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GAME Al FLAGSHIPS

AnHotanus. CrycTsi 0oJiee AECATU JIET MOCIe NEPBOr0 MUCCIAEAOBAHUS MO
UCIIOJB30BaHUI0 UCKYCCTBEHHOTO MHTEUiekTa (M) B KOMIBIOTEpHBIX HUrpax U
co3zlaHusi HoBoM cdepbl Hayku noj Ha3Banuem WU, Tepmun «Buaeourpooit Uy
HY>X/1aeTcsi B 00HOBIEHUU. TpaIulIMOHHO, 3a/1a4H, CBSI3aHHBIE ¢ BUACOUTpOoBbIM NN,
BpaIllAJINCh BOKPYT MOBEICHHMS HEUIPOBBIX MepcoHaxked (non-player characters -
NPC), HaunHast OT HaBWTallU W TIOWCKA MyTeH 3aKaHYMBas MPUHATHEM PCIICHHIA.
Bce 1e kxomMepueckue BUICOUTPHI, pa3paboTaHHBIE 3a TOcCieAHHe 15 ner, u
TEKYIIUE  BHUJICOUTPOBBIE  pa3pabOTKU  TMO3BOJIAIOT  MPEANOJOKUTh,  YTO
TpaauIMOHHbIE MPoOaeMbl BuacourpoBoro MM ObuH HOTKHBIM 00pa3oM peIIeHBI
C UCIOJIb30BaHUEM CJIOXKHBIX 1MOX0710B K U, KoTOphIe HEOOS3aTENBHO BHITEKAIOT
U3 JIOCTH)KEHHM aKaJeMHUKOB. Pa3pplB MexIy HHIYCTpUEM M aKaJIeMUKaMHU
0OyCJIOBJIEH TEM, YTO aKaJEeMHUUYECKUU MOJX0] K pa3padborke MU He B cocTosiHUU
NPEMIOKUTh  MHAYCTPUM  METONBI, CHOCOOHBIE  3HAYUTEIBHO  YIYUIIUTh
CYILIECTBYIOIIUNA MPOIIECC MPOCKTUPOBAHUS WJIU MPETOCTABUTH MACIITAOUpPyEMbIE
pelieHus peayibHbIX MpoosieM. OIHAKO B MOCIIEIHEE BpeMsl HAOII01aeTCsl CMEILCHHE
HAaIpAaBJICHHS B UCCIEI0BaHUAX. HEKOTOpBIE U3 ATUX albTEPHATUBHBIX BAPUAHTOB
rcnoJib3oBanua MU yxe rnokaszanu 3Ha4YUTENIbHBIN MOTEHIHAA JJIs1 UCTIOJIb30BAHUS
B KOMMEpPYECKHMX MPOEKTaX. B 3TOM cTaTbe MpenCcTaBICHbl TPU KIIOUEBBIX
HamnpaBJICHUs UccleAoBaHuil BuaeourpoBoro MU, kotopeie B HactosIiee BpeMs

U3MEHSIOT 00JIaCTh UCCIIEI0BAHMM, CBSI3aHHOMN ¢ BUEOUTPOBBIM M.

KaroueBbie cJIOBAa: Buneourposou VCKYCCTBEHHBI  WHTEIUIEKT,
MOJIEJIMPOBAHUE ONbITA WUIPOKA, MPOLEAYpHAss IEHEpaLUUs WUIPOBOTO KOHTEHTA,

n00bI4a (aTa-MaliHUHT) UTPOBBIX JTAHHBIX.



Abstract. More than ten years after the first research in the use of artificial
intelligence (Al) in computer games and the creation of the new field called Al, the
term “gaming AI” needs to be redefined. Traditionally, tasks related to game Al
revolved around the behavior of a non-player character (NPC) at different levels of
control, from navigation and path finding to decision-making. Commercial standard
games developed over the past 15 years and current gaming developments suggest
that the traditional problems of gaming Al have been well resolved using
sophisticated Al approaches that are not necessarily followed or inspired by
academic advances. The existence of the gap between industry and academics is due
to the fact that the academic approach to Al development is not able to offer industry
methods that can significantly improve the existing design process or provide
scalable solutions to real problems. Recently, however, a shift in research has
appeared. Some of these alternative uses for Al have already shown significant
potential for use in commercial projects. This article presents three key areas of

research for gaming Al that are currently reshaping the game Al field.

Keywords: Gaming artificial intelligence, player experience modeling,

procedural content generation, game data mining.



Ever since the beginning of the game industry, academics from the Al field

were criticizing the game industry for not using new...

Although it is true that the industry continues to use techniques from other
three decades ago, the gaming industry does not shy away from making small but
important steps to integrate modern Al into its games. Due to the emergence of
reliable and effective solutions for gaming Al, a more frequent and constructive
relationship with the industry has appeared. In recent years, there has been a shift in
academic interests in regarding gaming Al. We reached an era when focus started to
shift away from NPCs Al. Instead, the focus of attention began to shift toward the
interweaving of game design and gaming technology by considering the role of Al
in general: Al can help us create better games, but this does not only mean creating
NPCs that are more believable. There are a number of key research areas that have
recently provided innovative and commercially plausible solutions to a number of
game development challenges. In this paper, three of those will be presented: Player
experience modeling (PEM), Procedural content generation (PCG) and Large-scale

analysis of players’ data.

Player experience modeling. In recent years, there has been an increase in
size of the gaming population and demographic diversification of computer game
players. This means that skills, preferences and experience can greatly vary between
players of the same game. Therefore, the need to adapt games to individual gaming
experience is growing, and the challenges of user modeling and adaptation based on
experience in games are becoming increasingly important and complex. Player
Experience Modeling (PEM) is the study and use of artificial intelligence techniques
for completing those tasks. We can distinguish three main types of approaches for
modeling the player’s experience in games, which are based on data expressed by
players (subjective PEM); player data obtained from alternative player responses
(objective PEM); and data obtained from the player-game interactions (gameplay-
based PEM).



The most direct way to develop an experience model is to directly ask the
players about their gaming experience and build a model based on data expressed.

Subjective PEM considers first-person reports. Subjective modeling of the player’s

experience can be based on player’s responses during the act of playing the game,
data obtained using questionnaires or self-reports. While self-reports have their own
inherent limitations, including user self-deception and memory dependency,
numerous studies have shown that self-reports can successfully guide machine
learning algorithms to reflect aspects of a player’s experience in platformer and

racing games.

The player’s experience can be associated with streams of emotions, which
can be active at the same time. They are usually caused by the events occurring
during the game. Games can cause player to express emotions, which, in turn, can
affect the physiology of the player, reflect on the facial expression, pose and speech
of the player. Monitoring such bodily changes may help us recognize player’s

emotional responses. Models constructed using the objective PEM approach can be

very accurate representations of the player’s experience, since the experience is seen
holistically through usage of several input methods. Key limitations of the objective

PEM approach include its high intrusiveness and questionable feasibility.

The main assumption about gameplay-based PEM is that the player’s actions

and real-time preferences are related to the player’s experience Since games can
influence the player’s processing patterns and their focus. For the same reason,
cognitive processes can affect emotions, since the player’s emotional State can be
understood by analyzing interaction patterns and associating user emotions with
context variables. Any element derived from the interaction between the player and
the game forms the basis for gameplay-based PEM. The input data for this type of
player’s experience model is usually correlated with such conditions, as attention,
challenge, and engagement. Moreover, several different measures of complexity
were proposed for different game genres such as real-time strategies (RTS) and

board games. Sometimes player experience models can be formed by data-mining.



Gameplay-based PEM is perhaps the most computationally efficient and least
intrusive PEM approach, but usually leads to a low-resolution player experience

model.

Procedural content generation. Procedural content generation (PCG) can be
viewed as the research and development of algorithms that generate game content
automatically. Game content refers to all customizable game elements that may
affect a player’s experience, which may include maps, levels, stories, quests, rule
sets, camera positions, and music. Procedural content generation in games provides
several advantages. Firstly, PCG can ease the enormous efforts and lower the costs
of creating content, as well as simplify changing of content for the player needs.
Secondly, the content of the game can automatically adapt to the needs and
preferences of individual players and ensure maximum replayability. Thirdly, PCG
can challenge the creative potential of a human and generate solutions that go

beyond the imagination of the game designer.

The research efforts of combining PEM and PCG have led to research projects
with high commercial potential within the framework of experience-based
procedural content generation (EPCG). According to the EPCG structure, content is
considered as a building block of the player’s experience, which can be customized

to optimize said player’s experience.

Al game data mining. Game data mining can be broadly defined as using Al
(data mining algorithms) to answer such questions as: how do people play a game?;
Is the game played as expected?; why do people stop playing a game?; why do we
play a game the way we do?; can we predict what a player will do? These and many
more similar questions are all important and related to user-oriented testing
procedures used in the gaming industry. In iteratively phased game development,
representative samples of the target audience, as well as internal professional testers,
spend time and make efforts to test games and assess the quality of the gameplay.
For the past five years, as an alternative to traditional testing, key game developers

have been collecting and analyzing detailed and large-scale behavioral data of



players through specialized monitoring software. According to Big Data analysts,
we have reached a point where existing data mining algorithms cannot track the
increasing amount of available data sets, and therefore cannot fully support the
analysis of such data. This creates exciting new challenges and opportunities for the
study of Al in games, since the use of Al to determine game models based on
collected players’ data can provide a quantitative approach and complement

traditional quality approaches for testing users and playability.

Conclusion. More than ten years after the creation of the game Al field, this
term needs to be revisited and expanded upon using non-traditional areas of research
and development. The abundance of ways to use artificial intelligence in games
today, in addition to traditional areas such as NPC Al, demonstrates the potential of
the research field and can expand the boundaries of design in these creative

industries.
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