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A B S T R A C T   

The production of high-quality digital games usually requires a few hundred individuals, including designers, 
artists, and story writers. Currently, development teams are increasingly applying procedural content generation 
techniques to reduce their work overload. However, there is a lack of methods to handle the procedural gen
eration of branching quests that can support the richness of the digital games’ mutable and highly interactive 
virtual worlds. The challenges to maintaining a rich and coherent game narrative are enormous. In this work, we 
present a novel procedural quest generation method that can produce coherent quests with branching storylines 
for dynamic and interactive game worlds. By combining automated planning with a genetic algorithm guided by 
story arcs, the proposed method can generate coherent branching quests based on a narrative structure. Pre
liminary results show that the branching quests created with our approach are nearly at par with those made by 
professional game designers.   

1. Introduction 

Procedural content generation (PCG) creates video game content 
(such as maps, background scenery, music, rules, quests, and characters) 
using computer algorithms with limited or no human intervention. 
There is a vast literature on the subject elsewhere [1–4]. PCG is a 
promising approach to reduce the work overload of the development 
teams, which involve hundreds of individuals among designers, engi
neers, artists, and story writers producing new content continuously [5]. 
Although game developers and academic researchers extensively 
explore PCG, there is a lack of techniques to handle the procedural 
generation of quests - a fundamental mechanism for narrative progres
sion. This type of procedural generation is the central subject of the 
present paper. 

Quests (also called missions) are tasks that avatars (i.e., game char
acters controlled by human players) may gain rewards and keep the 
story going on. We find them most commonly in RPGs (Role-Playing 
Games), such as Assassin’s Creed Valhalla (Ubisoft, 2020) and Cyber
punk (CD Projekt RED, 2020). A more in-depth discussion of video 
games’ narratives and quests can be found elsewhere [6]. 

Quests and narrative generation methods face enormous problems in 
interactive storytelling, i.e., in stories built through the intervention of 
the reader or player (see [7] for a survey on narrative generation 

methods). A common approach to RPGs’ quests and plot generation is to 
define a branching storyline that contains all possible courses of the 
narrative described by the story writer. However, interactivity in the 
storyline of RPGs’ missions is remarkably complex because they affect 
quests generated by algorithms and those manually created by game 
designers. Although many recent games include some quests with 
branching storylines, they produce most of their missions based on 
linear storylines. These linear quests often fail to provide the players 
with the ability to interfere in the game’s story, which reduces the 
players’ sense of agency (i.e., the players’ assurance of being the agents 
of their actions). Examples of these games are Mass Effect 2 (BioWare, 
2010), The Witcher 3: Wild Hunt (CD Projekt RED, 2015), Assassin’s 
Creed Valhalla (Ubisoft, 2020), and Cyberpunk 2077 (CD Projekt RED, 
2020). In this scenario, there is a need for more effective and robust 
methods for procedural quest generation. 

In this work, we propose a new quest generation method that can 
produce coherent quests with branching storylines for dynamic and 
interactive game worlds. By combining automated planning with a ge
netic algorithm guided by story arcs, the proposed method can generate 
coherent branching quests based on a narrative structure. 

This work is a considerable extension of our paper “Procedural 
Generation of Quests for Games Using Genetic Algorithms and Auto
mated Planning”, published in the XVIII Brazilian Symposium on 
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Computer Games and Digital Entertainment (SBGames 2019), where we 
proposed a method for the procedural generation of linear quests using a 
genetic algorithm and automated planning [8]. In the present work, we 
extend the proposed method to support the generation of nonlinear 
quests through branching storylines. Our approach resulted in a 
completely new method that uses tree structures to represent the in
dividuals of the genetic algorithm (see Section 3). This article also 
presents a new user study and a new technical evaluation, which were 
conducted to assess the results produced by the new quest generation 
method in a game prototype (see Section 5). These contributions are new 
results from a sequence of previous research works on procedural quest 
generation [6–10]. 

The text is organized as follows. Section 2 presents related works. 
Section 3 describes the proposed method for the generation of branching 
quests. Section 4 presents an application of the proposed method in a 
game prototype. Section 5 describes an evaluation of the method. Sec
tion 6 offers concluding remarks. 

2. Related work 

There are several works on quest generation in the literature, such as 
the generic framework presented by Sullivan et al. [11]. In their system, 
a game manager uses the player history, a library of quests, and the 
current state of the world to dynamically recombine and alter the 
structure of quests. A more recent framework based on automated 
planning was proposed by Breault et al. [12], who use a deterministic 
planning algorithm and a logical description of the game world to 
generate linear quests that are consistent with the given game world. A 
similar approach is explored by Chongmesuk and Kotrajaras [13], but 
focusing on the analysis of the alternative paths that can be generated 
for a given type of quest. 

A more dynamic solution is presented by Lima et al. [6], who uses 
hierarchical task decomposition and automated planning to generate 
non-deterministic quests. Their approach combines planning, execution, 
and monitoring to handle nondeterministic events and generate quests 
offering multiple alternative outcomes, in an attempt to achieve highly 
interactive dynamic story plots. A different approach is explored by 
Ammanabrolu et al. [14], who present a framework to generate cooking 
quests for text-adventure games that uses Markov chains and a neural 
language model to generate recipes. Their system uses a weighted 
ingredient graph (Markov chain), which is learned from a large-scale 
knowledge base of recipes. Quests are generated by probabilistically 
walking along the ingredient graph and applying a language model 
based on the GPT-2 framework [15] to generate a description for the 
sequences of ingredients required by the recipe. 

There are also a few related works that explore the application of 
genetic algorithms for narrative generation. McIntyre and Lapata [16] 
propose a story generator system that uses a genetic algorithm where 
plots are represented by ordered graphs of dependency trees, which 
correspond to narrative text sentences). Their algorithm works directly 
with text sentences; therefore, the genetic operations handle the syntax 
and semantics of the sentences, including the “mutation, which can 
occur on any verb, noun, adverb, or adjective in the sentence” [16]. Ong 
and Leggett [17] propose a genetic algorithm to recombine story com
ponents created from a set of pre-determined story templates. In their 
algorithm, generated stories are evaluated according to their events, 
which are previously rated by the author. Giannatos et al. [18] present a 
system that uses a genetic algorithm to generate interactive narratives 
by incrementally adding candidate plot points to a story graph, which 
has its possible playthroughs rated according to three criteria: spatial 
locality, thought flow, and motivation. A different approach is explored 
by Nairat et al. [19,20], who use an interactive genetic algorithm to 
generate narratives in an agent-based system. In their method, the 

author is responsible for observing and selecting the agents whose be
haviors are considered relevant for the intended story. Based on the 
author’s selections, the system proceeds with the genetic algorithm to 
perform the reproduction process and create new generations of agents. 

There are also applications of genetic algorithms for narrative gen
eration in games, such as the work of Utsch et al. [21], who propose a 
drama manager based on a genetic algorithm that generates plots by 
selecting, from a pool, the subset of plot points that should be presented 
to the player according to a player model. The individuals of their ge
netic algorithm are represented by a set of plot points (events), which 
are subject to traditional crossover and mutation operations. In their 
algorithm, the fitness of an individual is given by the difference between 
the set of plot points and the player model, which is based on the three 
dimensions of the Anthropological Structures of the Imaginary proposed by 
Durand [22]. 

The combination of genetic and planning algorithms was also pre
viously explored by Giannatos et al. [23], who proposed a method that 
uses genetic algorithms to generate plan operators representing possible 
story actions. Their algorithm uses a fitness function that estimates the 
operator’s contribution to achieve suspenseful stories. Although the 
work of Giannatos et al. [23] explores the combination of genetic and 
planning algorithms as proposed in this work, they use genetic algo
rithms only to create new operators (parameters, preconditions, and 
effects). An evident difficulty of their approach is that it does not clearly 
attribute meaning to the operators (i.e. the human author must interpret 
the generated operator and define its meaning for the narrative). 

Most of the previous works on quest generation require a library of 
existing quests (e.g.: [11,17]) or highly detailed descriptions of planning 
patterns with predefined goal states (e.g.: [12,13,6]), which demands 
extra authorial work and restricts the space of possible quests. In such 
context, the use of genetic algorithms has been mostly limited to non- 
game applications, where event structures are not necessary (e.g.: 
[16,19,20]) or other methods are responsible for the actual narrative 
generation (e.g.: [18,23]). Another important limitation of previous 
works on quest generation is the fact that most of them are designed to 
generate only linear quests (e.g.: [12,20,21]), which reduces the player’s 
sense of agency. 

3. Quest generation 

3.1. The quest generation system 

In this paper, a quest is defined as a set of tasks (e.g. killing enemies, 
escorting and saving characters, collecting and delivering items) which 
the player must accomplish. The success in achieving these tasks or the 
different decisions made by the players while performing those tasks 
will lead them to experience a unique and customized plot for the quest. 
This unique plot is named storyline in the present work. Therefore, quests 
are modeled as tree structures, where branches represent the different 
ways in which the quest plot can develop (more details about the tree 
structure of quests are presented in Section 3.2). 

Considering that all quests take place in the same world, changes in 
the world state caused by player actions while performing previous 
quests can have implications in the plot of future quests. For example, if 
the player constructs a bridge to access a certain location of the world as 
part of the tasks of one quest, there is reason to make it a recurring task 
in future quests – except if the bridge was destroyed during an inter
mediary quest. As a strategy to maintain the logical coherence between 
consecutive quests, a tree structure, which we call Game Tree (Ω), rep
resents the structure of the game’s narrative. As illustrated in Fig. 1, each 
node of the Game Tree is a branching quest (ψi), which is also a tree 
structure. The number of final states of ψi (i.e. the number of outcomes) 
determines the number of possible new quests that can follow ψi. The 
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proposed method adds each of these new quests to Ω as a child of ψi 
(Fig. 1). 

As illustrated in Fig. 2, the architecture of the proposed quest 
generator system is composed of two subsystems: (1) the Offline Quest 
Generator (OQG), which is responsible for running the genetic algorithm 
and handling the results (generated quests); and (2) the Game Manager 
(GM), which handles the execution of quests while the player interacts 
in real-time. The OQG runs in a preprocessing phase (offline) and pro
vides the GM with the full set of quests generated for the game. As part of 
the OQG, the Genetic Algorithm module implements all methods of a 
traditional genetic algorithm and handles the execution of Quest Plan
ners to validate the generated quests. Quests are generated based on 
information stored in a Domain Database, which includes the definition 
of valid quest events, characters, places, and objects that are part of the 
game world. While players interact with the game, their actions cause 
updates on the Game State, which is used by the Quest Manager to keep 
track of the player progression accomplishing quests. Meanwhile, the 
player receives help from the Player’s Assistant, who provides tips about 
the next objectives of the current quest. 

3.2. The basic elements of the proposed genetic algorithm 

As illustrated in Fig. 3, our method involves the main steps of a 
standard genetic algorithm [24,25] with the addition of an extra control 

loop to manage the generation of sequential quests that will compose the 
Game Tree structure representing all quests of a game. The world state,1 

which is stored in the Domain Database, is updated with information 
extracted from the final states of previously generated quests. In this 
way, the algorithm can guarantee the logical coherence of sequences of 

Fig. 1. Structure of the narrative as a tree of branching quests.  

Fig. 2. Architecture of the quest generator system.  

Fig. 3. The proposed genetic algorithm. Φ is the maximum number of gener
ations, H is the intended height for the Game Tree (Ω), ψh

g is the current height 
of node ψg in Ω, ψb

g is the number of final states (outcomes) in the generated 
quest ψg , and β is the number of sequential quests. 

1 Term used in automated planning theory to describe the current state of the 
world. 
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quests in the Game Tree. 
The algorithm shown in Fig. 3 seems similar to the one we proposed 

in our previous work [8], but there is a substantial change in how we 
manage the generation of sequential quests. 

Each individual in our new genetic algorithm represents a candidate 
branching quest to be added to the Game Tree, encoded as a tree 
structure (Fig. 4), where:  

• The root node represents the initial state of the quest (S0);  
• Internal nodes define intermediate goal states (Gi) and intermediate 

states (Si);  
• Leaf nodes define final goals and final states for the quest;  
• A branch (Ei) is composed of a pair of nodes (Sj, Gi) and an edge (Sj → 

Gi), j ≺ i, where the edge comprises a sequence of events to achieve 
the intermediate or final goal Gi (and state Si) from the initial state or 
the intermediate one that precedes Si (i.e., Sj). For example, E9 is 
composed of (S2,G9) and (S2 → G9). 

Each branch of the quest tree is encoded as a planning problem:2 

Ei =
(
F, Sj, Gi, O

)
, j ≺ i, 

where F is a set of atomic formulas (or atoms, for short), O is a set of 
planning operators, Sj ⊆ F is the initial state of Ei, and Gi ⊆ F is the goal 
state in the form of a ground literal. In this definition, an operator o ∈ O is 
denoted by: 

o = (name(o), precond(o), effect(o) )

where name(o) is the name of the operator in the form of an atom 
op(x1, x2,⋯, xk), and precond(o) and effect(o) are sets of literals that 
define the preconditions and the effects of o, respectively. A literal is an 
atom f or the negation of an atom (¬f). A detailed explanation of these 
basic terms used in automated planning can be found in our previous 
works [8,9]. 

The structure of branches comprises schematic elements (F and O) 
and reactive elements (Sj and Gi). The interpretation of these elements is 
similar to the case of the single quest as a chromosome found in our 
previous work [8]. In the present case, however, the schematic elements 
are used to compose the planning problems of all branches and quests. 
The reactive elements can vary in the different branches of a current 
generated quest, expressing different paths that the story can take 
depending on different situations in the game world and actions caused 
by character-dependent preferences. 

The following example illustrates the representation of a branch Ei as 

a planning problem:  
Schematic elements of Ei: 

F: character(CH), place(PL), item(IT), at(CH, PL), has(CH, PL), 
hero(CH), alive(CH), path(PL0, PL1),know-request(CH0, CH1, IT), 
know-need(CH0, CH1, IT). 

o1: 
name: go(CH0, PL0, PL1). 
precond: character(CH0), place(PL0), place(PL1), at(CH0, PL0), 

alive(CH0), hero(CH0), path(PL0, PL1). 
effect: at(CH0, PL1), ¬at(CH0, PL0). 

o2: 
name: request(CH0, CH1, IT0, PL0). 
precond: character(CH0), character(CH1), item(IT0), 

place(PL0), at(CH0, PL0), at(CH1, PL0), alive(CH0), 
alive(CH1), hero(CH1). 

effect: know-request(CH1, CH0, IT1). 
o3: 

name: ask(CH0, CH1, IT0, PL0). 
precond: character(CH0), character(CH1), item(IT0), place(PL0), 

at(CH0, PL0), at(CH1, PL0), alive(CH0), alive(CH1), 
hero(CH0), has(CH1, IT0). 

effect: know-need(CH1, CH0, IT0). 
o4: 

name: give(CH0, CH1, IT0, PL0). 
precond: character(CH0), character(CH1), item(IT0), place(PL0), 

at(CH0, PL0), at(CH1, PL0), alive(CH0), alive(CH1), 
hero(CH1), has(CH0, IT0), know-need(CH0, CH1, IT0). 

effect: has(CH1, IT0), ¬has(CH0, IT0). 
o5: 

name: deliver(CH0, CH1, IT0, PL0). 
precond: character(CH0), character(CH1), item(IT0), place(PL0), 

at(CH0, PL0), at(CH1, PL0), alive(CH0), alive(CH1), 
hero(CH0), has(CH0, IT0), know-request(CH0, CH1, IT0). 

effect: has(CH1, IT0), ¬has(CH0, IT0).   

Reactive elements of Ei: 

Sj: character(john), character(rick), character(anne), 
place(village), place(johnhome), place(store), 
item(antidote2), hero(john), alive(john), alive(anne), 
alive(rick), path(johnhome, village), 
path(village, johnhome), path(store, village), 
path(village, store), at(john, johnhome), at(anne, johnhome), 
at(rick, store), has(rick, antidote2). 

Gi: has(anne, antidote2), at(john, johnhome).  

By solving the planning problem using a planning algorithm, a linear 
sequence of events is generated from the initial state Sj. In the above 
example, the generated plot is very simple: 

request(anne, john, antidote2, johnhome), go(john, johnhome, village), 
go(john, village, store), ask(john, rick, antidote2, store), give(rick, john, 
antidote2, store), go(john, store, village), go(john, village, johnhome), 
deliver(john, anne, antidote2, johnhome). 

In this simple plot, Anne requests the antidote to John at home. Then 
he goes to the village and the store, where Rick gives him the remedy. He 
comes back home and delivers the antidote to Anne. 

Branches for the initial population of the genetic algorithm are 
randomly generated according to the information defined in the Domain 
Database (DB), which is a set: 

DB = {A,B,Γ,Δ,T}

The elements of this set are similar to the case found in our previous 
conference paper [8], except for two new types of semantic integrity 
constraints in Γ: qualif i and motif i. However, we repeated all of them here 
in a more precise way to understand better and adapted them to the 
examples of this section. These elements are as follows:  

• A is a set of pairs αi = (obji, objTypei) that defines all objects of the 
game world (obji) and associates them with a specific object type 
(objTypei). For example, A = {(anne, character), (home(john), place)

Fig. 4. Tree structure of a branching quest with height H = 2 and branching 
factor b = 3. Dotted arrows and dotted circles represent invalid branches with 
unachievable goal states. 

2 Notation closely adapted from planning theory [27,28]. 
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, (antidote2, item)} defines that anne is a character, home(john) is a 
place, and antidote2 is an item. Currently, for the sake of simplicity, 
we reduce all function symbols with arity greater than 0 to constants, 
which are function symbols with arity 0 (e.g., we use johnhome 
instead of home(john));  

• B is a set of ground literals that describe properties and relations of 
objects that exist in the game world, e.g.: B = {alive(anne), at(anne,
hospital), path(hospital, village), isantidote(antidote2)};  

• Γ is a set of semantic integrity constraints on predicates, which 
plays a central role in the branch generation process of our algo
rithm. Currently, we have six constraint types: variable types (t), 
contradictory or opposite relations (opp), existential uniqueness 
quantification (u), recurrence importance (r), qualification types 
(qualif), and goal motifs (motif). Each member of Γ is a 5-tuple γi =
(
predi, (u1r1t1,⋯, unrntn), oppi, qualif i,motif i

)
, in which the second 

element indicates the n terms of the predicate predi affected or not by 
the constraints u and r. More specifically, the elements of γi are:  
o predi is a predicate symbol with n terms (e.g. path, alive, know- 

request);  
o tj denotes the object type (objType) that is required for the j-th 

ground term of predi to produce a valid instance of the predicate. 
For example, γi = (cured, (character), , , ) indicates that the predi
cate cured has a single term that must be of type character. Another 
example is γi = (love, (character, character), , , ), meaning that love 
is a predicate with two terms of type character;  

o uj indicates a uniqueness quantification ∃!tjpredi (i.e., there exists 
exactly one tj such that predi is true). An example of uniqueness of a 
term is γi = (at, (character,∃!place), , , ), which denotes that each 
character can only be at one place at a time. In this case, the 
predicate at(john,…) can appear only once in a state for the char
acter john;  

o rj defines the recurrence importance of the j-th ground term of 
predi in the plot of a quest, which is used by the fitness function to 
evaluate the continuity factor of multiple branches of the same 
quest. An interrogation mark (?) indicates this type of constraint. 
For example, in γi = (request, (character, character, ?item,

place), , , ), the term of type item is identified as an important 
recurrent element (?item) for the request event, where a character 
requests an item from another character. Therefore, recurrences of 
the item object in the events of descendant branches of the same 
quest contribute to the general continuity of the quest (i.e., the 
future use of an item that was previously requested contributes to 
the general perception of continuity in a branching quest);  

o oppi is the opposite predicate of predi. An example of opposite 
relation is γi = (healthy, (character), infected, , ), which determines 
that either alive(anne) or dead(anne) can hold, but not both;  

o qualif i defines whether predi can be dynamically added to the 
initial state or goal state of a quest without affecting the logical 
integrity and consistency of the quest. For example, in γi = (at,
(item,∃!place), , initial, ) the keyword initial defines that predicates 
of type at with terms of type item and place can be added to initial 
state of a quest (i.e., items can be dynamically spawned in the 
beginning of a quest without affecting the logical integrity of the 
game world). An alternative keyword for qualif i is goal, which is 
used to establish predicates that can be used to compose goal 
states;  

o motif i denotes a motif name for predicates of related goals. For 
example, γi = (hasreceived, (character, character, ∃!item), , , askitem )

and γj = (knowfailedtoget, (character, character, item), , , askitem )

define that hasreceived (a character has received an item from 
another character) and knowfailedtoget (a character knows that 
another character failed to get an item) are related predicates of 
the goal motif askitem. Therefore, both predicates can be used to 
establish alternative goals for quests that are based on the recur
ring motif askitem.  

• Δ defines a set of planning operators based on the STRIPS 
formalism [28] that represents all possible events that can occur in 
the course of a quest; and  

• T is a set of pairs εi = (oi, tensioni) that establishes how each operator 
oi affects the overall tension of the quest (tensioni), which can be 
increased (+), decreased (-), or maintained (=). For example, the 
attack operator creates tension, and the cure represents a resolution 
that reduces the tension, therefore: T = {(kill, + ), (save, − ), }. 

3.3. Generating the initial population 

The process to create an individual (i.e., a candidate branching 
quest) for the initial population of the genetic algorithm is divided into 
three steps: the quest-giver selection, the quest motif selection, and the 
tree structure generation. 

First, a quest-giver is randomly selected, which, according to Howard 
[29], is the most essential character in role-playing and adventure 
games. The quest-giver is the character that will offer the quest to 
players, give them information on how to embark on the tasks of the 
quest, and offers rewards when the quest is completed. The quest-giver 
corresponds to Propp’s dispatcher character role [30]. When creating a 
new individual for the genetic algorithm, the quest-giver is randomly 
selected among all characters that exist in the game world. The selected 
character will then be used by the branch generation algorithm to define 
the main character for the predicates that establish intermediate and 
final goal states. 

The second step of the individual generation process is the selection 
of a quest motif, which will guarantee the logical coherence among the 
goals defined for the different branches of the quest. By using goals that 
share the same motif, it is ensured that the generated quest will be 
composed of related tasks. The quest motif avoids situations in which 
branches lead to completely unrelated tasks, such as gathering an item in 
one branch while the other branches concern only what is involved in 
the act of killing an enemy (although the task of killing an enemy will 
still be possible to occur when motivated by the need to collect an item 
that is protected by an enemy). The possible quest motifs are defined in 
Γ ⊆ DB, where predicates used to define goal states are associated with a 
motif name. When creating a new individual for the genetic algorithm, 
the quest motif is randomly selected among all possible motifs defined in 
Γ. 

After selecting the quest-giver and the quest motif, the third and final 
step to create an individual for the genetic algorithm is the generation of 
the tree structure to represent the branching quest (Fig. 4). The process 
starts from the root node of the tree, which is defined by the initial state 
of the quest (S0). For any node of the tree, a number b of new branches Ei 
are generated and added to the tree, where b is a parameter of our al
gorithm that defines the maximum branching factor of the tree. For the 
schematic elements F and O of the planning problem Ei =

(
F, Sj,Gi,O

)
of 

each branch, F is defined by the unique atoms found in A ⊆ DB and 
B ⊆ DB, and O is created with the planning operators defined in Δ ⊆ DB. 
For the reactive elements, first the initial state of the quest S0 is 
initialized with the schematic elements of the game world (A ⊆ DB), and 
then a number of new ground literals are randomly generated and added 
to S0 (according to the semantic integrity constraints established in 
Γ ⊆ DB). These new ground literals represent different ways in which 
the game world can be adapted and prepared for the upcoming events of 
the quest, which involve changes that do not affect the logical consis
tency of the game world, such as spawning temporary items, enemies, or 
characters. These changes to the initial states of branches will add more 
diversity to different branches of the same quest and the initial popu
lation of quests used in the genetic algorithm. A similar process is per
formed to define the goal state Gi for each branch, but using the quest 
motif and quest-giver to filter the possible ground literals that can be 
generated for the goal state. In this process, the quest motif is used to 
define the possible predicates that can be selected, which must have the 
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same recurring motif that was selected for the quest. In addition, the 
main character of the ground literals for the goal states will always be 
the quest-giver, which reinforces the relationship between different 
branches of the same quest. The numbers of new ground literals to be 
added to Sj and Gi are defined through parameters of the genetic algo
rithm. In our experiments, we use random values in the range [1,30] to 
define the number of ground literals of Sj and [1,10] for Gi. 

Once all branches of a node are generated, the planning problem of 
each branch is solved by a planner to generate its storyline. In our 
implementation, we used the HSP2 heuristic search planner provided by 
Bonet and Geffner [31], which is fully compatible with our STRIPS- 
based formalism. It is essential to notice that no computational 
method can treat all branches as a planning problem leading to proper 
solutions. Therefore, the planner must adequately handle situations in 
which there is no valid sequence of actions that leads from the initial 
state to the goal state; or when the searching process exceeds a pre
scribed time limit (indicating an infinite loop or an excessively complex 
problem). In such failure cases, our method removes the branch from the 
tree structure. On the positive case, when our algorithm successfully 
solves a planning problem, the resulting plan defines the branch’s 
storyline. Specifically, the system uses the final state of this plan to 
establish the intermediate state of the branch’s child node. This child 
node can then be used as the initial state to continue the story by 
generating new tree branches. 

Branch generation is a recursive process that starts at the root node of 
the tree and ends when all leaf nodes have height H, which is a 
parameter of our algorithm that defines the expected height for the tree 
of each quest. The process is repeated for all new child nodes until the 
expected height of the tree is achieved. When the process ends, the 
resulting tree will be a candidate branching quest to be added to the 
initial population of individuals. The entire process is iterated n times to 
generate the initial population of the genetic algorithm. In our experi
ments, we work with populations of 100 individuals. 

3.4. Selection, Crossover, and mutation steps 

To select individuals for reproduction, we use the fitness proportionate 
selection method (also known as roulette wheel selection [24]). In addi
tion, to avoid decreasing the quality of solutions from one generation to 
the next, we also apply the elitist selection strategy [25]. 

Once the individuals are selected for reproduction, the next step of 
the algorithm is the crossover process. Giving as input two parents (P1 
and P2), the first step of the crossover consists of finding compatible 
states in the nodes of P1 and P2. The notation PkSi denotes the state Si of 
the branching quest Pk. A pair of states from two parents (P1Si and P2Sj) 
is considered compatible when:  

1. Both states are composed of identical ground literals (P1Si = P2Sj), 
named equal type. Therefore, all branches originating in P1Si can also 
occur in P2Sj and vice versa without violating the logical coherence 
of the quest. The crossover operation resulting from this compati
bility type is identified by P1Si ↔ P2Sj (meaning that branches can be 
exchanged in both nodes);  

2. P1Si is a subset of P2Sj (P1Si⊂P2Sj), named sub type. In this case, all 
branches that originate from P1Si can also occur in P2Sj, but not the 
opposite. The crossover operation that results from this type of 
compatibility is identified by P1Si→P2Sj (meaning that branches 
from the node in the left side of the expression can be copied to the 
node in the right side of the expression); 

3. P1Si is a superset of P2Sj (P1Si⊃P2Sj), named super type. Conse
quently, all branches originating from P2Sj can also occur in P1Si, but 
not the other way around. The crossover operation for this compat
ibility type is identified by P1Si←P2Sj (meaning that branches from 
the node in the right side of the expression can be copied to the node 
in the left side of the expression). 

After identifying the types of compatible states, the tree structures of 
both parents (P1 and P2) are traversed in order to produce two new child 
quests (C1 and C2). Nodes that are not part of any pair of compatible 
states, are directly copied to child quests (non-compatible nodes of P1 
are copied to C1 and non-compatible nodes of P2 are copied to C2). As 
illustrated in Fig. 5, the crossover operation is performed on each pair of 
compatible nodes according to their compatibility types. For P1Si ↔ P2Sj 

(equal type), branches are swapped and copied from both parents’ nodes 
to C1 and C2 using a uniform crossover method (i.e., each branch of P1Si 
and P2Sj has an equal probability of going to its respective node in C1 or 
C2). For P1Si→P2Sj (sub type), each branch that originates from P1Si has 
a probability of 50% of being copied to the compatible node of P2Sj in 
the new child C2. When a branch is not copied, the original branch from 
P2Sj is used in its place (according to the order in which branches are 
established in P2Sj and P1Si). The other branches of the new child C1 in 
the node of P1Si are a direct copy of the original branches from P1Si. 
Similarly, for P1Si←P2Sj (super type), branches originating in the node of 
P2Sj are copied, with 50% of probability, to the node of P1Si in the new 
child C1. As illustrated in Fig. 5, the crossover process generates two 
different children. 

After the crossover operation, the generated children are submitted 
to a mutation procedure, where we randomly select a node from the tree 
and then remove that node or try to generate new branches starting from 
it. Considering a mutation probability Mp, a random mutation type Mt 
(add or remove), and a random target node Ms, the mutation is per
formed with probability Mp over node Ms, changing it according to Mt. 
When performing an “add” mutation type, a new branch is randomly 
generated using the quest-giver and the quest motif originally defined for 
the quest. 

The control parameters of our genetic algorithm (population size, 
selection strategy, elitism factor, crossover method, mutation probabil
ity, and the number of generations) were defined through a series of 
experiments conducted during the development of the algorithm. As 
ought to be expected in a general genetic algorithm, variations in pa
rameters such as the crossover method, elitism factor, and mutation 
probability affect the balance between exploitation and exploration. 
While exploitation takes advantage of the existing individuals to create 
the next generation, exploration expands the scope of the search space 
by using mutations to add more variation to the population. By sys
tematically testing different control parameters while evaluating the 
evolution progress of the genetic algorithm and the quality of the 
generated quests, we were able to establish the best control parameters 
for our testing domain (described in Section 4), which are: population 
size of 100 individuals, elitism factor of 2%, the crossover method 
described above, mutation probability of 20%, and termination condi
tion of 100 generations. These parameters are also in accordance with 
the study conducted by Mills et al. [26]. 

3.5. Fitness function 

In our method, the utility/quality of a quest is estimated by how well 
its plot fits into a desired story arc [8]. Fig. 6 illustrates one of the most 
popular story arcs: the three-act structure. 

Considering that story arcs are composed of falls and rises in the 
tension axis, we represent a story arc of a plot d as a sequence of symbols 
dsym

arc = {s1,s2,⋯,sn}, where each si can be: “+” to indicate rise; or “-” to 
indicate fall; or “=” to indicate that the tension level is maintained. The 
number of symbols in the sequence represents the discretized time axis. 
For example, the three-act story arc d illustrated in Fig. 6 can be 
expressed as: dsym

arc = {+ , + , + , − }. 
The symbolic representation of a story arc can also be converted into 

a numeric representation dnum
arc = {v1,v2,⋯,vn}, where each vi of dsym

arc is a 
number indicating the current tension value in the vertical axis of the 
story arc. Letting v0 = 0, the tension value for each element of dnum

arc is 
given by: 
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vi =

⎧
⎨

⎩

vi− 1 + 1 if si = ˝+ ˝

vi− 1 − 1 if si = ˝ − ˝

vi− 1 if si = ˝ = ˝

For example, the symbolic story arc dsym
arc = {+,+,+, − } yields to 

dnum
arc = {1,2,3,2}. 

In our method, the fitness function takes as input a desired story arc 
(provided by the user using the symbolic notation) and the tree structure 

of an individual of the population. Then, to calculate the fitness of the 
individual, the function performs four steps: (1) traverse the individual’s 
tree structure and extract all plot variants that can occur in the course of 
the quest; (2) estimate the story arcs of all quest variants using the in
formation defined in T ⊆ DB, which describes how each event affects the 
overall tension of the quest; (3) compare the story arcs of all plot vari
ants with the desired story arc to calculate the average similarity be
tween the branching quest and the desired story arc; and (4) calculate 
the fitness of the individual based on the average similarity with the 
desired story arc and a set of assessment factors that can be used to 
prioritize quests with certain characteristics, such as the average length 
of the possible plots, the total number of branches (i.e., possible inter
action/decision points in the plot), and the recurrence of certain terms in 
the events of several branches (an indication of continuity in the 
different branches of the quest). 

Fig. 7 illustrates a branching quest p with 5 branches: E1 to E5 (see 
Appendix A). 

When traversing p, three plot variants can be composed: p1 = E1 +

E3; p2 = E2 + E4; and p3 = E2 + E5. Assuming that T ⊆ DB defines the 
effects of the operators as T = { request:“+”, go:“=”, ask-item:“+”, 
give:“+”, deliver:“-”, cure:“-”, get:“+”, attack:“+”, lose-item:“+”, report- 
failed-to-get:“+”, request-escort:“+”, go-two:“=”, ask-cure:“+”, kill:“+”, 

Fig. 5. Example of a crossover operation between two parents (P1 in blank circles and P2 in gray circles), with the three types of compatible nodes (equal, sub 
and super). 

Fig. 6. Story arc as a three-act structure.  
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loot:“+”, make-antidote:“-”,…}, the story arc for each plot variant of p 
can be expressed in the symbolic notation as: 

p1
sym
arc = {+,=,=,+,+,=,=, − , − }

p2
sym
arc = {+,=,=,+,+,+,=,=,+,+,=,=,+,+,+,=,=,+,+,=,

=, − , − }

p3
sym
arc = {+,=,=,+,+,+,=,=,+,+,+,=,=,+,+,+,=,=,+,=,

=, − , − , − , − }

and converted to its numeric representation: 

p1
num
arc = {1, 1, 1, 2, 3, 3, 3, 2, 1}

p2
num
arc = {1, 1, 1, 2, 3, 4, 4, 4, 5, 6, 6, 6, 7, 8, 9, 9, 9, 10, 11, 11, 11, 10, 9},

p3
num
arc = {1, 1, 1, 2, 3, 4, 4, 4, 5, 6, 7, 7, 7, 8, 9, 10, 10, 10, 11, 11, 11, 10, 9, 8, 7}

The estimation of how well the story arc of a plot resembles the 
desired story arc is similar to the method we proposed in [8]: we 
calculate the difference of the two arcs after scaling them. However, we 
improved the calculation of the scaled arcs. The first step is the same, 
where we consider that story arcs can have different time and tension 
scales, and we perform normalization by scaling both arcs to standard 
intervals. In our experiments, time is scaled to the interval [1,10], and 
tension is scaled to the interval [0,1]. In the present work, we improved 
the normalization formula by considering the extreme values of the 
tension: 

∀j ∈ {1,⋯, 10}pi
scaled
arcj

=
pi

num
arc

⌈j− 1
10

(
pi

num
arc − 1

)⌉
+ 1 − min(pi

num
arc )

max
(
pi

num
arc

)
− min(pi

num
arc )

where pi
num
arc represents the length of pi

num
arc , and min(pi) and max(pi) are 

functions that return the minimum and maximum tension values of pi. 
For example, the three-act story arc dnum

arc = {1,2, 3,2} is scaled to: 

dscaled
arc = {0.33, 0.33, 0.66, 0.66, 0.66, 1.00, 1.00, 0.66, 0.66, 0.66}

In the same way, the plots of the examples presented above can be 
scaled to: 

p1
scaled
arc = {0.33, 0.33, 0.33, 0.66, 1.00, 1.00, 1.00, 1.00, 0.66, 0.33}

p2
scaled
arc = {0.09, 0.18, 0.36, 0.36, 0.54, 0.54, 0.81, 0.81, 1.00, 0.81}

p3
scaled
arc = {0.09, 0.18, 0.36, 0.45, 0.63, 0.63, 1.00, 1.00, 0.81, 0.63}

With the story arcs scaled to the same intervals, their differences can 
be revealed in a visual comparison (as shown in Fig. 8). 

The difference between two scaled story arcs (d and pi) is given by 
the mean squared error, as proposed in [8]: 

mse(pi, d) =
1
n
∑n

j=1

(
pi

scaled
arcj

− dscaled
arcj

)2 

where n is the maximum value used in the scaled time interval of the 
story arc (in our experiments, n = 10). 

Considering that a branching quest comprises multiple storylines 
(each one with a different story arc), the differences between the desired 
story arc and the story arcs of possible plots that can occur must be 
combined to evaluate their average similarity. Therefore, the fitness of a 
branching quest p, according to a desired story arc d, is calculated as: 

fitness(p, d) =
1
m
∑m

i=1

(
pi

mse
(
pi

scaled
arc , dscaled

arc

)

)

× f1 × f2⋯ × fk 

where m is the number of plot variants of p, pi represents the length of 
pi (i.e., the number of events in the plot), and fi are assessment factors 
that can be used to prioritize certain characteristics in the generated 
quests. 

Although several assessment factors are supported, such as the 
average length of the possible plots (prioritizing quests with long or 
short storylines) or the total number of branches (prioritizing quest with 
more/less decision points in the plot), we used in our experiments only 
one assessment factor that accounts for the general continuity of the 
events that take place in different branches of the quest. The continuity 
factor is defined by the number of recurrences of important terms in the 
events of descendant branches of the quest. Considering that terms 
whose recurrence contributes to the continuity factor are defined in the 
semantic integrity rules Γ ⊆ DB, the process to calculate the value of the 
continuity factor for a quest p involves the task of traversing the tree 
structure of p counting the number of occurrences of each term identi
fied by Γ ⊆ DB in different descendant branches of p (recurrences in the 
same branch are not counted). 

For example, considering the branching quest p (illustrated in Fig. 7) 
and the three-act story arc d as the desired story arc (Fig. 6), the mean 
squared errors for each plot variant pi are: 

mse(p1, d) =
1
10
∑10

j=1

(
p1

scaled
arcj

− dscaled
arcj

)2
= 0.044  

mse(p2, d) =
1
10
∑10

j=1

(
p2

scaled
arcj

− dscaled
arcj

)2
= 0.067  

mse(p3, d) =
1
10
∑10

j=1

(
p3

scaled
arcj

− dscaled
arcj

)2
= 0.048 

In this example, if we consider that the semantic integrity rules Γ ⊆

DB identify the following recurrence importances of the item type term 
in the predicate symbols request, deliver, and cure: 

γ1 = (request, (character, character, ?item, place) )

γ2 = (deliver, (character, character, ?item, place) )

γ3 = (cure, (character, character, ?item, place) )

then, the recurrence of item antidote2 can be identified in branches 
E2 and E4 as follows: 

E2 = request(anne, john, antidote2, johnhome), go(john, johnhome, 
village), …. 

E4 = …, request(bob, john, antidote2, hospital), give(bob, john, gun1, 
hospital), …, go(john, village, hospital), deliver(john, bob, antidote2, 
hospital), cure(bob, anne, antidote2, hospital)., 

where the item antidote2 has its first occurrence in E2 and then has 3 

Fig. 7. Example of a branching quest p with 5 branches (see Appendix A).  
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recurrences in the plot of the descendant branch E4 (considering only the 
events identified in Γ ⊆ DB). Therefore, the continuity factor is defined by 
f1 = 3.

Considering that the number of events of each plot variant pi are: 
p1 = 9, p2 = 23, and p3 = 25 (the full list of events of each branch Ei is 
presented in Appendix A), the fitness of p can be calculated as: 

fitness(p, d) =
1
m

∑m

i=1

(
pi

mse
(
pi

scaled
arc , dscaled

arc

)

)

× f1 × f2⋯ × fk

=
1
3

(
9

0.044
+

23
0.067

+
25

0.048

)

× 3 = 1068.66  

3.6. Optimizations 

The process to generate branches for the individuals of the popula
tion is the most computationally expensive part of our genetic algo
rithm, mainly because it involves executing a planner to create the 
storyline for each branch. To optimize this process, we implemented two 
optimization features: parallel branch generation and cached plots. 

Considering that each branch represents an independent planning 
problem, we can take advantage of multi-core processors to calculate the 
storyline for multiple branches in parallel. For this purpose, we use a 
thread pool that maintains multiple threads waiting for tasks (solve the 
planning problem of a branch) to be allocated for concurrent execution. 

The occurrence of branches with equal planning problems along with 
the same or different generations is another characteristic of the pop
ulations of our genetic algorithm, especially for small game worlds. In 
these cases, the same planning problem would need to be solved mul
tiple times. To optimize this process, we implemented a memorization 
(a.k.a. memoization) technique to store the plots generated from pre
vious planning problems. When an already encountered planning 
problem is about to be solved, the cached plot is retrieved and reutilized. 
The cache uses a hash table structure to efficiently map keys (calculated 
according to the initial state and goal state of the planning problems) to 
values (the generated plots). 

4. Application 

The game used to test and validate our method is a 2D zombie 

survival RPG developed for a previous project [6,8,9,10] (Fig. 9), in 
which we incorporated the proposed architecture to use branching 
quests generated by our genetic algorithm. The game was implemented 
in Lua3 using the Löve 2D framework.4 See [8] for more details about the 
game world. 

The branching quests to compose the game tree structure of the 
prototype game were created by combining quests produced by the 
proposed method with quests manually created by a professional game 
designer. This approach will be helpful to evaluate whether human 
players can differentiate quests produced by our algorithm from those 
created by a human game designer (a kind of Turing Test, described in 
Section 5.2). 

In order to create this hybrid game tree, our quest generation method 
was used in a more interactive way: (i) first, we applied our algorithm to 
generate just a single branching quest for the root node of the game tree 
(the first quest of the game); (ii) then, we asked a professional game 
designer – with over 12 years of game industry experience – to design 
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Fig. 8. Visual comparison of the desired story arc (v) and the story arcs of three plot variants of quest p (p1, p2, and p3).  

Fig. 9. Scene of the prototype game.  

3 Lua is the well-known programming language developed at the Pontifical 
Catholic University of Rio de Janeiro, Brazil (https://www.lua.org/).  

4 https://love2d.org/. 
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new branching quests for our game using the final states of the previous 
quest as the starting point for the new quests; (iii) after adding the de
signer’s quests to the game tree, we executed our algorithm again, but 
using the final states of the designer’s quests as the initial state for the 
new quests. We also limited the height of the game tree to 2, so only one 
new level of quests was generated by the algorithm. Although our 
method could generate more quests for this domain, we limited the 
height of the game tree to 2 in order to reduce the length of the prototype 
game and allow all players to complete the game during the Turing Test 
(described in Section 5.2). The resulting game tree is illustrated in 
Fig. 10, where shaded nodes represent the branching quest created by 
the professional game designer and non-shaded nodes are branching 
quests generated by our genetic algorithm. By having all designer’s 
quests in the intermediate level of the game tree, all players can expe
rience two quests generated by our algorithm and one quest manually 
created by the designer, independently of the chosen path. 

When running the genetic algorithm to generate the branching 
quests for the game, we employed a fixed population size of 100 in
dividuals. Each run of the algorithm comprised 100 generations, and the 
complexity of the generated branching quests was limited by a 
maximum height H = 2 and a maximum branching factor b = 2. For all 
runs, the three-act structure was used as the desired story arc. 

As illustrated in Fig. 10, the game comprises 14 quests (3 created by a 
professional game designer and 11 generated by our genetic algorithm). 
The branching quest ψ0 is the same quest described in the example 
presented in Section 3.5, which has its structure illustrated in Fig. 7. In 
general, a quest has several branches, and we denote the branch Ei of the 
quest ψk as ψkEi. One example of quest created by the game designer is 
quest ψ3, which has the structure illustrated in Fig. 11 – a, and its 
branches are composed of many sequences of events. For example:5 

ψ3E5 = request-kill(rick, john, villagezombie, store), go(john, store, 
village), kill(john, villagezombie, oldgun, village), go(john, village, store), 
report-kill(rick, john, villagezombie, store), give(rick, john, food1, store), go 
(john, store, johnhome), deliver(john, anne, food1, johnhome), feed(anne, 
maggie, food1, johnhome). 

The events for all the branches shown in Fig. 11 – a can be found in 
Appendix B. 

An example of a quest generated by our algorithm to follow the 
outcome of branch E5 ∈ ψ3 is quest ψ11 (Fig. 11 – b). This quest has six 
branches and each branch has several events. For instance: 

ψ11E1 = request-escort(anne, john, johnhouse, islandeast), go-two(john, 
anne, johnhome, forest), get(john, wood1, forest), go-two(john, anne, forest, 
store), get(john, toolkit, store), go-two(john, anne, store, villageislandbridge), 
fixbridge(john, toolkit, wood1, villageislandbridge), go-two(john, anne, vil
lageislandbridge, islandeast). 

The events for all the branches presented in Fig. 11 – b can be found 

in Appendix C. 
Dialogs and descriptive interaction options for branching points 

were automatically generated by our game according to the plot events 
and a set of templates created to translate logical ground propositions 
into generic natural language sentences. More details about this process 
are presented in our previous work on quest generation [6]. 

The source code of the proposed genetic algorithm is available on the 
website of our project: https://www.icad.puc-rio.br/~logtell/geneti 
c-quests/. 

5. Evaluation and results 

The evaluation of our method comprised two tests: (1) a technical 
test to assess the evolution progress and the performance of the proposed 
genetic algorithm; and (2) a simplified Turing Test to evaluate if human 
players would be able to differentiate quests produced by our algorithm 
from those created by a professional game designer. 

5.1. Technical evaluation 

To evaluate the evolution progress, we performed 30 runs of the 
genetic algorithm to generate a single branching quest for the game 
world of our prototype (described in Section 4). For this experiment, the 
following settings were used in the genetic algorithm: population size of 
100 individuals; elitism factor of 2%; the crossover method described in 
Section 3.4; mutation probability of 20%; termination condition of 100 
generations; complexity of the generated branching quests limited by a 
maximum height H = 3 and a maximum branching factor b = 2; and the 
three-act structure as the desired story arc. 

To compare the results produced by the genetic algorithm with a 
“random quest generation strategy”, we implemented a new algorithm 
that creates random quests using the method to generate new in
dividuals described in Section 3.3. However, no evolutionary strategy 
was employed. For every generation, 100 new random quests were 
created and evaluated. 

The results of this experiment are shown in Fig. 12. As can be 
noticed, the genetic algorithm overcomes the random strategy within 
just a few generations. In addition, less than 35 generations proved to be 
enough for the individuals to converge to the optimal solution for this 
problem. 

To evaluate the computational performance of our method, we 
calculated the average time required to process a population of 100 
individuals during one generation of the genetic algorithm. Three ver
sions of our algorithm were tested: (1) a version without optimizations 
(Base Version); (2) an optimized version with multiple threads for the 
evaluation process (Parallel Version); and (3) a fully optimized version 
using multiple threads and cached plots (Optimized Version). The 

Fig. 10. Game tree with the branching quests used in the prototype game. 
Quests ψ1, ψ2, and ψ3 were created by a professional game designer and the 
other quests were generated by the proposed genetic algorithm. 

Fig. 11. Examples of branching quests: (a) structure of quest ψ3 created by the 
professional game designer; and (b) structure of the quest ψ11 created by the 
genetic algorithm. 

5 Sequences of go events were condensed (for example, “go(john, johnhome, 
village), go(john, village, store)” is represented as “go(john, johnhome, store)”). 

E.S. de Lima et al.                                                                                                                                                                                                                              

https://www.icad.puc-rio.br/%7elogtell/genetic-quests/
https://www.icad.puc-rio.br/%7elogtell/genetic-quests/


Entertainment Computing 43 (2022) 100491

11

computer used to run the experiments was an Intel Core i7 7820HK, 2.9 
GHZ CPU, 16 GB of RAM. Each version was tested for 30 full runs of the 
genetic algorithm, each one testing 100 generations. Considering that 
the generation of the initial population for our algorithm naturally re
quires more time than subsequent generations,6 we analyzed the per
formance of these steps separately. Table 1 shows the results of the tests, 
which indicate that the optimized version is more than 3 times faster 
than the base version for the generation of the initial population. 

5.2. Turing Test 

For the simplified Turing Test, we asked 38 students (30 male and 8 
female, aged 17 to 24) to play our prototype game and classify quests 
according to whether they were created by a human designer or by a 
machine. This test was part of the planned activities in training students 
in mastering game development techniques at IADE, Universidade 
Europeia. Subjects were informed that some quests were created by an 
algorithm and others by a game designer, but they were not informed 
which quests, nor even how many quests, were created by each one. As 
described in Section 4, our prototype game uses a hybrid game tree 
(Fig. 10) that allows players to experience in a single playthrough two 
quests generated by our algorithm and one quest manually created by a 
game design professional. At the end of each quest, subjects were 
prompted to judge if the quest was created by a machine or by a human 
game designer. All participants were able to complete the game. On 
average, each session lasted 16.31 min (standard deviation of 5.78). 

Over the entire test set of 114 data points (38 players, each evalu
ating 3 quests), the “machine” version was correctly identified in 34 
cases (out of a total of 76) and the “human” version was correctly 
identified in 20 cases (out of a total of 38), leading to an overall accuracy 
of 48.68%. 

An ideal Turing Test is represented by the case where the computer 
and the human versions are indistinguishable, leading therefore to a 
random choice of 50% accuracy. The small difference between the 
achieved accuracy (48.68%) and the ideal Turing Test value (50%) 
suggests that the computer-generated and the human-designed quests 
are hardly distinguishable. This high value of accuracy indicates the 
capacity of the proposed quest generation method to achieve quest plots 
closely similar to those created by professional game designers. 

6. Concluding remarks 

This article presented a novel quest generation method that com
bines planning with an evolutionary search strategy guided by story 
arcs, generating coherent and diversified branching quests based on a 
specific narrative structure. As discussed in Section 2, previous works on 
procedural quest generation for games focus mainly on the generation of 
quests as linear sequences of events, failing to provide the player with 
the ability of interfering in the narrative of the game. Our method ex
pands the boundaries of traditional linear quests and focuses on the 
generation of interactive branching quests. In addition, our method 
maintains the rigor of the formulation of interactive narratives as 
planning problems. 

Although the proposed method presented good results in our ex
periments, some methodological considerations and current limitations 
of our research work must be pointed out. First, since our primary focus 
was on the technical aspects of the proposed method, we have not yet 
conducted a rigorous user study to evaluate how the generated quests 
affect the overall game experience. Although the simplified Turing Test 
indicates that players are unable to distinguish the generated quests 
from those created by a professional game designer, we still need to 
evaluate the impacts of the branching quests in the general player 
experience, which surely remains a mandatory task in the short term. In 
particular, an evaluation of the replayability aspects of the generated 
branching quests is an important subject for future studies. 

Secondly, the performance of our method is directly affected by the 
complexity of the game world, because generating plots with branching 
event sequences by way of classical planning algorithms is an 
EXPSPACE-complete problem [32]. Indeed, this remains a concern even 
after our adoption of the HSP2 heuristic search planner (mentioned in 
Section 3.3), and finding alternative algorithms to improve the 
computational performance of our method is also part of our future 
research goals. On this matter, the use of parallel planning algorithms 
designed to run on GPUs (Graphics Processing Units), such as the 
implementation proposed in [33], can offer a viable alternative to solve 
more complex domains in a reasonable time without further modifica
tions to the general structure of our method. Furthermore, the genetic 
algorithm itself can also be extended to run on GPUs [34]. 

Apart from the time required to generate branching quests, we did 
not observe in our experiments any restrictions related to the complexity 
of the game world or the complexity of the generated quests. In fact, we 
had to limit the height of the game tree generated for our prototype 
game to reduce the game’s length and avoid excessively long testing 
sessions during the Turing Test. However, when defining the constraints 
to the quest generation algorithm, such as the branching factor and the 
maximum height for the branching quests, it is essential to balance these 
constraints not only according to the expected length for quests but also 
taking into account the possibilities of events and goals offered by the 
game world. For example, excessively increasing the branching factor or 
the maximum height of the generated quests in a game world that does 
not offer many options of events can lead to the generation of a single 
branching quest that explores all possible events that can occur in the 

Fig. 12. Average evolution progress of the best, average, and worst individuals 
of the population during 30 runs of the genetic algorithm in comparison with 
the best random quests created with a random strategy. 

Table 1 
Average time (in seconds) to generate the initial population and process a sub
sequent generation of 100 individuals in three versions of our genetic algorithm: 
(1) Base Version without optimizations; (2) Parallel Version using multiple 
threads; and (3) Optimized Version using multiple threads and cached plots.    

Base 
Version 

Parallel 
Version 

Optimized 
Version 

Initial 
Population 

Time (sec)  307.32  224.56  90.87 
Standard 
Deviation  

56.75  29.63  25.44 

Nth- 
Generation 

Time (sec)  11.17  10.46  8.21 
Standard 
Deviation  

14.68  12.93  11.32  

6 When generating the initial population for our algorithm, all branches of all 
individuals comprise new planning problems that need to be solved by a 
planner, which is the most time-consuming task of our algorithm. In subsequent 
generations, new individuals are created by recombining branches that were 
generated for the initial population. New plans are only required when a mu
tation operation produces new branches from a node. 
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game world, which will leave no space for the generation of consecutive 
quests. Although more studies to evaluate the quality of branching 
quests with distinct complexities are still needed, the preliminary tests 
conducted during the development of our method seem to indicate that 
it can produce similar results independently of the quest complexity. 

Also, applying any schema-based method, like ours, to game devel
opment involves difficulties. First, one must recall that specifying the 
Domain Database is a manual and time-consuming task, in the course of 
which game developers must face a variety of challenges. For example, 
they must create a logical description of the game world, define the 
possible types of events that can occur as planning operators, and 
establish all semantic integrity constraints that shall guide the branch 
generation process of the genetic algorithm. Further research on this 
subject involves the automatic extraction of such information from 
existing game structures to simplify the application of our method. 
Another difficulty comes from implementing the game itself, which has 
to be robust enough to deal with all story variants in all branching 
quests. An example is spawning and controlling the instances of items 
and characters in the locations specified in quest plans, while guaran
teeing the consistency between the game world and the logical state 
described by the quest. In this respect, the adoption of supplementary 
procedural content generation methods that could automatically adapt 
the game world to quests is a promising direction for future research. 

Although we explored only one fitness function in this work (story 
arcs), our method, as most genetic algorithms, is open to alternative 
fitness functions, which can be used to guide the generation process 

towards different types of quests. Examples of alternative methods to 
evaluate story plots include the use of specific metrics to assess suspense 
[35,36,37], flow and motivation [38,39], diversity and choice variety 
[40], and structural features [41]. Analyzing the results produced by 
alternative fitness functions also constitutes an interesting point for 
future research work. 

Lastly, we firmly believe that quests with real interactive plots 
dynamically generated by algorithms are one of the key ingredients for a 
new and more immersive generation of digital games. The positive 
feedback we received from players, especially the enthusiasm demon
strated by them while exploring the different options offered by the 
generated branching quests, is a welcome stimulus for continuing our 
work. 
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Appendix A 

Examples of branches in Fig. 7 (E1 to E5): 
E1 = request(anne, john, antidote1, johnhome), go(john, johnhome, village), go(john, village, store), ask-item(john, rick, antidote1, store), give(rick, john, 

antidote1, store), go(john, store, village), go(john, village, johnhome), deliver(john, anne, antidote1, johnhome). 
E2 = request(anne, john, antidote2, johnhome), go(john, johnhome, village), go(john, village, forest), get(john, antidote2, forest), attack(zombie1, john, 

forest), lose-item(john, antidote2, zombie1, forest), go(john, forest, village), go(john, village, johnhome), report-failed-to-get(john, anne, antidote2, johnhome). 
E3 = cure(anne, anne, antidote1, johnhouse). 
E4 = request-escort(anne, john, johnhome, hospital), go-two(john, anne, johnhome, village), go-two(john, anne, village, hospital), ask-cure(anne, bob, 

hospital), request(bob, john, antidote2, hospital), give(bob, john, gun1, hospital), go(john, hospital, village), go(john, village, forest), kill(john, zombie1, gun1, 
forest), loot(john, antidote2, zombie1, forest), go(john, forest, village), go(john, village, hospital), deliver(john, bob, antidote2, hospital), cure(bob, anne, 
antidote2, hospital). 

E5 = request(anne, john, ingredient1, johnhome), request(anne, john, ingredient2, johnhome), go(john, johnhome, village), go(john, village, darkforest), get 
(john, oldgun, forest), kill(john, bigzombie1, oldgun, darkforest), get(john, ingredient2, darkforest), go(john, darkforest, village), go(john, village, store), get 
(john, ingredient1, store), go(john, store, village), go(john, village, johnhome), deliver(john, anne, ingredient2, johnhome), deliver(john, anne, ingredient1, 
johnhome), make-antidote(anne, ingredient1, ingredient2, johnhome), cure(anne, anne, antidote1, johnhouse). 

Appendix B 

The branches and events of Fig. 11a (created by the professional game designer), and used in the application of Section 4, are the following: 
ψ3E1 = starve(maggie, johnhome), request(anne, john, food1, johnhome), go(john, johnhome, store). 
ψ3E2 = ask(john, rick, food1, store). 
ψ3E3 = steal(john, rick, food1, store), go(john, store, johnhome), deliver(john, anne, food1, johnhome), feed(anne, maggie, food1, johnhome). 
ψ3E4 = request-payment(rick, john, store), pay(john, rick, store), give(rick, john, food1, store), go(john, store, johnhome), deliver(john, anne, food1, 

johnhome), feed(anne, maggie, food1, johnhome). 
ψ3E5 = request-kill(rick, john, villagezombie, store), go(john, store, village), kill(john, villagezombie, oldgun, village), go(john, village, store), report-kill 

(rick, john, villagezombie, store), give(rick, john, food1, store), go(john, store, johnhome), deliver(john, anne, food1, johnhome), feed(anne, maggie, food1, 
johnhome). 

ψ3E6 = request(rick, john, hospitalstoragekey, store), go(john, store, hospital), steal(john, bob, hospitalstoragekey, hospital), go(john, hospital, store), give 
(john, rick, hospitalstoragekey, store), give(rick, john, food1, store), go(john, store, johnhome), deliver(john, anne, food1, johnhome), feed(anne, maggie, food1, 
johnhome). 

Appendix C 

The branches and events of Fig. 11b (created by the genetic algorithm), and used in the application of Section 4, are the following: 
ψ11E1 = request-escort(anne, john, johnhouse, islandeast), go-two(john, anne, johnhome, forest), get(john, wood1, forest), go-two(john, anne, forest, store), 

get(john, toolkit, store), go-two(john, anne, store, villageislandbridge), fixbridge(john, toolkit, wood1, villageislandbridge), go-two(john, anne, 
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villageislandbridge, islandeast). 
ψ11E2 = request-escort(anne, john, johnhouse, mountain), go-two(john, anne, johnhome, forest), get(john, wood1, forest), get(john, wood2, forest), go-two 

(john, anne, forest, store), get(john, toolkit, store), go-two(john, store, villageislandbridge), fixbridge(john, toolkit, wood1, villageislandbridge), go-two(john, 
anne, villageislandbridge, islandmountainbridge), fixbridge(john, toolkit, wood2, islandmountainbridge), go-two(john, anne, islandmountainbridge, 
mountainwest). 

ψ11E3 = request-shelter(anne, john, islandeast), go(john, islandeast, islandwest), ask-item(john, matt, wood4, islandwest), give(matt, john, wood4, 
islandwest), go(john, islandwest, islandeast), build-shelter(john, wood4, toolkit, islandeast). 

ψ11E4 = request-shelter(anne, john, islandeast), go(john, islandeast, hospital), steal(john, bob, hospitalstoragekey, hospital), go(john, hospital, hospital
storagedoor), open(john, hospitalstoragedoor, hospitalstoragekey), go(john, hospitalstoragedoor, hospitalstorage), get(john, metalplate1, hospitalstorage), go 
(john, hospitalstorage, islandwest), build-shelter(john, metalplate1, toolkit, islandeast). 

ψ11E5 = request(anne, john, supplieskit1, mountainwest), go(john, mountainwest, islandwest), ask-item(john, matt, supplieskit1, islandwest), ask-item 
(matt, john, oldgun, islandwest), give(john, matt, oldgun, islandwest), give(matt, john, supplieskit1, islandwest), go(john, islandwest, mountainwest), deliver 
(john, anne, supplieskit1, mountainwest). 

ψ11E6 = request(anne, john, supplieskit2, mountainwest), go(john, mountainwest, mountaineast), get(john, supplieskit2, mountaineast), attack(zombie6, 
john, mountaineast), lose-item(john, supplieskit2, zombie6, mountaineast), go(john, mountaineast, mountainwest), report-failed-to-get(john, anne, supplieskit2, 
mountainwest). 
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