
Mission-Based Scenario Modeling and Generation for Virtual Training

Linbo Luo1, Haiyan Yin1, Jinghui Zhong1, Wentong Cai1, Michael Lees1, Suiping Zhou2

1School of Computer Engineering, Nanyang Technological University, Singapore
2School of Science and Technology, Middlesex University, United Kingdom

{lbluo, hyin1, jinghuizhong, aswtcai, mhlees}@ntu.edu.sg, s.zhou@mdx.ac.uk

Abstract

Automated scenario generation for virtual training has
become an emerging research problem, as manual au-
thoring is often time consuming and costly. In this pa-
per, we present a mission-based scenario modeling and
generation framework for virtual training. In particular,
we consider the issue of how the timing of the events
in a scenario can impact the training process and how
to incorporate such impact into the scenario generation.
To this end, our framework is designed to explicitly cap-
ture the propagated effect of an event and its influence
to other events. For representing mission-based scenar-
ios, the concepts of mission objectives, events, and sce-
nario beats are introduced. The generation process is de-
signed to generate scenarios that can tailor to trainer’s
preference and adapt to different trainees’ skill levels.
The efficacy of the proposed framework is demonstrated
through an empirical study of human players in a food
distribution training game.

Introduction

In recent years, utilizing digital game as a pedagogical re-
source for serious applications has gained tremendous mo-
mentum. One common area of such application is in train-
ing, whereby people are tasked to play a game in a virtual
world, so as to practice certain skills or complete a mission.
In the development of a virtual training system, one of the
challenging issues is how to effectively and quickly generate
a variety of training scenarios that can meet different training
objectives and, at the same time, be customized for individ-
uals. This issue broadly pertains to the problem of content
generation, which has been highlighted as a critical bottle-
neck in game production by many game designers and AI
researchers (Togelius et al. 2011; Zook et al. 2012). In fact,
it is also a major concern of the government agencies, who
hope to leverage on AI and game technologies for various
training purposes.

To tackle the scenario generation issue, some researchers
(Magerko et al. 2006; Zook et al. 2012) have recently ex-
plored the various ways to automate the scenario generation
process. Their systems are designed for generating not only
a rich variety of scenarios, but also the scenarios tailored
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to trainee’s abilities. However, one important issue that still
needs to be addressed is how the timing of events in a sce-
nario can impact the training process. By timing, we refer
to the times to inject individual events of a scenario with
the events arranged in specific orders. Given the same set of
events, different timings can be achieved by shuffling the or-
der of events and adjusting the events’ injection times. We
hypothesize that the difference introduced by the timing of
events can affect a trainee’s performance and thus influence
the effectiveness of training. In practice, different timings
of events may cause a trainee to make responses at differ-
ent paces and require the trainee to handle either a burst of
events or sparsely distributed events at certain time inter-
val during training. All these may lead to the variation of
trainee’s performance. Therefore, when generating scenar-
ios for virtual training, it is important to capture the impact
caused by the timing of events, rather than only evaluat-
ing the impact of the events themselves. This is especially
prominent when the effect of an event can propagate and in-
fluence the subsequent events.

This paper presents the design of mission-based scenario
modeling and generation framework, which takes into ac-
count of the timing of events in a scenario and how it influ-
ences the training process. In our previous work (Luo et al.
2013), a scenario generation system has been designed. The
objective of the system is to generate training scenarios that
can tailor to the trainer’s preferences and adapt to trainee’s
skill level. Our current design further extends previous work
in the way that we explicitly capture the propagation of an
event’s effect and its impact on other events. The difference
caused by the timing and relative order among the events
is reflected in the fitness evaluation of our current design.
Through an empirical study of human players, the impact
of the timing of the events on the trainee’s performance is
examined. The results generally support our hypothesis and
show that our system can provide a better estimation of a
scenario’s contribution towards various mission objectives.

Related Work

Procedural content generation has recently become an active
and important research area in game AI. Various techniques
have been explored for automatically generating game con-
tent of different types, including game levels (Sorenson et
al. 2011; Shaker et al. 2012), virtual characters (Cavazza et
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al. 2002; Aylett et al. 2006), maps and terrains (Togelius et
al. 2010; Doran and Parberry 2010), and narratives (Cheong
and Young 2006; Thue et al. 2007; Yu and Riedl 2012). The
narrative-based environment has also been successfully ap-
plied to the serious game for education (Rowe et al. 2011). A
thorough survey on search-based procedural content gener-
ation for games is provided by Togelius et al. (2011). Com-
pared to other types of content generation, research in the
generation of scenario (i.e., the flow of events) is still a
young and emerging area, where a limited number of ap-
proaches are proposed for online and offline scenario gener-
ation. In below, we focus on the review of offline scenario
generation systems, as they are more relevant to our work.

While the online scenario generation systems (Magerko
et al. 2006; Niehaus and Riedl 2009) focus on the dy-
namic adjustment of game events during game-play, the
offline scenario generation works on the generation prior
to any gameplay and explores how to create globally op-
timized/customized scenarios. Hullett and Mateas (2009)
described a planning-based generation system to generate
scenarios from the selected pedagogical goals. Martin et
al. (2010) used functional L-systems to specify generation
rules that expand training objectives into scenario elements.
Our work also focuses on the offline scenario generation.
But, it differs from the above work not only in the gener-
ation methodology, but also in the evaluation of scenarios.
Our scenario generation system considers multiple mission
objectives can be exercised in a single scenario and the sys-
tem evaluates how different events in the scenario can con-
tribute to each mission objective.

Our work is inspired by the work proposed by Zook et
al. (2012). In their work, scenario generation is treated as a
combinatorial optimization process, where the scenarios are
evolved and evaluated based on a set of criteria, such as the
diversity of scenario and fitting to learner’s ability. To tai-
lor to an individual, the scenario is evaluated by matching
the target performance specified by trainer with a learner
model. The learner model is used to predict the trainee’s
performance independently against each skill event in the
scenario. In our work, we also adopt a similar optimization
approach. However, we consider the scenarios where the ef-
fects of events can propagate over time and the timing of
events in a scenario may affect the trainee’s performance. To
model such kind of scenarios, we investigate how to model
the propagation of the event’s effect and its influence to the
subsequent events. The difference introduced by the timing
of the events is reflected in the fitness evaluation during our
scenario generation process.

Mission-based Scenario Modeling
In this work, we focus on the generation of mission-based
scenarios (Reimer 2008), where a trainee is required to un-
dertake a specific mission (e.g., distribute food in peace-
keeping). In such a kind of scenario, the injections of events
can contribute to the training of certain mission objectives.
For example, in a food distribution scenario, the event of
adding violent civilians can be used to practice the mission
objective of controlling crowd anger. To accomplish the mis-
sion, a trainee may need to take actions (e.g., pacify angry

civilians and arrest instigators) at any time across the en-
tire scenario, rather than just at the occurrence of individ-
ual events. The impact of an event in such a scenario can
propagate over time. For example, the event of “add violent
civilians” can cause a group of crowd become angry, which
in turn can make other people angry. The situation can get
worse, when subsequent events (e.g., attack) occur. Thus,
the trainee needs to take actions whenever the situation has
hindered the achievement of mission objectives.

The modeling and generation of mission-based scenarios
is a challenging task, as it requires to capture the depen-
dency among the events in terms of the impact to trainee’s
performance. Our scenario generation system is specifically
designed to address this issue. In this section, we first in-
troduce a conceptual model for representing mission-based
scenarios, which includes the concepts of mission objectives,
events, and scenario beats. For illustrative purpose, we will
use the food distribution scenario as the running example to
explain these concepts. The details of scenario generation
process will then be explained in next section.

Mission Objectives

Each mission-based scenario in our design is associated with
single or multiple mission objectives (MOs). The concept
of MOs is similar to the training objectives as described by
Martin et al. (2010), which define what is to be trained. Each
MO specifies certain mission-specific tasks or abilities to be
practiced throughout the training. Examples of MOs in the
food distribution scenario are to practice how to 1) control
the escalation of crowd anger level (MO1), 2) identify in-
stigators (MO2), and 3) timely control the distribution pro-
cess (MO3). At the design stage, the trainer or domain ex-
pert needs to define or select the desired MOs and associate
them with the scenario to be used for training.

Apart from selecting appropriate MOs, we also consider
the extent to which each selected MO should be exercised
in the given scenario. This is modeled using a MO intensity
vector as

−→
I = [x1, x2, ..., xn], where

−→
I ∈ R

n
≥0, n is the

number of MOs in the scenario. Each element in
−→
I repre-

sents the training intensity for the corresponding MO. Our
scenario model is centered on the concept of mission objec-
tives, in the way that the generation system is designed to
generate scenarios that can match the desired MO intensi-
ties, according to the trainer’s preference and trainee’s exist-
ing skill level.

Events

Events are the primitive units to form a scenario in our
model. A given scenario can include a number of different
types of events. Examples of the event types in a food distri-
bution scenario may include “add instigators”, “add violent
civilians”, “rumor spreading” and “food supply disruption”.
Each event type is characterized by certain parameter(s). By
assigning value to the parameter(s), the event instances of a
particular type can be created. For example, the event type
of “add instigators” can create different event instances by
setting the parameter (e.g., the number of instigators) with
different value.
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For each event instance, we model its contribution to-
wards the exercise of the MOs by using a MO intensity
contribution vector

−→
Ic = [xc

1, x
c
2, ..., x

c
n]. The values in

−→
Ic

indicate the extent to which the given event instance can
contribute to the exercise of the mission objectives of the
scenario. To determine the value in

−→
Ic , we assume the exis-

tence of a suitable technique, which will certainly vary de-
pending on the scenario being modeled. In our current im-
plementation, we use an evaluation function, which takes
the event type and the parameters’ values of the event in-
stance as the inputs and calculates intensity values for dif-
ferent MOs based on the event’s relevance with respect to
each MO. For instance, the events of “add instigators” will
be attributed a relatively high intensity value for MO2 (as
described previously), as compared to the intensity value for
other MOs.

Scenario Beats

As a higher level construct, the scenario beat is introduced
to organize the events of a scenario. Compared to story beat
in Façade storytelling system (Mateas and Stern 2005), our
scenario beat is relatively light-weighted (each beat usually
consists of less than 10 events) and it does not require ac-
tion/reaction pairs for narrative coordination. Scenario beat
is used to represent the typical situation in real life, which
may involve the occurrence of multiple events in a certain
period of time. Formally, the scenario beat is represented
as a tuple: b =< E,O, δ >, where E is the set of events
contained in the beat, O is the set of ordering constraints
on events in E, δ is the maximum time interval in which
all the events in the beat must be executed. To form a sce-
nario, a beat sequence can be constructed by selecting a set
of scenario beats from the beat collection. Each beat se-
quence is a variable-sized, ordered set of beats, represented
as: B = (b1, b2, ..., bm).

The usage of introducing scenario beats in our scenario
model is two-fold. Firstly, scenario beats serve as the key
building blocks of a scenario. To design a training scenario,
we can leverage on the knowledge of domain experts about
commonly observed situations in real-life scenarios and en-
code such situations into various beats. Secondly, compared
to all the possible event instances of different event types,
the number of the modeler-defined scenario beats is rela-
tively small. As our scenario generation system operates on
scenario beats rather than primitive events, it helps to reduce
the search space for scenario generation.

Scenario Generation Process Design

Based on the model of scenario presented in the previous
section, our scenario generation system is designed to au-
tomatically generate the mission-based scenarios using a
genetic algorithm (GA)-based searching process. In over-
all, the system aims to generate scenarios that can tailor to
the trainer’s preference on different MOs and adapt to the
trainee’s skill level. This is achieved by allowing a trainer to
provide two key inputs to the system. The first input is a MO

intensity vector
−→
I in = [x1, x2, ..., xn], where

−→
I in ∈ R

n
≥0, n

is the number of MOs. In the current design, each MO in-
tensity is specified in the range from 0 to 10. A trainer high

or low values in
−→
I in, so that she/he can implicitly control the

types of event instances to be generated, which are related
to the training of different MOs. The second input from

the trainer is a skill level vector
−→
Lin = [l1, l2, ..., ln], where−→

Lin ∈ N
n. It represent the trainee’s estimated skill level with

respect to each MO. The specification of
−→
Lin can be based

on a priori knowledge about the trainee or a player model
built based on the trainee’s previous performance data. In the
current design, a trainee’s skill level is graded in the range
from 1 to 5 for each MO.

The desired MO intensity vector
−→
Id , which is used to de-

termine the fitness of scenarios, is derived with the combina-
tion of

−→
I in and

−→
Lin. Each element xd

i in
−→
Id is proportional to

the product of the corresponding element in
−→
I in and

−→
Lin, that

is, xd
i ∝ xili. The purpose of doing this is to compensate the

difference in trainees’ skill levels. Pedagogically, a trainee
should be assigned with a scenario, which is appropriate to
her/his existing skill levels. Thus, given the same MO in-
tensities specified by the trainer, the desired intensities are
adjusted according to different trainees’ skill levels.

Once the trainer’s inputs is received and
−→
Id is derived,

the GA-based generation process starts by constructing the
initial population. From the collection of scenario beats, the
scenarios, in the form of beat sequences, are first randomly
generated. Each individual of population is then constructed
by assigning the scheduling times for the beats in a given
beat sequence. The individual is thus represented as Bt =
(< b1, tb1 >, .., < bk, tbk >, .., < bm, tbm >), where tbk is
the time, at which the beat k is scheduled in the simulation.
Note that the beat scheduling must satisfy the constraint that:
tbk +δk ≤ tbk+1

, where δk is the time span of beat k. Within
each beat, the scheduling times of the events in the beat are
also assigned as bk = (< e1, te1 >, .., < ej , tej > .., <
eq, teq >), where tej is the time when the event j in the beat
k is scheduled, and te1 = tbk .

Given the initial population being constructed, the popu-
lation needs to be evaluated and iteratively evolved. To eval-
uate each individual scenario, we aggregate the MO con-
tribution vector

−→
Ic of each event in the scenario. Here, in-

stead of a simple linear summation of individual
−→
Ic s of all

the events in the scenario, our current design derives the ag-
gregated MO intensity vector

−→
Ia by considering the impact

of the timing of the events. With different timings of the
events, we examine how the effect of an event, which is in-
jected at a particular time, can propagate and influence other
events. Specifically, each element xa

w in
−→
Ia for a correspond-

ing MOw is calculated as:

xa
w =

r∑
i=1

(Pi +

i−1∑
j=1

�Pij) (1)

where r is the number of the events in the given beat se-
quence, Pi is used to measure the propagated effect of the

46



event i, �Pij is used to measure how the effect of a previ-
ous event j affect the current event i.

To model a mission-based scenario, we consider that the
effect of an event can propagate over time, rather than occur
instantaneously. The propagated effect Pi of the event i for
MOw is computed as:

Pi =

∫ tie

tis

xw
i f

v
p (t− tis)dt (2)

where tis is the event i’s scheduling time, tie is the time
at which the effect of event i ends, xw

i is the MO inten-
sity for MOw in the event i’s

−→
Ic , and fv

p (t) is the propa-
gation function of a particular event type v. fv

p (t) is used
to describe a propagation curve for the effect of a baseline
event, which is of the same type as event i and has the unit
intensity. The propagation curve of event i is scaled from
fv

p (t) by the value of xw
i . Figure 1 shows an example to il-

lustrate the propagated effects of two events with the same
event type, with fv

p (t) modeled as a bell-shaped curve. In
practice, we estimate the fv

p (t) by observing how the effect
of the event actually changes in the simulation. For exam-
ple, for the event type of “add instigators”, its effect to the
MO of crowd anger control is measured by the number of
angry agents caused by instigation. Thus, we measure how
the number of angry agents changes over time, when the
baseline event of “add instigators” is injected. We use poly-
nomial regression to fit the measured data and transfer into
fv

p (t).

M
O
In
te
ns
ity

Timetjs tje

xj

(a) without overlap

xj*f vp(t-tjs)
xi

xi*f vp(t-tis)

tis tie

Pj Pi

M
O
In
te
ns
ity

Timetjs tje

xj

(b) with overlap

xi

tis tietx

∆Pij

Figure 1: Example of the propagation of the two events’ ef-
fects, with fv

p (t) modeled as a bell-shaped curve

In Figure 1(a), the two events j and i are scheduled at tjs
and tis respectively. As the distance between tjs and tis is
relatively large, the effect of event j ends before the event i
is scheduled. Thus, the event j has little impact on the event
i in this case. However, in the case that two events are sched-
uled closely, as shown in Figure 1(b), we consider that the
effect of the previous event j can have the impact on the
subsequent event i. We model such impact using the overlap
area of the two curves in Figure 1(b). �Pij , which corre-

sponds to the overlap (shaded) area, is thus computed as:

�Pij =

∫ tx

tis

xw
i f

v
p (t− tis)dt+

∫ tje

tx

xw
j f

v
p (t− tjs)dt (3)

where tjs and tis are the scheduling times of the event j and
i, tje and tie are the times at which effects of the event j and
i end, tx is the time when two propagation curves intersect,
xw
j and xw

i are the MO intensity for MOw of the event j
and i, and fv

p (t) is the propagation function.
To evaluate the fitness of a given scenario, each aggre-

gated MO intensity xa
w in

−→
Ia of the sequence is first derived

based on the equations 1-3 as described above. The fitness
of the scenario is then measured by the Manhattan distance

between
−→
Ia and the desired MO intensity vector

−→
Id . The

−→
Id

is derived based on the trainer inputs of
−→
I in and

−→
Lin, as de-

scribed earlier. The GA-based evolution thus aims to find the
scenarios with their

−→
Ia s best matched with the

−→
Id . To evolve

the population, genetic operations including mutation, cross-
over, addition and deletion are performed by 1) alternate the
beats’ scheduling times, 2) swap the beats in two beat se-
quences, 3) add beats, and 4) delete beats respectively. The
typical GA settings are adopted with cross-over at 0.8, mu-
tation at 0.1, insertion and deletion at 0.05. The evolution
process terminates, when the best fitness in the population
does not improve substantially for 20 iterations.

The GA-based fitness evaluation operates on a complete
potential solution (i.e., a sequence of scenario beats). Thus,
other global evaluation heuristics can also be incorporated
for assessing the quality of a scenario. For example, the di-
versity of scenario in terms of distinct beats in the beat se-
quence can be added as the design criteria for evaluation.
Moreover, it should be noted that although the mechanism
to handle the causality among the events is not explicitly ad-
dressed in our current work, it is feasible to incorporate the
causality constraints in the GA-based optimization process
(Sorenson et al. 2011). The way to integrate the constraint
satisfaction methods with our generation system will be ex-
plored in future work.

Experiment

We conducted an empirical study of human players using a
simple food distribution training game. In our scenario gen-
eration design, we have taken into account of the difference
caused by the timing of the events in a scenario, when eval-
uating candidate scenarios. In the experiment, we compare
the scenarios generated by our system and the scenarios not
considering the timing issue. By asking players to play dif-
ferent scenarios, we aim to investigate how these two kinds
of scenarios can lead to the difference in trainee’s perfor-
mance and thus show the effectiveness of our scenario gen-
eration system. Below we describe the design of the training
game, experiment procedure, and the results of experiment.

Training Game Design

We implemented a simple food distribution training game,
in which the trainee acts as a solider to monitor the distribu-
tion process and issue the commands for pacifying the angry
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agents and arresting the instigators in the crowd. The game
is implemented using the MASON multi-agent simulation
toolkit1. The game interface is shown in Figure 2. It should
be noted that this simple game mainly serves as a test-bed
for our scenario generation design, rather than a real virtual
training system.

Distribution
Point

Angry Agent

Figure 2: Game interface of the food distribution game

The agents in the game are of two types: civilians and in-
stigators. These two types of agents are differentiable only
by their behaviors, not by their appearances. The civilian
agents, who are not in the angry state, move towards the
distribution point to collect the food. As for the emotional
behaviors, the civilian agents are further classified into two
types: violent civilian and peaceful civilian. The violent
civilians can become angry by self-triggering. The peaceful
civilians only become angry passively, when they get “in-
fected” by the surrounding angry agents (i.e., emotional con-
tagion). Unlike civilian agents, the instigator agents always
move randomly within the distribution area and purposely
toggle between normal and angry state after a certain period
of time. All angry agents are shown as red agents.

As a mission-based scenario, the scenario in the designed
game is defined with two mission objectives: MO1 - to con-
trol the escalation of crowd angry level, and MO2 - to iden-
tify and arrest the instigators in the crowd. The trainee is
given the control to pacify the angry agent using the left
mouse click and arrest the instigator using the right mouse
click. The pacify action will make an angry agent (civilian
or instigator) back to normal state. Once pacified, the civil-
ian may become angry again only if it is surrounded by other
angry agents. The instigator, however, will purposely change
to angry state again regardless of the states of other agents.
The arrest action will remove an agent from the simulation,
if the agent is an instigator. Otherwise, the agent will become
angry, as a penalty for the false instigator identification.

The proposed scenario generation system is used to gener-
ate the scenario instances for the game. The scenario mainly
includes two types of events: the instigation event (IE) - in-
jection of instigators and the violence event (VE) - the in-
jection of violent civilians. The number of these two types

1MASON: http://cs.gmu.edu/ eclab/projects/mason/

of events in the simulation greatly impacts how the trainee
performs with respect to the defined MOs. The effects of
these events are not static, but can propagate over time (e.g.,
through emotional contagion among the agents). Various
scenario beats (35 in total) are created with different combi-
nations of the event instances of two event types. Each sce-
nario instance being generated is a sequence of the scenario
beats with scheduling times.

Experiment Procedure

Thirty participants (i.e., trainees) are recruited to play our
food distribution mission game and they are randomly as-
signed into two groups (fifteen people for each group). Be-
fore the experiment, each participant in both groups re-
viewed a user manual and played the game using a set of
sample scenarios. Once familiar with the player control of
the game, the experiment was conducted in two phases. In
the first phase, each participant in both groups was asked to
play a set of pre-generated scenarios. The participant’s per-
formances against each MO were recorded, and a simple
player model was used for estimating the participant’s exist-
ing skill levels. The player model adopts the first-order, lin-
ear approximation of the trainee’s skill level, based on their
performances. For each participant, the average performance
against each MO was obtained and mapped to a particular
performance category. Based on the mapped performance
category, the trainee’s skill level for each MO is associated
with an integer value ranging from 1 to 5.

In the second phase of the experiment, the scenarios were
generated under two conditions respectively. We refer to the
first condition as “customized”, where the scenario for a
participant was generated based on the estimated trainee’s
skill levels, which were obtained from the first phase of the
experiment. We refer to the second condition as “resched-
uled”, where the scenario for a participant was first gen-
erated based on the estimated trainee’s skill levels and a
“rescheduling” operation was then performed on the gen-
erated scenario. The “rescheduling” operation randomly al-
ters the injection times of scenario beats in the given sce-
nario and also shuffles the order of some scenario beats.
The scenario after “rescheduling” still preserves the same
number of scenario beats, as in the corresponding (i.e., with
the same inputs) “customized” scenario. In other words, the
“rescheduled” scenario is equivalent to the corresponding
“customized” scenario if we assumed the timing had no im-
pact on the training.

Each participant in the first group was asked to play a
“customized” scenario for five runs, whereas each partici-
pant in the second group played a “rescheduled” scenario for

five runs. The
−→
I in was set to be the same for generating all

the scenarios, with the
−→
Lin tailored to each participant. Par-

ticipants in both groups spent the same amount of training
time. To test the training effectiveness of the two groups, we
measure the participant’s performance gain (PrG) across
the runs as:

PrG =
Pcurr − Pprev

Pprev
∗ 100% (4)
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where Pprev is the performance in the previous run, and
Pcurr is the performance in the current run. For each par-
ticipant, the average value PrG across the five runs of the
game play was derived. With the consideration of the tim-
ing the impact in our GA evaluation, we hypothesize that
the customized scenarios generated by our system can better
tailor the game’s challenge to the trainee’s skill level. Thus,
our research hypothesis is that the average performance gain
PrG of the first group of participants using the customized
scenarios will be higher than the average PrG of the second
group using the rescheduled scenarios.

Results

As the designed food distribution scenario contains two mis-
sion objectives, each MO is measured by a corresponding
performance measurement. The MO1 (crowd anger control)
is measured by PMO1

= no. of pacified civilians/no. of to-
tal angry civilians. The MO2 (instigator identification) is
measured by PMO2 = no. of arrested instigators/no. of to-
tal instigators. PMO1 and PMO2 were recorded at the end of
each round of the game. The performance gain of PMO1 and
PMO2 were then derived using equation 4. For each partici-
pant in the two groups, the average performance gain across
the five runs of game play was calculated.

Within each group, we divide the participants into four
categories based on their estimated trainee’s skill levels ob-
tained in the first phase of experiment. Note that even though
our skill levels are in the range of 1 to 5, we did not find
any participant, whose existing skill levels can map to the
skill level 5 for either MO1 or MO2. Figures 3 and 4 show
the average performance gain for participants in each cate-
gory. It can be seen from the results that for all categories,
the participants playing the customized scenarios (i.e., the
first group) have higher performance gains for both PMO1

and PMO1 , as compared with the ones playing rescheduled
scenarios (i.e., the second group). Relatively large standard
errors may be due to the simple player model being adopted.
It can also be observed that for the customized scenarios, the
participants with the low-estimated skill level (i.e., category
1 and 2) have higher performance gains, compared to the
participants with the high-skill level. This is consistent with
the common sense that the novice players usually improve
more easily as compared to the advanced players.
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To test our research hypothesis mentioned previously, the
average performance gains from the entire sample (i.e., 15
participants for each group) are calculated. Since the sample
data from customized and rescheduled scenarios are inde-
pendent (i.e., two separate groups of participants), the two-
samples one-tailed t-test is conducted. Table 1 shows the av-
erage performance gains for the two groups and the p-value
from the t-test. The small p-values strongly suggest that our
research hypothesis (i.e., the average PrG of the first group
playing the customized scenarios is higher than the average
PrG of the second group playing rescheduled scenarios) is
supported. The results indicate that it is beneficial to model
the impact of the dependency among the events of a mission-
based scenario in our scenario generation design, as it pro-
vides a better estimation of the scenario’s aggregated MO
intensities.

Table 1: The average PrG for the customized and resched-
uled scenarios from the entire sample data

Customized Rescheduled p-value
PMO1 ’s PrG 23.25% 11.86% <0.0005
PMO2 ’s PrG 28.53% 15.46% <0.005

Conclusion and Future Work

In this paper, we have introduced a scenario modeling and
generation framework for mission-based scenarios. For gen-
erating mission-based scenarios, our framework considers
the impact of the timing of the events in a scenario on the
training process. We have proposed a conceptual model of
mission-based scenario and designed a generation process
for generating scenarios that match to both trainer’s prefer-
ences and trainee’s skill levels. Our experiment results have
shown that the timing of events can lead to significant dif-
ference in trainee’s performance and thus it is necessary to
capture its effect in our design. We will continue our work
by integrating the designed framework with a state-of-the-
art human simulation system. The efficacy and scalability
of our current approach will be examined in more complex
scenarios. The method for MO intensity estimation will be
further improved.
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