of this
modularity, there is no code replication in planning. The finite state
machine and UBC were quite different. They seemed to grow beyond
the capacity of what a designer could mentally retain at a discomfort-
ingly fast rate. Each new behaviour added to a daunting collection
of variable checks. The simulation only required a few behaviours
for each NPC, but even in this case the readability of the code sys-
tems plummeted quickly. Because the order in which things occurred
mattered in the finite state machine, great care had to be taken not to
disturb the flow of the sequence of checks. For UBC, it was quite dif-
ficult to implement a policy that led to believable behaviour, even for
this very simple environment, which is a real drawback to widespread
implementation of this technique.

GOAP was able to share behaviours across agents. Visitors and
nurses were given the low priority goal of socializing. Both used
exactly the same planning logic but had different implementations
of how they went about fulfilling that goal. Nurses would talk to
doctors or other nurses, while visitors would talk to patients. There
was no logic duplication for planning. Actions, such as talking, were
also shared. GOAP is also flexible enough to allow goals and ac-
tions to be shared over different projects [25] because the logic
may be domain-independent while the implementation of actions
can be domain-specific. Finite state machines, on the other hand, are
domain-specific. Moving a finite state machine from one game to
another almost certainly won’t work without great care.

GOAP extended very easily. The modularity meant that new ac-
tions could be added with little thought of consequences. It was diffi-
cult to understand how the whole system integrated its parts together
at first but once this was established, productivity was greatly en-
hanced. Though, by the time the use of the system was mastered,
most of the behaviours had already been implemented, owing to the
very few NPC types in the simulation. However, once GOAP was set
up, it was very easy to add behaviours to agents.

When a new behaviour was added to an agent using a UBC, the
entire policy had to be tweaked again to get the desired behaviour.
In short, the UBC scaled badly while the FSM was reasonable and
GOAP scaled very well.



5 CONCLUSIONS AND FUTURE WORK

The goal of this paper was to evaluate the feasibility of using a UBC
control architecture for driving the behaviours of NPCs in computer
games. This evaluation consisted of a comparison of FSMs, GOAP
and UBC control structures in terms of their processing and memory
resource requirements, the variability of the behaviours they can dy-
namically generate, and our assessment of how easily each of these
control structures are to implement and extend.

We found that a GOAP control system needs more processing time
than a basic FSM or UBC system. However, although GOAP needed
more, it still performed well in terms of required processing time.
The simulation also established that FSMs and UBCs need very lit-
tle memory to work while GOAP needed more, but still not a large
amount. With respect to the emergent NPC behaviour, we conclude
that the UBC structure is the most amenable to the development of
emergent behaviours. Finally, as regards ease of use, the time needed
to set up the FSM and UBC was initially very small but as more be-
haviours were added to the UBC, it took longer and longer to alter
the policy to give the desired behaviour. By contrast, although GOAP
took the longest to implement it was the most modular architecture
and most easily extended.

From a game designer’s perspective the small processing overhead
GOAP needs compared to FSM and UBC systems is well worth the
ease of design it gives. Its modularity makes it easier to read and un-
derstand and makes it very easy to create new NPC behaviours and
alter behaviours to be specialized to specific NPCs and their circum-
stances. Taking a game player’s perspective, the UBC system has the
greatest potential to generate emergent behaviours opening the pos-
sibility for more challenging and interesting games. If a UBC agent
architecture could be made that could scale as well as GOAP we feel
that a UBC system would be superior to GOAP and FSMs. In the
future we intend to develop such as scalable UBC system. Instead
of accessing all plans, agents will access plans regarding objects that
are closest to them before assessing others. The notion of resources
(e.g. time, energy etc.) will also be used goals can be expressed in a
manner that makes implementing NPCs easier for programmers.
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