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Abstract— Artificial intelligence (AI) has moved from isolated 

gameplay heuristics to a broad development capability spanning 

non-player character (NPC) behavior, procedural content generation, 

player modeling, automated testing, animation and rendering 

support, and increasingly generative systems based on large 

language models (LLMs) and multimodal models. This paper 

presents a structured literature review of AI in video game 

development, emphasizing how different AI paradigms change both 

the technical architecture of games and the responsibilities of 

designers, artists, engineers, and quality-assurance teams. The 

review synthesizes research on search and planning, reinforcement 

learning, deep learning, procedural content generation, player 

modeling, adaptive difficulty, AI-assisted production, and LLM-

driven interaction. The analysis shows that AI is most useful when 

treated as a controllable subsystem inside a larger development 

pipeline rather than as an autonomous replacement for design 

judgment. Classical techniques remain valuable for deterministic, 

debuggable behavior, whereas learning-based and generative 

methods provide greater adaptability and variability at the cost of 

data, evaluation difficulty, runtime constraints, and control risks. 

Recent LLM studies further indicate potential for persistent and 

collaborative NPCs, but also identify concerns around correctness, 

coherence, latency, cost, privacy, and player trust. The paper 

proposes an integrated architecture and a practical evaluation 

framework that combines quality, player experience, safety, 

performance, and development-effort measures. Finally, it identifies 

research opportunities in multimodal generation, persistent world 

simulation, human-AI co-creation, explainable adaptive gameplay, 

efficient on-device models, and reliable automated testing. 
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NPC, procedural content generation, reinforcement learning, player 

modeling, generative AI, large language models, automated testing. 

I. INTRODUCTION 

Video games are interactive software systems in which 

computational rules, audiovisual assets, simulation, and 

human input are coupled in real time. This makes games 

an unusually rich application domain for artificial 

intelligence. A game AI system must often make 

decisions under uncertainty, operate within strict latency 

budgets, react to unpredictable human behavior, and 

produce outputs that are not merely correct but 

enjoyable. The literature on artificial intelligence and 

games therefore spans several objectives: controlling 

agents, generating content, modeling players, adapting 

difficulty, evaluating quality, and assisting the 

development process itself [1], [2]. 

Early game AI commonly relied on explicit rules, finite-

state machines, behavior trees, pathfinding, planning, 

and utility-based action selection. These approaches 

remain attractive because they are transparent, fast, and 

relatively easy to author. However, handcrafted logic 

can become brittle when the number of states, abilities, 

or interactions grows. Modern machine learning 

addresses this problem by inferring patterns from 

examples or experience. Deep reinforcement learning 

(RL), for example, can learn policies for complex 

control tasks, while procedural content generation 

through machine learning (PCGML) can learn the 

statistical and structural properties of existing game 

content [3], [5]. 

At the same time, generative AI has broadened the 

definition of game development. Text generation can 

support dialogue and quest writing; image and 3-D 

generation can accelerate prototyping; language models 

can act as conversational NPC controllers; and 

multimodal systems can connect semantic design intent 

to several asset types. Recent literature, including work 

published in 2025 and 2026, suggests that these 

capabilities may change gameplay, playability, and 

player experience, but also introduce new engineering 

and quality-assurance requirements [19]-[21]. 

This paper treats AI in game development as a systems 

problem rather than a single algorithmic problem. The 

central question is not simply whether an AI technique 

can produce a good output, but how that technique 

should be integrated, evaluated, constrained, and 

maintained within a production pipeline. The review 

therefore connects research strands that are often 

discussed separately. Section II defines the review scope 

and terminology. Section III summarizes the evolution 

of game AI. Sections IV-VIII discuss major application 

areas. Section IX compares development architectures. 

Section X addresses evaluation and engineering 

constraints. Section XI examines ethical and economic 

issues. Section XII proposes future research directions, 

followed by conclusions and references. 

https://ijsrem.com/
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II. REVIEW SCOPE AND METHODOLOGY 

This work is a structured narrative literature review 

focused on AI technologies that directly affect video 

game creation or runtime behavior. The review 

considers peer-reviewed articles, conference papers, 

openly available preprints, books, and technical research 

from established publishers or research institutions. 

Priority is given to sources that clearly describe 

methods, applications, or findings relevant to game 

development. Recent GenAI literature from 2024-2026 

is included to capture the rapid shift toward LLM-driven 

and multimodal systems. 

The literature was organized into six technical themes: 

(1) intelligent agents and decision making; (2) 

procedural and learned content generation; (3) player 

modeling and adaptive gameplay; (4) automated 

development and testing; (5) generative AI and LLM-

based interaction; and (6) engineering, ethical, and 

economic constraints. This thematic organization is 

useful because a single game may combine several 

techniques. An NPC may use a behavior tree for local 

control, an RL policy for tactical choice, a player model 

to estimate skill, and an LLM for dialogue. Likewise, a 

level-generation system may use a learned model 

followed by constraint checks and designer approval. 

The review does not claim to measure a new 

experimental effect. Instead, it synthesizes reported 

evidence and identifies common patterns. Several 

studies are surveys or conceptual papers, while others 

present prototypes or empirical evaluations in particular 

game environments. The resulting conclusions should 

therefore be interpreted as design and research guidance 

rather than as a single quantitative benchmark across all 

game genres. 

Theme Representative 

AI methods 
Primary 

development 

value 
Main risk 

Agent control 
FSM, behavior 

trees, planning, 

RL, MCTS 
Adaptive and 

strategic behavior 
Unpredictability, 

debugging cost 

Content 

generation 

PCG, 

evolutionary 

search, PCGML, 

GenAI 

Scale, variety, 

rapid prototyping 
Playable-content 

validation 

Player modeling 
Classification, 

sequence models, 

profiling 
Personalization 

and balance 
Privacy and 

misclassification 

Testing & QA 
RL agents, 

imitation, 

anomaly 

detection 

Coverage and 

regression 

support 
False confidence, 

coverage gaps 

Generative 

interaction 
LLMs, TTS, 

multimodal 

models 
Dialogue, quests, 

rapid ideation 
Latency, 

hallucination, 

coherence 

Optimization Deep learning, 

surrogate models 
Rendering, 

simulation, 

performance 
Model cost and 

robustness 

III. EVOLUTION OF ARTIFICIAL INTELLIGENCE 

IN GAMES 

The development of AI for games can be viewed as a 

progression from explicit control toward data-driven 

adaptation. Classical game AI grew around algorithms 

whose behavior could be specified in advance. 

Pathfinding methods such as A* made navigation 

practical; finite-state machines represented modes such 

as patrol, search, chase, and retreat; behavior trees 

improved modularity; and utility systems allowed an 

agent to select among competing goals. These 

techniques continue to dominate production systems 

where predictability and frame-time guarantees are 

important. 

The research field expanded when games became 

testbeds for machine learning. Deep Q-learning 

demonstrated that a single system could learn to act 

from raw pixels across many Atari games, illustrating 

the combination of representation learning and 

reinforcement learning [7]. Although the resulting 

agents were game players rather than production NPCs, 

the work established a conceptual bridge: rather than 

writing every policy by hand, developers could train 

policies from experience. Later research moved toward 

more complex environments, including real-time 

strategy games and 3-D navigation. AlphaStar 

demonstrated the capacity of multi-agent reinforcement 

learning and league-style training to reach very high 

performance in StarCraft II under human-oriented 

constraints [8]. 

For game development, however, maximizing 

competitive performance is not always the objective. A 

production NPC may intentionally make suboptimal 

choices because the goal is to provide a fair challenge, 

support a narrative, or remain legible to players. This 

difference explains why pure game-playing benchmarks 

cannot directly substitute for game-development 

evaluation. Game AI must optimize a multi-objective 

target that includes player enjoyment, perceived 

fairness, pacing, narrative consistency, technical cost, 

and design intent [1]. 

The emergence of procedural content generation (PCG) 

created another major branch of game AI. Traditional 

PCG can use deterministic rules, grammars, noise 

functions, evolutionary search, constraint solvers, or 

other algorithms to generate levels, maps, items, and 

other content. PCGML extends this idea by training 

models on existing content so that new content reflects 

learned distributions or patterns [3]. This changes the 

role of the designer from specifying every output to 

specifying examples, constraints, evaluation criteria, 

and a creative direction. 

Recent GenAI systems introduce an additional shift 

from generating structured game content to generating 

semantic content through natural-language interaction. 

Research on LLM-driven NPCs suggests that language 

models can support more open-ended dialogue and 

collaborative behavior [15], [16]. The current generation 

of work is preliminary, yet it points toward a 

development pipeline where designers increasingly 

operate at the level of goals, roles, constraints, style, and 

examples, while AI systems fill in lower-level 

variations. This makes the interface between human 

https://ijsrem.com/
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intent and machine generation a central research 

problem. 

 
Fig. 1. A layered architecture for AI-enabled video game development. 

IV. INTELLIGENT NON-PLAYER CHARACTERS 

AND GAME AGENTS 

A. Rule-Based and Hierarchical Control 

NPC behavior is one of the most established uses of AI 

in games. A typical NPC controller decomposes 

behavior into sensing, state interpretation, action 

selection, and execution. Finite-state machines represent 

discrete modes, while behavior trees organize conditions 

and actions hierarchically. Planning systems can reason 

over sequences of actions, and utility-based methods 

can score alternatives based on the current state. These 

approaches are still highly relevant because designers 

can inspect the logic and modify it without retraining a 

model. 

The main limitation is combinatorial growth. As the 

number of abilities, environmental states, and 

interacting NPCs increases, handcrafted rules may 

require a large number of special cases. This can create 

behavior that looks competent in familiar situations but 

fails in edge cases. Hybrid architectures partially 

address this issue by using explicit rules for high-level 

constraints and learned policies for tactical behavior. In 

a production setting, such an architecture can preserve 

designer authority while allowing AI to fill in local 

variation. 

B. Reinforcement Learning for NPCs 

Reinforcement learning formulates behavior as a 

sequential decision problem. An agent observes a state, 

chooses an action, receives a reward, and updates a 

policy or value estimate. In games, the reward may 

represent survival, objective completion, damage dealt, 

resource efficiency, or a shaped proxy for desired 

behavior. Deep RL makes it possible to learn complex 

mappings from high-dimensional observations to 

actions [7], while multi-agent RL extends the setting to 

multiple interacting agents [8]. 

The appeal of RL for NPC development is its ability to 

produce behaviors that are difficult to script directly. A 

navigation agent can learn to exploit multiple movement 

abilities rather than following a fixed navigation mesh. 

Alonso et al. investigated deep RL for navigation in 

large 3-D environments and reported at least 90% 

success across their tested scenarios, including 

environments modeled after AAA-style spaces [6]. This 

type of work suggests that learned navigation can 

reduce some hand-authored limitations, although 

deployment still requires careful treatment of inference 

cost, training environments, failure cases, and 

reproducibility. 

In addition to combat and navigation, RL can support 

group tactics, resource management, and opponent 

adaptation. Nevertheless, a raw objective such as 

winning may create unwanted strategies. In a 

commercial game, developers may need constraints that 

limit camping, repetitive actions, excessive aggression, 

or exploits. Reward design is therefore a design problem 

as much as a machine-learning problem. 

C. Planning, Search, and Monte Carlo Methods 

Search remains valuable when the action space and 

rules are explicit. Monte Carlo Tree Search (MCTS) 

estimates the value of actions through simulated future 

outcomes and can be effective in planning-heavy 

environments. The continuing relevance of planning is 

also reflected in recent reviews of intelligent game 

agents, which note that MCTS and reinforcement 

learning can serve as general frameworks for game 

agents [22]. A practical system may use planning for 

strategic choices and learned models for state estimation 

or tactical execution. 

D. LLM-Driven NPCs 

Large language models introduce conversational 

intelligence as a first-class game system. Rather than 

selecting a line from a fixed dialogue tree, an NPC can 

generate responses from a prompt containing the 

character profile, world state, memory, and current 

objective. Song presented a prototype in which an LLM-

driven NPC could communicate with a player across 

Unity and Discord while synchronizing dialogue 

memory [16]. Rao et al. studied a Minecraft minigame 

in which human players collaborated with two GPT-4-

driven NPCs, identifying several patterns of joint 

behavior [15]. 

These systems change the architecture of NPCs because 

dialogue is no longer isolated from gameplay. A 

language model may need access to inventory, quests, 

social relationships, and world state. A reliable 

implementation therefore needs structured state 

interfaces, tool permissions, memory management, and 

output validation. The language model should not be 

allowed to directly alter arbitrary game state. Instead, it 

should propose actions or structured intents that are 

checked by deterministic game code. 

V. PROCEDURAL CONTENT GENERATION AND 

GENERATIVE AI 

Procedural content generation refers to automatically or 

semi-automatically creating game content. The content 

may include levels, maps, terrain, items, enemies, 

quests, rules, narratives, or combinations of these. The 

classic PCG literature emphasizes multiple approaches, 

including constructive methods, search-based methods, 

https://ijsrem.com/
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grammars, constraint-based generation, and 

evolutionary algorithms [2], [4]. The central production 

benefit is that designers can generate a large space of 

alternatives without authoring each instance manually. 

A. PCGML and Learned Content 

PCGML differs from hand-designed procedural 

generators because the generator learns from data. 

Summerville et al. surveyed models including recurrent 

networks, autoencoders, convolutional networks, 

Markov models, clustering, and matrix factorization, 

while also describing uses beyond generation, such as 

repair, critique, and content analysis [3]. This is 

especially useful when a studio has a corpus of existing 

levels and wants new material that preserves stylistic 

characteristics. 

The main challenge is not merely generating plausible 

content. A generated level must also be playable, 

balanced, compatible with game mechanics, and 

appropriate for the target player. Evaluation can 

therefore be multi-stage. First, structural constraints can 

remove invalid outputs. Second, fast simulation agents 

can estimate difficulty or reachability. Third, human 

designers can review the most promising candidates. 

This pipeline converts unconstrained generation into 

controlled generation. 

B. Generative AI for Assets and Narrative 

Generative AI extends PCG into text, images, audio, 

animation, and increasingly 3-D representations. In an 

early production stage, a developer can use generative 

tools to explore visual directions or draft dialogue. In 

later stages, generated assets may still require human 

editing, consistency checks, legal review, optimization, 

and integration into the engine. The practical value 

therefore depends on how well generated outputs fit the 

rest of the pipeline rather than on generation quality 

alone. 

Recent research on modern game development 

highlights a movement toward multimodal creation in 

which text prompts could influence scenes, dialogue, 

environmental audio, and other components [17], [21]. 

Such workflows could be particularly valuable for small 

teams because they can reduce the fixed cost of 

producing many variants. However, the same scale can 

create content bloat: a game may contain large amounts 

of generated material that is individually plausible but 

collectively repetitive. Future tools therefore need 

stronger global coherence and design-intent control. 

 
Fig. 2. Taxonomy of major AI applications in game development. 

 
Fig. 3. Controlled PCG pipeline combining generation, validation, and 

human review. 

C. Experience-Driven Generation 

Experience-driven PCG connects content generation to 

models of player experience. The objective is not simply 

to maximize novelty but to select content that supports a 

target experience such as tension, relaxation, challenge, 

exploration, or mastery. Yannakakis and colleagues 

framed this as a computational loop in which a model of 

user experience guides generation [4]. Hunicke earlier 

argued that dynamic difficulty systems must adjust 

challenge without disrupting the player experience [9]. 

Together, these ideas show that AI generation should be 

aligned with experiential objectives rather than treated 

as an independent content factory. 

VI. PLAYER MODELING AND ADAPTIVE 

GAMEPLAY 

A game can be personalized only when it has some 

representation of the player. Player modeling attempts 

to infer attributes such as skill, preferred strategy, 

engagement, risk tolerance, behavior profile, or 

affective state from gameplay data. Early surveys 

proposed taxonomies for organizing the field, while 

later systematic reviews examined data-driven 

techniques for modeling actions, tactics, strategies, and 

player profiles [10], [11]. 

Player modeling can support adaptive difficulty, 

matchmaking, tutorial pacing, recommendation, 

narrative branching, and accessibility. For example, a 

game may estimate that a player is struggling with 

movement and temporarily reduce enemy pressure or 

introduce additional training opportunities. Conversely, 

a highly skilled player may receive stronger opponents 

or optional challenges. Dynamic difficulty adjustment is 

therefore an example of a closed-loop control system: 

observe the player, estimate the current state, select an 

adaptation, and evaluate the result [9]. 

https://ijsrem.com/
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The major difficulty is that the same observed behavior 

can have multiple interpretations. A player who pauses 

frequently may be confused, interrupted, experimenting, 

or intentionally slowing down. A classifier that treats 

every pause as low skill could adapt inappropriately. 

Robust systems should combine multiple signals and 

represent uncertainty instead of forcing a binary 

decision. They should also provide designers with 

thresholds, override controls, and logs so that 

unexpected adaptations can be diagnosed. 

 
Fig. 4. Player-modeling loop for adaptive gameplay and difficulty 

control. 
Adaptation 

target 
Possible input 

signals AI function Design 

objective 

Difficulty Win rate, retries, 

time, damage 
Skill estimation + 

policy 
Maintain 

challenge without 

frustration 

Content 
Completed paths, 

preferred 

weapons 
Preference model 

+ PCG 
Increase 

relevance and 

variety 

Narrative Dialogue choices, 

quest order 
Profile / sequence 

model 
Personalize 

pacing and 

branches 

Tutorial 
Errors, help 

requests, 

hesitation 
Online classifier 

Reduce 

unnecessary 

instruction 

Accessibility Input patterns, 

settings Context model Adjust interaction 

burden 

VII. AI FOR GAME DEVELOPMENT, TESTING, AND 

QUALITY ASSURANCE 

AI can affect the production process before players ever 

see a game. Development teams can apply machine 

learning to code assistance, asset tagging, content 

search, animation support, performance analysis, bug 

triage, and automated playtesting. Automated testing is 

especially interesting because games contain enormous 

state spaces and emergent interactions. Traditional 

scripted test cases are necessary but can become 

expensive to maintain as content changes. 

AI agents can generate additional coverage by playing a 

game repeatedly under different conditions. 

Reinforcement learning can be used to target difficult 

states, while imitation or scripted agents can reproduce 

common player patterns. Anomaly detection can 

compare telemetry traces and identify unusual events. 

However, AI-generated test coverage must be 

interpreted carefully. Reaching a large number of states 

does not automatically mean that critical bugs will be 

found. A useful testing system needs coverage 

objectives, reproducibility, failure clustering, and 

connections to existing issue-tracking workflows. 

Zhao’s review of AI in game development identifies 

automated testing and quality assurance as a major 

application area alongside PCG and NPC behavior [13]. 

Recent research also points to AI agents as a potentially 

important part of software engineering workflows for 

games, where the same system can participate in 

development, testing, and runtime validation [18], [20]. 

This convergence creates an opportunity for continuous 

evaluation: an AI system generates new content, test 

agents probe it, and the results feed back into generator 

constraints. 

A. Automated Bug Discovery 

Game bugs often emerge from combinations of state, 

timing, and physical interactions. Examples include 

impossible quests, blocked navigation, duplicated 

rewards, animation deadlocks, or state transitions that 

are rarely reached during manual testing. AI agents can 

search for unusual trajectories and repeatedly explore 

branches that humans might overlook. A promising 

architecture combines symbolic constraints with 

learning-based exploration: constraints guarantee basic 

validity while learned exploration seeks unusual but 

legal sequences. 

B. Performance and Optimization 

Deep learning can also serve as a surrogate for 

expensive simulations or reconstruction tasks. Recent 

research highlights deep surrogate modeling as a 

promising direction for games because learned 

approximations can reduce the cost of repeated 

computation [21]. The production challenge is to verify 

that the surrogate is sufficiently accurate under the 

distribution of states encountered during real play. An 

approximate model that fails on rare states may be more 

dangerous than a slower but exact computation. 

VIII. GENERATIVE AI, LLMS, AND THE NEW GAME 

DEVELOPMENT WORKFLOW 

Generative AI changes the developer interface from 

direct manipulation toward semantic specification. A 

designer may describe a character, a quest arc, or an 

environment at a high level and ask a model to produce 

multiple variants. This is powerful because iteration 

speed is often a major constraint in game development. 

A designer can compare several alternatives rather than 

investing hours in a single first draft. 

The research literature, however, indicates that GenAI is 

not an unconditional productivity gain. A qualitative 

research synthesis of studies from 2020-2025 identified 

multiple themes concerning how GenAI changes game 

production work [19]. Recent empirical work on LLM 

integration likewise reports increased variability and 

personalization alongside challenges in correctness, 

difficulty calibration, and structural coherence [20]. 

These findings suggest that development practice is 

likely to shift toward supervision, evaluation, and 

curation. 

https://ijsrem.com/
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A. LLM Agent Architecture 

A robust LLM-driven game agent can be divided into 

six components: perception, structured world state, 

memory, reasoning, tool use, and validation. Perception 

converts raw game events into a compact representation. 

The world-state layer stores authoritative facts such as 

location, inventory, quest status, and relationships. 

Memory retains selected past interactions. The LLM 

reasons over that context and decides whether to speak 

or request an action. Tool interfaces expose only 

approved operations. Finally, a validator checks 

generated outputs before the game executes them. 

This separation matters because language generation is 

probabilistic and may contain factual or structural 

errors. For example, an NPC could claim that a quest 

item exists when the item has already been consumed. 

The correct solution is not to ask the model to be perfect 

but to make the game engine authoritative. The model 

should retrieve facts from structured state and issue 

validated tool calls. This architecture also makes testing 

easier because each component can be evaluated 

independently. 

B. Memory and Persistence 

Persistent memory is important when players expect 

relationships and consequences to remain stable. A 

memory subsystem can store summaries, events, 

preferences, and world facts. Retrieval should be 

selective because a model cannot process unlimited 

history efficiently. Memory should also have lifecycle 

policies: stale facts should expire, contradictory 

information should be resolved using authoritative state, 

and sensitive information should be minimized. 

C. Multimodal Development 

A natural next step is multimodal co-creation. A 

designer might supply a written concept, a rough sketch, 

and gameplay constraints, then request a level 

prototype, dialogue set, and environment audio concept. 

The research direction identified by Dablander 

emphasizes LLMs, neural cellular automata, self-

supervised representations, surrogate models, and 

generative interactive worlds as promising frontiers 

[21]. These systems could eventually share a common 

semantic representation of the game world so that 

generated outputs remain mutually consistent. 

IX. COMPARATIVE ANALYSIS OF AI TECHNIQUES 

No single AI technique is optimal for all game-

development tasks. The appropriate choice depends on 

control requirements, available data, runtime budget, 

and the desired level of variability. Classical systems are 

often strongest when the behavior must be predictable 

and easy to debug. Learning systems become more 

useful as the problem becomes difficult to specify with 

rules or when the environment is highly variable. 

Generative models are most valuable when the output 

space is creative and examples or semantic descriptions 

are available. 

Technique Control Data / runtime 

cost Best use cases 

FSM / Behavior 

Tree Very high Low / Low Core NPCs, 

quests 

Planning / MCTS High Low-Med. / 

Med.-High Strategy, tactics 

Reinforcement 

Learning Medium High / Medium-

High 
Navigation, 

combat 

PCG / Search High Low-Med. / 

Variable 
Levels, maps, 

balance 

PCGML Medium High / Medium Style-consistent 

levels/content 

LLM 
Low-Med. 

without 

guardrails 
High/Pretrained / 

Med.-High Dialogue, quests 

Multimodal 

GenAI Low-Med. High/Pretrained / 

High 
Assets, 

prototyping 

Hybrid AI High when 

constrained Mixed / Variable Production 

systems 

The comparison suggests that hybrid architectures are 

particularly suitable for commercial production. A 

deterministic shell can enforce design and safety rules 

while learned subsystems handle tasks where variability 

is beneficial. For example, a combat NPC can use a 

behavior tree for intent and safety constraints, an RL 

policy for low-level movement, and a player model to 

adjust parameters. The design goal is not to maximize 

the amount of AI but to allocate AI where it produces 

measurable value. 

X. EVALUATION FRAMEWORK FOR AI-BASED 

GAME SYSTEMS 

A recurring weakness in game-AI research is the use of 

narrow technical metrics. A navigation agent can be 

evaluated by success rate, but a commercial navigation 

system must also be responsive, believable, collision-

safe, and compatible with level design. Similarly, a 

dialogue system can be evaluated by linguistic quality, 

yet players also care about factual consistency, character 

identity, pacing, and agency. Evaluation should 

therefore be multi-dimensional. 
Dimension Example measures Why it matters 

Functional correctness Success, failure rate, 

constraint violations 
Ensures mechanics 

remain valid 

Behavior quality Diversity, believability, 

consistency 
Supports immersion and 

design goals 

Player experience Enjoyment, flow, 

frustration, agency 
Connects AI behavior to 

user value 

Balance Win-rate gap, difficulty 

variance 
Prevents unfair or trivial 

gameplay 

Performance Latency, memory, 

CPU/GPU usage 
Meets real-time 

constraints 

Robustness Behavior under unseen 

states Reduces brittle failures 

Safety Unsafe outputs, exploit 

rate, privacy events Protects players and IP 

Development effort Time saved, rework, 

review load 
Measures production 

value 

A practical evaluation protocol should combine offline 

tests, simulation, human review, and live telemetry. 

Offline tests are useful for deterministic regression and 

model comparison. Simulation can run large numbers of 

scenarios cheaply. Human review remains essential for 

subjective properties such as style and believability. 

Live telemetry can reveal failures that were not 

represented in the test set, but privacy and consent 

requirements must be respected. 

https://ijsrem.com/
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For generative systems, evaluation should also include 

provenance and traceability. Teams need to know which 

model version generated an asset, which prompt or 

conditioning context was used, and which human 

reviewer approved it. This information becomes 

increasingly important when generated content enters a 

production build and later needs to be revised or 

removed. 

XI. ENGINEERING CHALLENGES 

A. Latency and Cost 

Game engines operate under tight frame-time budgets, 

while large models can be expensive to execute. A 

design that sends every NPC conversation through a 

remote model may introduce network latency and 

unpredictable operating cost. Practical systems can 

reduce this burden through batching, caching, smaller 

local models, retrieval, event-driven calls, and 

hierarchical controllers in which only selected 

interactions use expensive generation. 

B. Reliability and Hallucination 

A generative model can produce confident but incorrect 

statements. In a game, such errors may be harmless 

jokes, but they can also break quests or reveal hidden 

information. The safest approach is to separate 

generated language from authoritative game state. The 

model can verbalize facts retrieved from the engine, but 

it should not invent those facts. Structured tool calls and 

validation layers are therefore essential for high-impact 

actions. 

C. Dataset Quality and Bias 

Learning systems depend on training data. PCGML 

models can reproduce undesirable patterns if the source 

corpus is narrow or unbalanced. Player models can 

misclassify users when training data underrepresents 

certain play styles, accessibility configurations, or 

hardware conditions. Developers should evaluate the 

distribution of training and deployment data and inspect 

whether model behavior changes systematically across 

user groups or contexts. 

D. Reproducibility 

Traditional procedural generators are often deterministic 

given a seed. Learned and generative systems can be 

more difficult to reproduce because model versions, 

prompts, sampling parameters, external APIs, and 

retrieval contexts may change. Production pipelines 

should record the model version, configuration, random 

seeds, input context, and generated artifacts. 

Reproducibility is important for debugging and for 

maintaining a stable release. 

E. Integration With Game Engines 

AI systems should expose clean interfaces to the engine 

rather than being tightly coupled to gameplay scripts. A 

service boundary can separate inference from rendering 

and simulation. However, this boundary introduces 

synchronization concerns. The game must know which 

decisions are authoritative, how stale an AI result can 

be, and what happens if inference fails. Fallback 

behavior should be explicit and tested. For NPCs, a 

common pattern is to return to a safe local controller if a 

model is unavailable. 

XII. ETHICAL, LEGAL, AND ECONOMIC 

CONSIDERATIONS 

AI in games raises questions that go beyond technical 

performance. Player modeling can depend on behavioral 

telemetry, which creates privacy concerns if data are 

collected or retained without clear justification. 

Adaptive systems can also become manipulative if they 

optimize engagement at the expense of player well-

being. A responsible design should define which signals 

are collected, minimize storage, provide appropriate 

controls, and avoid using highly sensitive inferences 

without a compelling reason. 

Generative AI also creates issues around ownership, 

provenance, and labor. A studio may use models to 

accelerate concepting, writing, or asset production, but 

the legal status of training data and generated outputs 

can vary by jurisdiction and contract. From a production 

perspective, replacing repetitive work with AI may shift 

rather than eliminate labor. Artists and designers may 

spend more time selecting, editing, checking, and 

integrating outputs. Ternar et al. and recent game-

development studies highlight this broader 

transformation of production practices [19]. 

Economic analysis should include total system cost 

rather than model price alone. A generative tool may 

reduce authoring time but increase review time, asset 

management, runtime inference cost, or quality-

assurance burden. The correct comparison is therefore 

between end-to-end production effort with and without 

AI. Small teams may benefit most when AI reduces the 

fixed cost of iteration without creating major 

infrastructure overhead. 

XIII. FUTURE RESEARCH DIRECTIONS 

A. Reliable Hybrid Intelligence 

The strongest future direction is likely to be hybrid 

systems that combine symbolic constraints, learned 

models, and generative components. The symbolic layer 

can define what is allowed; the learned layer can 

optimize behavior within the allowed region; and the 

generative layer can produce expressive content. This 

division aligns well with the practical needs of games: 

creative variation is valuable, but the world must still 

obey rules. 

B. Persistent World Models 

Future games may maintain world models that capture 

entities, relationships, history, and causality. LLMs can 

provide natural-language reasoning, but they need 

structured world representations to remain consistent. 

Research should investigate compact world graphs, 

event memories, conflict resolution, and efficient 

retrieval across long play sessions. The goal is a game 
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world that changes persistently without losing narrative 

or mechanical coherence. 

C. On-Device and Edge AI 

Local inference can reduce latency, cloud dependence, 

and some privacy risks. Smaller models, quantization, 

distillation, and specialized accelerators may make 

conversational and adaptive AI available on consumer 

hardware. Research should compare local and remote 

architectures using end-to-end measures such as latency, 

cost, model quality, and energy consumption. 

D. AI for AI Testing 

As AI-generated content becomes more common, 

testing must become more generative as well. A future 

QA system could create adversarial scenarios designed 

to break NPC logic, identify impossible quests, search 

for economy exploits, and test dialogue consistency. 

This creates a meta-loop in which AI generation and AI 

validation continuously challenge each other. 

E. Semantic Game Design Interfaces 

Natural-language and multimodal interfaces may 

become a standard way of expressing design intent. 

Instead of editing dozens of low-level parameters, 

designers could specify constraints such as “increase 

exploration rewards for new players without making 

veteran players feel slowed down.” The research 

challenge is to translate such high-level goals into 

measurable parameters while making the resulting 

decisions inspectable and reversible. 

F. Evaluation of Player Agency 

Adaptive AI can improve relevance but may also reduce 

perceived agency if players feel that the system is 

secretly controlling their experience. Future research 

should study when personalization feels supportive 

versus manipulative. Useful metrics may include 

perceived autonomy, predictability of adaptation, trust, 

and player understanding of system behavior. 

XIV. PROPOSED RESEARCH FRAMEWORK 

Based on the reviewed literature, this paper proposes a 

five-layer framework for future empirical studies of AI-

driven game development. Layer 1 defines the design 

objective and constraints. Layer 2 selects the AI 

technique and training data. Layer 3 integrates the 

model with authoritative game-state interfaces. Layer 4 

evaluates functionality, experience, performance, and 

safety. Layer 5 records human review and production 

effort. This structure can be used both for academic 

experiments and for studio prototyping. 

A useful experimental study should compare at least 

two implementation strategies, such as rule-based versus 

hybrid NPCs, traditional PCG versus PCGML, or static 

dialogue versus LLM-assisted dialogue. The evaluation 

should include technical metrics and player-centered 

measures. A/B testing alone may not reveal the cause of 

differences, so studies should also log model decisions, 

state variables, and intervention events while preserving 

player privacy. 

Layer Core question Example 

artifact 
Suggested 

evidence 

1. Design 
What experience 

or mechanic is 

targeted? 
Design 

specification 
Goals + 

constraints 

2. Model Why this AI 

technique? Model / generator Validation + 

ablations 

3. Integration How is AI 

controlled? Engine interface Latency + failure 

handling 

4. Evaluation Does it improve 

the game? 
Test suite + user 

study 
Quality + UX 

measures 

5. Governance 
Can it be 

maintained 

safely? 
Versioning + 

review log 
Traceability + 

risk analysis 

 

XV. DISCUSSION 

The literature points to a consistent principle: AI is most 

valuable in games when it complements the strengths of 

human design. Designers are good at establishing goals, 

themes, constraints, pacing, and meaning. AI is good at 

exploring large spaces of possibilities, modeling 

repeated patterns, and generating variants at a scale that 

manual processes cannot match. The development 

challenge is therefore to build interfaces between these 

strengths. 

This principle also explains why deterministic 

techniques remain relevant in the era of GenAI. A game 

must still enforce collision rules, quest dependencies, 

economy constraints, and save-state integrity. An LLM 

can make a character more expressive, but it should not 

become the ultimate authority over game state. 

Similarly, a procedural generator can produce thousands 

of levels, but a constraint solver or playability test may 

be needed to select the usable subset. 

Another important observation is that player experience 

should be treated as a system-level outcome. Better 

language generation does not automatically mean a 

better game. A convincing NPC may slow pacing or 

reveal information too early. Higher content diversity 

may overwhelm players. A perfectly adaptive difficulty 

model may remove the satisfaction that comes from 

overcoming a difficult challenge. Research therefore 

needs to connect local AI quality with global design 

objectives. 

The rapid progress of generative AI makes this 

integration problem more urgent. Recent papers show 

that LLMs are already being studied as architectural 

components in games, and that developers are beginning 

to examine their impact on gameplay, playability, and 

player experience [15], [16], [20]. The next phase of 

research should move from demonstrations toward 

robust production methodologies. Reproducible 

benchmarks, standardized safety tests, transparent 

evaluation protocols, and hybrid architectures are likely 

to be more useful than isolated model-size comparisons. 
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XVI. CONCLUSION 

Artificial intelligence is becoming a foundational 

technology in video game development, but its role is 

broader than autonomous NPC control. AI can assist 

content generation, adaptive gameplay, player 

modeling, testing, optimization, narrative interaction, 

and creative iteration. The literature demonstrates strong 

technical progress across these areas, from classical 

planning and PCG to reinforcement learning, PCGML, 

and LLM-driven systems [1]-[3], [5], [15], [21]. 

The central conclusion of this review is that effective 

game AI should be designed as a controllable, 

evaluable, and maintainable subsystem. Hybrid 

architectures offer a practical balance between 

predictability and adaptability. Procedural and 

generative methods can increase variation and reduce 

authoring effort, but they require stronger validation. 

Player models can personalize gameplay, but they must 

represent uncertainty and respect privacy. LLMs can 

support more open-ended interaction, but authoritative 

game state, tool restrictions, memory management, and 

fallback behavior remain essential. 

Future game development is likely to become 

increasingly semantic and AI-assisted, with designers 

expressing intent and constraints while AI systems 

explore implementation space. The success of this 

transition will depend less on whether AI can generate 

content and more on whether generated behavior 

remains coherent, fair, performant, safe, and aligned 

with the intended player experience. Research that 

integrates technical capability with human-centered 

evaluation will be best positioned to guide the next 

generation of AI-enabled games. 

XV. TECHNICAL FOUNDATIONS OF GAME AI 

SYSTEMS 

A. State, Action, and Observation Spaces 

Most game-AI problems can be expressed using a state 

representation, a set of possible actions, and a 

mechanism for observing outcomes. In a deterministic 

controller, the state may be represented by a finite set of 

flags and numerical variables. In learning systems, the 

state can be a vector, sequence, graph, image, or 

multimodal representation. The choice of representation 

strongly influences what an AI system can learn or 

reason about. A compact state representation improves 

efficiency but may omit information needed for robust 

decisions. A raw representation preserves more 

information but increases computational cost and 

learning difficulty. 

For NPC control, the observation available to an agent 

can include position, velocity, nearby entities, line of 

sight, health, equipment, current objective, and recent 

events. The action space can include movement 

commands, attacks, item use, communication, and 

navigation requests. If the game contains dozens of 

abilities, the action space may become extremely large. 

Hierarchical control can reduce this complexity by 

selecting an intention first and a low-level action 

second. This mirrors the practical organization of 

behavior trees and also fits reinforcement-learning 

systems that use options or hierarchical policies. 

For content generation, the representation problem is 

different. A level can be modeled as a grid, graph, tile 

sequence, room graph, 3-D scene, or semantic 

description. Learned generators are sensitive to the 

representation because the model learns dependencies in 

that space. A tile-based model may capture local 

structure well while missing high-level objectives. A 

graph representation may preserve connectivity but lose 

visual detail. Effective PCG systems therefore often use 

multiple representations or hierarchical generation. 

B. Utility and Multi-Objective Decision Making 

Game AI rarely optimizes one objective. An NPC may 

need to balance survival, mission progress, teamwork, 

visibility, and fairness. A utility-based controller can 

score actions with a weighted function U(a|s)=sum_i 

w_i f_i(s,a), where f_i represents a design feature and 

w_i specifies its importance. This formulation is simple 

but powerful because designers can modify weights and 

observe the effect. It also provides an interpretable 

bridge between human design intent and machine 

decision making. 

Learning systems can also be evaluated through multi-

objective reward functions. However, the weighting 

problem remains. If a reward for winning is too high 

relative to a reward for believable behavior, an agent 

may exploit repetitive or visually awkward strategies. 

Conversely, if aesthetic constraints dominate, the agent 

may become ineffective. Future research should explore 

methods for learning or tuning reward functions from 

designer preference rather than relying on ad hoc 

weights. 

C. Temporal Behavior 

Game decisions are temporal. An action that appears 

bad in isolation may be correct because it prepares a 

later move. This is one reason sequence models and 

reinforcement learning are useful. Temporal modeling 

can incorporate recent observations, enabling an NPC to 

recognize patterns such as “the player has tried the same 

route several times” or “this attack usually follows a 

particular animation.” A production system should still 

maintain guardrails that guarantee legal actions and 

prevent undesirable loops. 

XVI. REINFORCEMENT LEARNING FOR GAME 

DEVELOPMENT 

A. Training Objectives 

Reinforcement learning frames game interaction as a 

sequential optimization problem. Let s_t denote the 

game state at time t, a_t an action, r_t the reward, and 

gamma a discount factor. The return can be written as 

G_t = sum_{k=0}^{infinity} gamma^k r_{t+k}. The 

policy seeks actions that maximize expected return. In 

game development, this formalism is useful because 
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developers can define a reward that reflects a gameplay 

objective, such as reaching a target position, 

coordinating with teammates, or maintaining a desired 

challenge level. 

The difficulty is that game-design objectives are often 

only partly measurable. “Makes the player feel clever” 

is not a directly differentiable signal. A practical 

solution is reward decomposition. The training system 

can use measurable proxies for navigation, survival, 

completion, and action diversity, while player studies 

evaluate whether those proxies actually correlate with 

the intended experience. This separates the optimization 

problem from the validation problem. 

B. Curriculum and Environment Design 

RL performance depends strongly on the training 

environment. If an agent is exposed only to simple 

scenes, it may not generalize to production maps. 

Curriculum learning can start with simplified tasks and 

progressively increase complexity. Domain 

randomization can vary layouts, speeds, enemy 

placements, and other parameters to encourage robust 

policies. The game engine becomes a training simulator, 

and the quality of that simulator becomes a major 

determinant of the trained model. 

For game studios, simulation speed is a practical 

constraint. A training setup that requires real-time 

rendering may take too long to produce useful data. 

Many systems therefore separate gameplay logic from 

high-fidelity rendering during training. A lightweight 

simulator can execute thousands of episodes, while a 

smaller set of final tests is performed in the full engine. 

The challenge is maintaining enough similarity between 

the training environment and the shipping environment. 

C. Safe Exploration 

Exploration is central to RL but can be undesirable in a 

live production build. An agent that is rewarded for 

discovering an exploit may intentionally trigger it. 

Training should therefore occur in isolated 

environments with resettable state and instrumentation. 

Safety constraints can prevent actions known to corrupt 

state. Once a policy is trained, evaluation should include 

both normal and adversarial scenarios. 

D. From Benchmark Agents to Production Agents 

Research benchmarks often emphasize peak 

performance, while production agents must satisfy a 

broader contract. They need predictable latency, stable 

behavior across patches, compatibility with animation 

and navigation systems, and reproducible failure cases. 

A useful production gate is therefore not “does the agent 

win?” but “does it meet all gameplay, performance, and 

quality constraints simultaneously?” This distinction is 

central when translating academic RL results into 

games. 

XVII. PROCEDURAL CONTENT GENERATION IN 

DEPTH 

A. Constructive Generation 

Constructive generators create content through 

predefined rules, such as grammar systems, noise 

functions, room templates, or tile constraints. They are 

fast and controllable and can produce deterministic 

results from seeds. Their main limitation is that the 

variety is bounded by the expressiveness of the rules. 

Nonetheless, constructive methods remain a strong 

baseline for modern AI systems because they provide 

reliable fallback content and can enforce hard 

constraints. 

B. Search-Based Generation 

Search-based PCG treats content creation as an 

optimization problem. A candidate level is generated, 

evaluated using a fitness function, and modified to 

produce new candidates. Fitness can combine 

reachability, difficulty, aesthetic measures, or similarity 

to target examples. Evolutionary methods can explore 

large spaces, but evaluation must be fast because each 

candidate may require simulation. This creates a 

connection between PCG and automated game testing: a 

simulator can serve both as a validator and as a search 

evaluator. 

C. Machine-Learned Generation 

PCGML learns a distribution or transformation from 

existing content. A model can generate content directly, 

repair incomplete structures, or provide a learned 

representation for another generator. Summerville et al. 

note that PCGML can support generation, cocreation, 

compression, repair, critique, and analysis [3]. The 

approach is attractive when a studio has a well-curated 

corpus that captures its design style. 

However, imitation can reduce novelty. If a model 

simply reproduces the local statistics of existing levels, 

the generated output may feel predictable. The research 

problem is to control the tradeoff between similarity and 

novelty. One useful approach is conditional generation, 

in which a designer specifies a target difficulty, theme, 

player profile, or mechanic. Another is interactive 

generation, where designer preferences are incorporated 

into the search loop. 

D. Quality and Playability Filters 

Generated content should be filtered before it reaches a 

human reviewer. Structural checks can verify that 

required objects exist, collision spaces are legal, and 

progression graphs are connected. Simulation agents can 

estimate whether the level is completable and how 

difficult it is. Style classifiers or embedding models can 

measure similarity to approved content. Human review 

can then focus on the small set of outputs that pass 

automated gates. 
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XVIII. PLAYER MODELING: METHODS AND 

DESIGN IMPLICATIONS 

A. Behavioral Features 

Player models may use features such as actions per 

minute, movement paths, weapon choices, deaths, 

completion time, camera behavior, menu use, help 

requests, and quest ordering. Sequence-based models 

can learn patterns across time rather than relying on a 

single summary statistic. Data-driven reviews show that 

player modeling has been applied to actions, tactics, 

strategies, and player profiling [10], [11]. 

Feature selection should be tied to a clear design 

intervention. If the model is used only to choose a 

tutorial path, the required data can be modest. If it is 

used to infer long-term preferences, a broader history 

may be necessary. The principle of data minimization 

suggests collecting only what the adaptation requires. 

This also simplifies model maintenance and reduces 

privacy exposure. 

B. Calibration and Uncertainty 

Prediction accuracy alone is insufficient for player 

adaptation. A model should also express confidence. A 

highly uncertain skill estimate should lead to a 

conservative intervention. Calibration can be evaluated 

by comparing predicted confidence with empirical 

correctness. Overconfident models are particularly risky 

because they can make strong adaptations based on 

weak evidence. 

C. Personalization Without Breaking Design 

Personalization should operate inside a design envelope. 

A game might alter enemy density, optional rewards, or 

hints while keeping the central encounter structure 

fixed. This preserves authored identity while allowing 

the AI to tune experience. Recent work on player-

centered AI emphasizes the need to connect adaptation 

to concepts such as flow, immersion, and perceived 

agency [9], [22]. 

XIX. LLM-BASED GAME SYSTEMS: ENGINEERING 

PATTERNS 

A. Retrieval-Augmented NPCs 

An LLM can be grounded by retrieving structured or 

textual information before generation. For a game NPC, 

retrieval can return the current quest, known locations, 

relationship state, and relevant past events. The model is 

then asked to produce dialogue consistent with those 

facts. Retrieval reduces the burden on the model to 

remember every detail and helps keep the prompt 

focused. The retrieved context should still be checked 

because a stale document can be as harmful as a 

hallucinated statement. 

B. Tool-Calling and Structured Actions 

Game interactions become safer when the model 

produces structured actions. Instead of writing “I give 

you the legendary sword,” an NPC can emit an intent 

such as {action: give_item, item_id: sword_legendary}. 

The game engine checks whether the item exists, 

whether the NPC owns it, and whether the action is 

permitted. Only then is the state updated. The dialogue 

can be generated after the action succeeds. This 

establishes a clean boundary between language and 

authority. 

C. Memory Hierarchies 

Long-running game sessions require different kinds of 

memory. Short-term memory can hold the last few 

turns. Episodic memory can store important events such 

as promises or betrayals. Semantic memory can store 

stable facts about the world. Engine state remains the 

authoritative source for mechanical facts. Separating 

these layers prevents a conversational summary from 

overwriting an objective fact. 

D. Dialogue Quality and Coherence 

LLM dialogue should be evaluated on more than 

fluency. Important metrics include factual consistency, 

character consistency, relevance, repetition, emotional 

appropriateness, latency, and cost. A dialogue can be 

linguistically excellent and still be poor game design if 

it repeats information, reveals spoilers, or advances the 

plot too quickly. Recent studies indicate that the effects 

of LLM integration extend across gameplay, playability, 

and player experience rather than language quality alone 

[20]. 

XX. AI-ASSISTED ASSET AND ANIMATION 

WORKFLOWS 

Generative AI can support concept art, textures, sound 

ideas, character descriptions, animation prototypes, and 

localization drafts. The largest production benefit may 

occur before final asset creation, when teams are 

exploring alternatives. In a concepting phase, low-cost 

generation can create many possibilities that would 

otherwise require manual sketching. Approved 

directions can then be refined using traditional tools or 

specialized production systems. 

A game asset pipeline has strict technical requirements 

that generic generation does not guarantee. Textures 

must meet resolution and compression budgets. Meshes 

must be optimized and have suitable topology. 

Animations must match rig structures and gameplay 

requirements. Audio must fit engine formats and 

loudness targets. Generated content therefore enters a 

verification pipeline rather than bypassing it. The useful 

unit of automation is the complete process from idea to 

approved asset, not the generation step alone. 

Multimodal models may reduce the friction between 

disciplines. A semantic representation of a scene could 

help align art, narrative, and level design. For example, 

the concept “abandoned industrial district after a storm” 

could provide common guidance for environmental 

props, weather effects, quest context, and ambient 

sound. The challenge is cross-modal consistency. A 

generated visual should imply the same spatial and 
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narrative properties that the level and dialogue systems 

expect. 

XXI. AI-BASED GAME TESTING AND VALIDATION 

A. State-Space Exploration 

Games have enormous state spaces because small 

differences in order, timing, or player behavior can 

produce different outcomes. AI testing can search this 

space more systematically than a fixed collection of 

scripts. Test agents can target specific goals, execute 

repeated sequences, or explore rare branches. Search 

can be prioritized around areas with high defect risk, 

recent code changes, or complex dependencies. 

B. Test Oracles 

A major challenge in game testing is the oracle problem: 

after a test sequence is executed, how does the system 

know whether the result is wrong? Some properties are 

easy to check, such as crashes, invalid memory states, or 

unreachable required objectives. Others require richer 

models. A dialogue response may be grammatically 

correct but narratively inconsistent. A combat encounter 

may technically function but be frustrating. Effective AI 

testing therefore needs multiple oracle types, including 

hard constraints, statistical expectations, and learned 

evaluators. 

C. Regression and Patch Validation 

Live games change frequently. A content update can 

alter NPC behavior, navigation, quests, or economy 

parameters. AI-generated regression suites can replay 

representative paths and search for new failures after 

each patch. The same system can compare telemetry 

distributions before and after the update. This is 

particularly valuable for AI-driven games because 

model or prompt changes can silently modify behavior 

even when the surrounding code is unchanged. 

D. Adversarial Testing 

Players naturally search for exploits, and an AI testing 

system can be explicitly trained to do the same. The test 

agent can maximize currency, attempt repeated item 

transfers, search for unreachable safe zones, or 

deliberately break quest order. Such agents turn 

unknown exploits into measurable test scenarios. Their 

behavior should be sandboxed and their findings 

clustered so that developers can address root causes 

rather than individual traces. 

XXII. END-TO-END AI GAME DEVELOPMENT 

LIFECYCLE 

A complete AI-enabled workflow can be described as 

requirements, prototype, training or generation, 

validation, integration, player evaluation, deployment, 

monitoring, and update. Each stage has a different AI 

role. During requirements, AI can help explore 

mechanics and identify design alternatives. During 

prototyping, it can generate code scaffolding, 

placeholder assets, or content variants. During training, 

it can learn NPC policies or player models. During 

validation, AI agents can test the system. During 

deployment, telemetry can detect drift or unusual 

behavior. During updates, new data can be incorporated 

after appropriate review. 

The most important lifecycle property is feedback. 

Generated content should produce evaluation data; 

evaluation data should inform the next generation; and 

human decisions should refine constraints. This creates 

a controlled loop instead of a one-way pipeline. The 

loop also makes it easier to isolate responsibility. If a 

content generator creates invalid maps, the issue can be 

traced to generation or validation. If a valid map 

produces poor player experience, the issue may lie in 

the reward function, difficulty model, or design 

assumptions. 

Lifecycle stage AI contribution Required control 

Concept Ideation, references, 

mechanic variants Human direction 

Prototype Code/asset/content drafts Sandboxed generation 
Modeling NPC/player models Curated data + validation 
Generation Levels, quests, dialogue Hard constraints 
Testing Exploration + regression Coverage + oracles 
Evaluation Telemetry + user studies Privacy + analysis plan 

Release Runtime 

inference/adaptation Fallbacks + monitoring 

Update Retraining and new 

content Versioning + regression 

XXIII. PRACTICAL RESEARCH AGENDA FOR 2026–

2030 

The next several years are likely to be important for 

moving game AI from demonstrations to robust 

production systems. A first priority is integrated 

evaluation. Research should compare systems not only 

by model quality but by end-to-end game outcomes, 

including development time, defect rate, player 

experience, performance, and maintenance cost. Shared 

benchmarks that combine these dimensions would make 

claims easier to compare. 

A second priority is persistent generative worlds. 

Current systems can generate local content, but keeping 

characters, quests, geography, economies, and narratives 

coherent over long sessions remains difficult. A 

persistent world model may require graph-based state, 

event sourcing, memory management, and hybrid 

simulation. This is an open research area connecting AI 

agents, databases, game engines, and HCI. 

A third priority is efficient inference. The most capable 

models are not always the best production choice. Small 

specialized models can be cheaper and faster, while a 

large model can be reserved for exceptional tasks. 

Research should study how to route requests 

dynamically, choosing the smallest model that can 

safely solve a particular problem. This can reduce 

latency and operating cost while retaining quality where 

it matters. 

A fourth priority is human-centered evaluation of AI 

agency. Players may enjoy characters that behave 

unpredictably, but unpredictability must remain 

meaningful. A game can feel alive when NPCs make 

https://ijsrem.com/


           
           International Journal of Scientific Research in Engineering and Management (IJSREM) 

                       Volume: 10 Issue: 09 | Sep - 2026                            SJIF Rating: 8.659                                       ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM67282                                   |        Page 13 
 

unexpected but plausible decisions. It feels broken when 

the same unpredictability violates core rules. The 

boundary between desirable emergence and 

unacceptable inconsistency deserves systematic study. 

XXIV. SYNTHESIS OF THE LITERATURE 

Across the reviewed literature, several patterns repeat. 

First, games provide a structured environment in which 

AI can be both evaluated and integrated into a 

meaningful interactive system. Second, the development 

value of AI depends on constraints and interfaces as 

much as model capability. Third, player experience 

cannot be treated as a downstream consequence of 

technical performance; it must be an explicit evaluation 

dimension. Fourth, generative AI increases the 

importance of validation because output volume can 

grow faster than human review capacity. 

The literature also shows a shift in the role of the 

developer. Earlier AI systems asked developers to 

define states, rules, and heuristics. Machine learning 

asked them to define data and objectives. Generative 

systems increasingly ask them to define intent, 

examples, constraints, and evaluation criteria. This does 

not eliminate technical expertise. Instead, it changes 

where expertise is applied: model integration, data 

design, evaluation, system architecture, and governance 

become more important. 

Finally, the most promising path is not replacing 

deterministic game logic with AI but composing them. 

A game can combine a rules engine, a behavior tree, an 

RL policy, a player model, a procedural generator, and 

an LLM. Each subsystem can do the task for which it is 

best suited. The architecture should make the 

boundaries explicit, because clear boundaries improve 

testing, reliability, and the ability to evolve the system 

over time. 

XV. CASE STUDIES AND APPLICATION SCENARIOS 

A. Adaptive Combat NPCs 

Consider an action game in which enemies must remain 

challenging while appearing believable. A purely rule-

based controller can encode patrol, investigate, attack, 

retreat, and regroup behaviors. The limitation is that 

designers must anticipate combinations of player tactics 

and environmental conditions. A hybrid system can 

retain those high-level states while using a learned 

tactical policy for movement, target selection, and 

timing. The player model can provide a difficulty signal 

that changes parameters such as reaction window, 

accuracy, coordination, or willingness to use special 

abilities rather than directly changing the rules of the 

game. 

The key design lesson is that adaptation should occur at 

parameters that preserve the identity of the game. If an 

enemy suddenly becomes artificially accurate because 

the system detects a weak player, the adaptation may 

feel unfair. A better system can adjust encounter 

composition, cover distribution, reinforcement timing, 

or optional support. The player model therefore operates 

through a constrained action space defined by the 

designer. This is an example of a general principle for 

AI-driven games: the model should recommend or 

select among design-approved interventions rather than 

modify every game variable. 

B. Procedurally Generated Roguelike Content 

Roguelike and roguelite games demonstrate the value of 

procedural generation because replayability depends on 

meaningful variation. A simple random generator can 

increase variety but may create dead ends, repetitive 

patterns, or unfair sequences. PCGML can learn 

structural patterns from curated levels, while search-

based evaluation can test reachability, challenge, and 

pacing. The generation loop can therefore be expressed 

as generate, validate, simulate, score, and retain. 

A production-ready roguelike generator should maintain 

explicit constraints for starting accessibility, resource 

availability, enemy distribution, progression gates, and 

end-state reachability. Learned models should 

complement these constraints rather than replace them. 

Designers can then adjust the relative importance of 

novelty, similarity to the training corpus, difficulty, and 

style. This creates a controllable creative space rather 

than an opaque generator. 

C. Conversational Story NPCs 

LLM-driven NPCs are particularly attractive in 

narrative games because dialogue trees are costly to 

author and difficult to expand. An LLM can produce 

context-sensitive responses from structured character 

and world information. However, the narrative game 

must distinguish between improvisational dialogue and 

canonical plot events. A generated line can be flexible, 

while mission completion, betrayal, death, or item 

ownership should remain controlled by the game state. 

One practical architecture is to give each NPC a 

character sheet, current goals, relationship state, recent 

memory, and a limited set of permitted actions. The 

model outputs a response plus optional structured intent. 

A validator checks the intent against the world state. 

The game engine then updates state, and the system logs 

the interaction for later debugging. This approach 

balances expressive language with deterministic 

mechanics and can be evaluated with both conversation 

quality and state-consistency metrics. 

D. AI-Assisted Level Prototyping 

During pre-production, the cost of exploring alternatives 

can dominate. A level designer may want to test 

different room layouts, traversal rhythms, or encounter 

placements before art production begins. An AI-assisted 

tool can generate greybox alternatives from a textual or 

graph-based specification. The designer can rank 

outputs, annotate preferences, and request another batch. 

Over several iterations, the system can learn what the 

designer accepts and reject patterns that repeatedly fail. 
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This scenario illustrates mixed-initiative design. The 

human does not simply accept or reject a finished 

answer. Instead, the AI proposes options, the human 

provides preference information, and the system uses 

that feedback to narrow the search. Research on 

procedural generation has long emphasized this 

interactive role for PCG [2]-[4], while recent generative 

AI work expands the interface from parameter editing to 

semantic prompting [17], [19]. 

E. Automated Quest Testing 

Quests can fail in ways that are difficult to cover 

manually. A quest graph may contain hidden 

dependencies, contradictory objectives, unreachable 

locations, or reward-state errors. AI test agents can be 

assigned goals such as “attempt to complete this quest 

using the shortest legal route,” “try to abandon and 

resume the quest repeatedly,” or “search for a state in 

which the objective marker is inconsistent with the 

world state.” The test harness records the sequence and 

clusters failures by root cause. 

The strongest testing systems should not merely 

maximize the number of actions. They should maximize 

useful coverage. Useful coverage may be defined in 

terms of quest states, inventory transitions, dialogue 

branches, mission dependencies, or known risk areas. 

This shifts automated game testing from random 

exploration toward coverage-driven search. 

XVI. IMPLEMENTATION GUIDELINES FOR GAME 

STUDIOS 

A. Start With a Narrow AI Objective 

A common implementation mistake is to introduce a 

large model before defining the specific gameplay or 

production problem. A better process begins with a 

measurable objective such as reducing level-authoring 

time, increasing NPC behavior diversity, improving test 

coverage, or reducing repetitive dialogue authoring. The 

baseline should be documented before the AI is 

introduced. Otherwise, teams may mistake novelty for 

improvement. 

B. Establish an Authoritative Source of Truth 

Game state should remain authoritative in the engine or 

a structured simulation layer. AI components should 

consume state through explicit interfaces and return 

bounded decisions. For example, an LLM can request 

“give_player(item_17)” only if that action is an 

approved tool and the engine confirms that item_17 

exists and can legally be granted. This pattern prevents 

generated text from becoming an implicit database. 

C. Build Fallbacks Before Optimization 

Every runtime AI system should define a safe fallback. 

A navigation model can revert to a deterministic 

pathfinder. A dialogue model can fall back to authored 

lines. A recommendation model can use a default 

sequence. A content generator can return a known-good 

seed level. Building fallbacks first improves reliability 

and allows later optimization without turning model 

availability into a hard dependency. 

D. Version Models as Production Dependencies 

Model versions should be treated similarly to engine 

versions or external libraries. A change in model 

weights, tokenizer, prompt template, retrieval index, or 

inference settings can alter behavior. Teams should 

record the version used to generate assets and test 

results. For LLM systems, prompts and tool schemas 

should be versioned as code. This is especially 

important when a bug appears in a shipped build and the 

team must reproduce the exact generation conditions. 

E. Use Layered Validation 

A layered validator can be organized as a sequence of 

checks. Syntax validation verifies structured output. 

Rule validation checks game-specific constraints. 

Simulation validation tests whether the output produces 

legal and playable behavior. Human review checks 

quality and design intent. For generative assets, 

additional checks can include file integrity, memory 

budget, visual consistency, animation compatibility, and 

content-policy review. This layered approach is slower 

than accepting raw output, but it turns probabilistic 

generation into a manageable production process. 

F. Keep the Human in the Right Loop 

Human review should be concentrated where judgment 

is expensive for machines and valuable for the product. 

A designer does not need to inspect every autogenerated 

texture if automated tests can reject invalid files, but the 

designer may need to review the top candidate 

environments for style and pacing. This suggests an 

active-learning pattern in which the AI handles 

repetitive filtering and the human resolves ambiguous or 

high-impact cases. 

XVII. RESEARCH GAP ANALYSIS 

Research gap Current 

tendency 
Why it remains 

difficult 
Priority 

direction 

Cross-system 

coherence 
Separate models 

for text, NPCs, 

levels 
Outputs can 

conflict 
Shared world 

representation 

Player-centered 

evaluation 
Technical metrics 

dominate 
Experience is 

multi-

dimensional 
Standardized UX 

protocols 

Runtime 

efficiency 
Large cloud 

models for 

prototypes 
Latency/cost can 

block deployment 
Small local 

models + caching 

Safety testing Manual policy 

review 
Generative state 

space is large 
Automated 

adversarial QA 

Reproducibility Changing 

prompts/models 
Behavior can 

drift 
Versioned model 

artifacts 

Designer control Prompt-centric 

interfaces 
Intent is 

ambiguous 
Constraint-aware 

design tools 

Long-horizon 

memory 
Short interaction 

windows 
World state 

changes over 

time 

Structured 

persistent 

memory 

Industry datasets Private and 

fragmented data 
Benchmarking is 

weak 
Privacy-

preserving shared 

benchmarks 

The literature is comparatively mature for individual 

techniques but less mature for integrated production 

systems. PCG has decades of work on representations, 

search, evaluation, and design interaction. Player 

modeling has established taxonomies and data-driven 
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methods. Reinforcement learning has demonstrated 

sophisticated control in complex games. LLM-based 

systems are more recent and therefore show a higher 

concentration of prototype-oriented research. The 

remaining challenge is integration: how should these 

systems share state, metrics, constraints, and 

responsibility? 

A second gap concerns longitudinal evaluation. Many 

studies assess a short interaction or a fixed benchmark, 

while commercial games run for dozens or hundreds of 

hours and change through updates. An adaptive system 

may behave well initially but drift as players learn its 

patterns. A generative narrative may remain coherent 

for ten turns but diverge after a long session. Persistent 

evaluation is therefore needed to understand long-

horizon effects. 

A third gap concerns human workflow. Productivity 

claims often use time saved on individual tasks, but the 

total development cycle includes review, integration, 

revision, testing, and maintenance. A tool that generates 

ten times more content but doubles review work may 

not improve production. Future studies should report 

end-to-end development effort, including rework and 

defect remediation, rather than generation speed alone. 

XVIII. PROPOSED METRIC SUITE 

To make future studies comparable, this paper proposes 

a practical metric suite that can be adapted by game 

genre. The suite distinguishes objective system 

measures from subjective player measures. For NPCs, 

objective metrics can include task success, decision 

latency, rule violations, and action diversity. Subjective 

measures can include believability, fairness, perceived 

intelligence, and enjoyment. For procedural generation, 

objective metrics can include validity, reachability, 

content diversity, and novelty; subjective measures can 

include coherence, aesthetics, and fun. 

AI system Core metrics Secondary 

metrics 
Human 

assessment 

NPC agent 
Task success, 

latency, 

violations 
Diversity, 

adaptation 
Believability, 

fairness 

PCG 
Validity, 

reachability, 

novelty 
Style similarity, 

difficulty 
Quality, fun, 

coherence 

Player model Prediction 

accuracy Calibration, drift Perceived 

personalization 

LLM NPC State consistency Latency, token 

cost 
Dialogue quality, 

agency 

AI testing Coverage, bugs 

found 
False positives, 

replayability 
Debuggability, 

usefulness 

AI asset tools Acceptance rate Edit time, defects Aesthetic quality, 

controllability 

An important design choice is to report distributions, not 

only averages. For example, an NPC system that is 

excellent in most cases but occasionally violates quest 

constraints can have an acceptable mean score while 

remaining unsuitable for release. Percentiles, worst-case 

behavior, and failure severity should therefore be part of 

evaluation. This is particularly important for generative 

systems because rare failures can have outsized 

production cost. 

XIX. SECURITY, TRUST, AND FAILURE MODES 

A. Prompt and Tool Abuse 

LLM-driven NPCs and developer assistants can be 

exposed to untrusted text from players, mods, imported 

content, or online services. If that text is placed directly 

into a prompt with privileged instructions, a malicious 

input could influence tool behavior. Game systems 

should therefore separate untrusted player text from 

system instructions and restrict tools using explicit 

permissions. The safest tool interfaces expose only the 

minimum actions necessary for the NPC role. 

B. Economy and Exploit Risks 

Generative agents can discover behaviors that designers 

did not anticipate. In an economy-driven game, an agent 

might repeatedly request or trade an item in a way that 

creates currency. In a combat game, an adaptive 

opponent may accidentally reveal a strategy that breaks 

encounter balance. AI evaluation should therefore 

include adversarial testing in which agents are 

encouraged to search for profitable or dominant 

exploits. 

C. Social and Narrative Trust 

Players build expectations about consistency. If an NPC 

remembers one secret conversation forever but forgets a 

major event in another scene, the system can feel 

unreliable. Trust is therefore a core design property for 

AI characters. Memory rules should be explicit, and the 

system should distinguish between “character memory,” 

“world facts,” and “player-provided claims.” 

D. Fail-Soft Design 

Failure is inevitable in complex AI systems. A well-

designed game should degrade gracefully. If a model 

times out, an NPC can use a local response set. If 

content generation fails, the game can fall back to 

curated content. If player modeling becomes uncertain, 

adaptation can pause rather than making a strong 

intervention. Fail-soft behavior converts unpredictable 

model errors into bounded gameplay events. 

XX. DESIGN PATTERNS FOR RESPONSIBLE AI 

GAME SYSTEMS 

Pattern Implementation idea Benefit 

Authoritative state Engine owns facts and 

permissions 
Prevents hallucinated 

game state 

Constrained generation Generate within 

schemas/rules 
Improves validity and 

testing 

Hybrid controller Rules for high-level 

control; AI for variation 
Balances control and 

adaptability 

Fallback controller Deterministic backup 

path Improves availability 

Human approval gate Review high-impact 

outputs 
Protects quality and 

intent 

Versioned generation 
Store 

model/config/prompt 

metadata 
Improves reproducibility 

Uncertainty threshold Adapt only above 

confidence level 
Reduces harmful 

misclassification 

Adversarial QA Search for exploits and 

edge cases Improves robustness 

These patterns are compatible with both traditional and 

generative AI. Their value comes from system 

architecture rather than model choice. A small local 
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classifier with an authoritative state boundary can be 

more reliable than a larger model that is allowed to 

operate without constraints. Likewise, a traditional PCG 

algorithm can benefit from human approval and 

versioning even though it is not machine learned. 

XXI. IMPLICATIONS FOR DIFFERENT 

DEVELOPMENT TEAMS 

A. Indie Teams 

For small teams, AI can be most valuable where it 

reduces the cost of iteration without creating heavy 

infrastructure. Asset ideation, placeholder dialogue, 

level variants, code assistance, and automated smoke 

tests can shorten pre-production. The strongest approach 

is selective automation: apply AI to bottlenecks that are 

repetitive or expensive, keep core design decisions 

explicit, and use deterministic fallbacks. 

B. Mid-Sized Studios 

Mid-sized teams can gain more from reusable AI 

infrastructure. A centralized player-modeling service, 

asset generation pipeline, or automated test framework 

can serve multiple projects. The main challenge 

becomes governance. Teams need model registries, data 

policies, evaluation suites, and clear ownership for 

failures. 

C. AAA Studios 

Large studios can support complex multi-stage AI 

systems but must handle scale, legal review, 

performance budgets, localization, and large amounts of 

proprietary data. Internal models may provide better 

control over sensitive assets and IP, while hybrid cloud-

edge architectures can balance cost and latency. At this 

scale, AI is likely to become part of shared platform 

technology rather than an isolated feature. 

XXII. LIMITATIONS OF THIS REVIEW 

This paper is a structured literature review rather than a 

systematic meta-analysis with effect-size aggregation. 

The available literature spans surveys, conference 

papers, preprints, technical reports, and experimental 

studies with different evaluation protocols. Results from 

one game genre should not be assumed to generalize 

automatically to another. In particular, LLM-based 

game systems are an emerging area and the evidence 

base is younger than the literature on PCG, player 

modeling, and classical game AI. 

The rapid publication cycle in generative AI also means 

that model capabilities and production practices can 

change quickly. This review therefore emphasizes 

architectural principles that are likely to remain useful 

even as individual models are replaced. Future work 

should update the evidence base and test the proposed 

metric suite through controlled cross-genre experiments. 

 

 

XXIII. SUMMARY OF RESEARCH FINDINGS 

Finding Evidence direction Practical 

interpretation 
Classical AI remains 

useful 
Established production 

and research practice 
Use it for deterministic 

core mechanics 
Learning improves 

adaptability 
RL and player-modeling 

literature 
Use learning where rules 

are costly to specify 
PCG scales content 

creation PCG/PCGML literature Pair generation with 

validation 

GenAI increases creative 

iteration speed Recent GenAI studies 
Treat outputs as 

proposals requiring 

review 
LLM NPCs enable open-

ended interaction 
Minecraft and cross-

platform prototypes 
Keep state and tools 

authoritative 

Evaluation must be 

player-centered 
Adaptive AI/player-

modeling literature 
Measure experience 

alongside technical 

metrics 
Hybrid systems are 

practical Cross-theme synthesis Combine rules, models, 

and human oversight 

Taken together, these findings support a development 

philosophy in which AI expands the searchable design 

space while deterministic systems preserve product 

integrity. The most useful future research will not ask 

only whether a model is more capable. It will ask 

whether the complete game system becomes more 

expressive, reliable, maintainable, and enjoyable. 

XXV. EXPERIMENTAL DESIGN TEMPLATE FOR 

FUTURE STUDIES 

A strong empirical study of AI in games should begin 

with a clearly bounded research question. Examples 

include whether adaptive NPCs improve perceived 

challenge, whether PCGML reduces level-authoring 

effort without lowering quality, or whether LLM-driven 

dialogue increases perceived character agency. The 

research question should identify the population, game 

context, intervention, baseline, and measurable 

outcome. Without a clearly defined baseline, 

improvements may be attributed to AI even when they 

are caused by additional development attention. 

A controlled study can use a between-subject or within-

subject design depending on the target outcome. Player-

experience studies may compare two versions of the 

same game, while engineering studies may compare 

development workflows. For within-subject 

experiments, order effects should be considered. For 

between-subject experiments, participant skill and prior 

familiarity should be balanced. The choice of design 

should follow the question rather than convenience. 

The instrumentation layer should capture enough 

information to reproduce or explain decisions. Useful 

logs include timestamped state summaries, AI model 

identifier, action or output category, latency, confidence 

when available, validation outcomes, and player 

response. Raw personal information should not be 

collected unless it is necessary for the research 

objective. Researchers should define retention and 

anonymization procedures before collecting data. 

Qualitative evidence can complement quantitative 

metrics. Interviews and open-ended comments may 

reveal that players prefer a less accurate NPC because it 

feels fairer, or that a generated environment feels 

repetitive despite high statistical diversity. Mixed-
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methods designs are therefore appropriate when the 

research question concerns both system behavior and 

human interpretation. 

XXVI. EXAMPLE EVALUATION SCENARIOS 

A. NPC Adaptation Study 

One study can compare a static rule-based enemy with a 

hybrid enemy that adapts selected parameters to an 

estimated player skill. The primary outcomes could 

include completion rate, number of retries, perceived 

fairness, and perceived intelligence. Secondary 

measures could include the number of adaptation events 

and their magnitude. A pre-registered hypothesis might 

predict that moderate adaptation improves perceived 

challenge without increasing frustration. The evaluation 

should include a non-adaptive control and record the 

adaptation boundaries used by the AI. 

B. PCG Study 

For procedural generation, researchers can create three 

content conditions: handcrafted levels, deterministic 

PCG levels, and AI-assisted levels. Participants can play 

matched content while researchers measure completion, 

time, and subjective quality. To avoid confounding, 

visual polish and mechanic availability should be held 

constant as much as possible. The generator can be 

evaluated separately using structural metrics, which 

allows researchers to distinguish “the level was invalid” 

from “the level was valid but unpopular.” 

C. LLM Dialogue Study 

For conversational NPCs, a study can compare authored 

dialogue trees with LLM-generated responses 

constrained by structured game state. Participants can 

rate character consistency, relevance, agency, and 

enjoyment. Objective metrics can measure quest-state 

violations, unsupported factual claims, response latency, 

and token or compute cost. The study should also record 

how frequently a fallback response is used, because a 

system that looks good in isolated conversations may 

rely heavily on scripted content in practice. 

XXVII. COST-BENEFIT ANALYSIS OF AI ADOPTION 

The business case for AI in game development should 

be based on total lifecycle cost. A simple framework 

can compare baseline production effort C_base with AI-

assisted effort C_ai. The difference includes generation 

time, integration, review, infrastructure, model 

inference, rework, and defects discovered after release. 

A useful benefit estimate can be expressed as B = 

C_base - C_ai, but this value is meaningful only when 

the quality level is held constant or explicitly included 

in the comparison. 

There are also opportunity costs. AI may allow a studio 

to explore more design alternatives, which can improve 

the final product even when direct hours saved are 

small. Conversely, an AI system may encourage teams 

to generate more content than the game needs, 

increasing management and QA burden. The economic 

analysis should therefore include both savings and 

additional work created by the system. 

Cost/Benefit 

item 
Traditional 

workflow 
AI-assisted 

workflow 
Measurement 

idea 

Initial authoring Human-only 

creation 
Human + model 

proposals Authoring hours 

Review Direct review 
Model output 

filtering + human 

review 
Review 

minutes/output 

Infrastructure Engine/tooling Engine + 

inference stack 
Compute/API 

spend 

Rework Manual iteration Prompt/model 

iteration + editing Rework hours 

Defects Manual discovery Automated + 

manual QA 
Defect 

rate/severity 
Creative 

exploration Limited by time More variants Accepted 

alternatives 

Maintenance Stable authored 

content 
Model/prompt/ve

rsion upkeep 
Maintenance 

hours 

XXVIII. RECOMMENDED DEVELOPMENT 

CHECKLIST 

Before integrating an AI component into a game, the 

team should document the objective, baseline, data 

sources, authorized inputs, authorized outputs, runtime 

budget, fallback behavior, evaluation suite, ownership 

of generated content, and release criteria. This checklist 

should be short enough to use during sprint planning but 

detailed enough to prevent an experimental model from 

silently becoming production infrastructure. 

During development, teams should separate exploratory 

experiments from shipping dependencies. A generative 

tool can be used freely during ideation without being 

connected to live game state. Once the model is 

integrated into runtime, its interface should be versioned 

and tested. Models used for final content generation 

should be reproducible or at least traceable to a specific 

version and configuration. This distinction reduces the 

risk that a casual prototype becomes a critical 

dependency without appropriate controls. 

Before release, the system should be tested under 

degraded conditions. Network failure, model timeout, 

malformed responses, missing memory, stale retrieval 

data, and unexpected player inputs should all produce 

controlled outcomes. A release build should not depend 

on the assumption that an external AI service will 

always behave correctly. This principle applies equally 

to internal models and third-party APIs. 

XXIX. CONCEPTUAL RESEARCH MODEL 

The literature synthesized in this paper can be 

represented as a causal chain: AI capability affects 

system behavior; system behavior affects game design 

properties; game design properties affect player 

experience; and player response generates data that can 

be used to refine the system. The chain contains 

feedback loops and therefore cannot be evaluated by a 

single metric. For example, stronger NPC behavior may 

increase perceived intelligence but reduce perceived 

fairness, which in turn can lower enjoyment. An AI 

feature is successful only when its effects align with the 

intended design objective. 
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The proposed conceptual model has four constructs. AI 

Capability includes prediction, generation, planning, 

and adaptation quality. Game-System Quality includes 

correctness, coherence, balance, and performance. 

Player Experience includes enjoyment, immersion, 

agency, trust, and challenge. Production Value includes 

development time, rework, cost, and maintainability. 

Research should test relationships among these 

constructs rather than treating AI capability as the final 

outcome. 

Construct Representative 

variables Possible hypotheses 

AI capability Accuracy, diversity, 

generation quality 
H1: Better capability 

improves system quality 

System quality Correctness, coherence, 

balance 
H2: Higher system 

quality improves player 

experience 

Player experience Enjoyment, agency, 

immersion 
H3: Positive experience 

predicts continued use 

Production value Time, cost, defects, 

review load 
H4: Appropriate AI 

reduces total lifecycle 

effort 

XXX. FINAL SYNTHESIS AND RESEARCH 

OUTLOOK 

The transition from handcrafted game logic to learning-

based and generative systems should not be interpreted 

as a linear replacement of one technique by another. 

Instead, the game-development stack is becoming more 

heterogeneous. A modern title may contain decades-old 

algorithms, modern neural models, optimization 

systems, player analytics, and language models at the 

same time. The engineering task is to decide which 

subsystem should own each decision and how the 

boundaries are enforced. 

This synthesis also suggests that the term “AI in games” 

is too broad for meaningful evaluation unless the 

specific role is stated. A pathfinding algorithm, a player 

classifier, a procedural level generator, and an LLM 

NPC are all AI-related but pose different technical and 

design questions. Future research should use precise 

capability labels and report the game context, degree of 

autonomy, training data, evaluation method, and human 

oversight. This would improve comparability across 

studies. 

The strongest near-term opportunity is likely to be 

hybrid, human-centered AI. Generative tools can 

expand the number of ideas a team can explore. Learned 

agents can personalize and automate repetitive 

decisions. Deterministic systems can preserve rules and 

performance. Human designers can supply intent and 

resolve ambiguity. Together, these components can 

produce games that are more dynamic without 

sacrificing the coherence that makes a designed game 

feel intentional. 

The long-term opportunity is broader: games can 

become environments in which AI participates 

throughout the lifecycle, from concept exploration to 

runtime adaptation and automated QA. The research 

community should approach this future with equally 

strong emphasis on reliability and player experience. 

Model capability alone will not determine success. The 

successful systems will be those that can be trusted, 

measured, debugged, versioned, and shaped by human 

creative intent. 

APPENDIX A. SAMPLE AI-ENABLED GAME 

ARCHITECTURE SPECIFICATION 

A sample architecture can define six interfaces. I1 

exposes read-only world state to AI components. I2 

exposes player-model estimates with confidence values. 

I3 exposes constrained action tools. I4 exposes content-

generation requests and validation results. I5 exposes 

telemetry events to offline evaluation. I6 exposes model 

version metadata to build and release systems. Each 

interface should have an explicit schema and ownership 

boundary. 

A release candidate can then be evaluated using the 

following sequence: build the game with a fixed AI 

version; run deterministic smoke tests; run simulation 

agents; execute adversarial tests; conduct human 

review; compare player-experience metrics with the 

previous release; and archive the model and 

configuration metadata. The sequence ensures that a 

model update is treated as a product change rather than 

an invisible infrastructure change. 

APPENDIX B. EXTENDED LITERATURE 

COMPARISON 

Source Primary area Method or 

contribution 
Relevance to 

development 

[1] Yannakakis & 

Togelius 
Game AI 

foundation 
Agents, learning, 

PCG, player 

modeling 

Provides broad 

conceptual 

foundation 

[2] Shaker et al. PCG 

Constructive, 

search, 

evolutionary, 

constraint 

methods 

Shows design-

space of 

procedural 

systems 

[3] Summerville 

et al. PCGML 
Learned 

generation, 

repair, critique 

Connects ML 

with procedural 

content 

[4] Smith PCG future Interactive and 

aesthetic lenses 
Highlights human 

control of 

generators 

[5] Justesen et al. Deep learning Review across 

game genres 
Frames learning 

challenges in 

games 

[6] Alonso et al. NPC navigation Deep RL in 3-D 

environments 
Evidence for 

learned 

navigation 

[7] Mnih et al. Game playing Deep Q-learning Foundational 

deep RL result 

[8] Vinyals et al. RTS agents Multi-agent RL 
Shows large-

scale strategic 

learning 

[9] Hunicke Adaptive 

difficulty 
Dynamic 

difficulty system 
Connects 

adaptation with 

player experience 

[10] Machado et 

al. Player modeling Taxonomy 
Organizes player-

modeling 

problems 

[11] Hooshyar et 

al. Player modeling Systematic 

review 
Summarizes data-

driven 

approaches 

[12] Pan AI in games Application/chall

enge overview 
Maps AI across 

development 

lifecycle 

[13] Zhao AI in game 

development 
PCG, NPC, QA, 

challenges 
Directly 

addresses 

development uses 

[14] Karaca et al. PCG + NPC 
AI-assisted 

procedural 

systems 

Links content 

generation with 

behavior 
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Source Primary area Method or 

contribution 
Relevance to 

development 

[15] Rao et al. LLM NPCs 
Minecraft 

collaboration 

study 

Evidence for 

human-NPC 

collaboration 

[16] Song LLM NPCs Cross-platform 

prototype 
Shows persistent 

conversational 

interaction 

[17] Wang Modern game 

development 
AI applications 

and prospects 
Covers content, 

NPCs, QA and 

optimization 

[18] Wang AI in 

development 
AI roles and 

challenges 
Connects AI with 

workflow and 

UX 

[19] Ternar et al. GenAI 

production 
Qualitative 

synthesis 
Identifies themes 

in production 

transformation 

[20] Johnson et 

al. 
LLMs in 

development 
Collaborative 

autoethnography 
Links LLMs to 

gameplay/playabi

lity/UX 

[21] Dablander Deep learning 

frontier 
Five emerging 

directions 
Highlights future 

technical 

opportunities 

[22] Ergen Personalization Systematic 

review 
Connects 

adaptation with 

personalization 

The comparison confirms that the field has multiple 

mature subareas but relatively few shared evaluation 

standards. Classical game AI and PCG provide strong 

conceptual foundations. Deep learning contributes 

flexible representation and control. Player modeling 

connects AI to individualized experience. GenAI and 

LLM research extends these ideas into open-ended 

content and interaction. The major open issue is how to 

combine these capabilities into robust, production-

oriented systems with comparable measures of quality 

and cost. 

APPENDIX C. GLOSSARY OF KEY TERMS 

Term Definition in this paper 

Artificial Intelligence (AI) 
Computational methods that perform 

tasks associated with intelligent 

decision making, prediction, 

generation, or adaptation. 

NPC 
A non-player character controlled by 

game logic, scripts, AI models, or a 

combination. 

PCG 
Procedural content generation, the 

automatic or computer-assisted 

generation of game content. 

PCGML 
Procedural content generation via 

machine learning, where models learn 

from existing game content. 

Reinforcement Learning 
Learning through interaction with an 

environment using rewards to improve 

sequential decisions. 

Player Modeling 
Computational representation of player 

behavior, skill, preferences, or other 

relevant attributes. 

Dynamic Difficulty Adjustment 
Runtime adaptation of challenge based 

on observed player state or 

performance. 

Generative AI 
Models capable of producing new text, 

images, audio, code, or other content 

from learned distributions. 

LLM 
Large language model used for 

language generation, reasoning, 

dialogue, or agent control. 

Tool Calling 
A pattern in which an AI model 

requests a structured external action 

that is validated by a separate system. 

Human-in-the-loop 
A system design in which people 

supervise, rank, approve, or correct AI 

outputs. 

Fallback 
A deterministic or previously validated 

behavior used when an AI component 

fails or becomes unavailable. 

Game State 
Authoritative representation of entities, 

mechanics, progress, inventory, and 

world variables. 

Term Definition in this paper 

Telemetry 
Operational or gameplay data collected 

to evaluate system behavior and player 

interaction. 

Adversarial Testing 
Testing designed to actively search for 

exploits, failures, edge cases, or unsafe 

states. 

APPENDIX D. RECOMMENDED DATA SCHEMA 

FOR AI GAME EXPERIMENTS 

A reproducible AI game experiment can use a compact 

event schema. Each event record may include 

timestamp, session identifier, scene identifier, player 

action category, relevant state variables, AI component 

identifier, model version, selected action or generated 

output class, confidence or score when available, 

validation result, execution latency, and outcome label. 

Researchers should separate identifiers needed for 

experimental analysis from direct personal identifiers. A 

stable anonymous session key is generally preferable to 

storing personally identifying information. 

Model artifacts should be associated with a 

configuration record containing training-data version, 

model version, inference parameters, prompt-template 

version, retrieval-index version, random seed where 

applicable, and tool schema version. A build record can 

then link the game executable to the exact AI 

dependencies used during a test. This structure supports 

later reproduction when results differ across versions. 

The data pipeline should distinguish raw events from 

derived metrics. Raw events provide evidence for 

debugging, while derived metrics support statistical 

analysis. Keeping both layers makes it possible to 

recalculate metrics when the research question changes. 

Retention should be limited to the period required by the 

study or production objective, and access should be 

restricted according to the sensitivity of the data. 

APPENDIX E. EXAMPLE RELEASE GATES FOR AI 

FEATURES 

Gate Pass condition Example evidence 

Functional No critical state 

violations Automated test report 

Performance Latency and memory 

within budget Profiler summary 

Behavior Behavior meets design 

constraints Scenario suite 

UX No significant regression 

in target experience User study / telemetry 

Safety No unresolved high-

severity unsafe outputs Adversarial test report 

Reproducibility Version metadata 

archived Model/config manifest 

Fallback System degrades to 

known-good behavior Failure-injection test 

Production value Net benefit after 

review/rework 
Workflow time-cost 

analysis 

These release gates convert broad principles into 

operational criteria. They also help prevent a common 

failure mode in AI projects: a successful prototype 

becoming production software before reliability 

requirements have been defined. An AI feature should 

enter a shipping build only after it has a documented 

objective, a known baseline, a test plan, a fallback path, 

and an owner responsible for ongoing performance. 
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APPENDIX F. AI RISK MATRIX FOR VIDEO GAME 

PROJECTS 

Risk Likelihood Impact Mitigation 
Hallucinated 

game facts Medium High Authoritative 

state + retrieval 
Quest or 

progression 

breakage 
Medium High 

Schema 

validation + 

simulation tests 

Runtime latency Medium Medium-High Caching + local 

models + fallback 
Model drift after 

update Medium High Versioned 

regression suite 

Player-model 

misclassification Medium Medium 
Confidence 

thresholds + 

manual override 

Generated 

content repetition High Medium 
Novelty 

evaluation + 

curated corpus 

Unexpected 

exploit discovery Medium High 
Adversarial 

agents + 

economy tests 

Privacy leakage Low-Medium High 
Data 

minimization + 

access controls 

Review overload High Medium 
Automated 

filtering + 

sampling 

Vendor/API 

dependency Medium High 
Local fallback + 

provider 

abstraction 

Risk management should begin when the AI feature is 

scoped rather than after deployment. The highest-impact 

risks should receive architectural controls. For example, 

if an LLM can influence quest completion, state 

authority must be separated before the first prototype. If 

a model is used only for concept ideation, the risk is 

much lower and can be managed through review. Risk 

classification should therefore be based on what the AI 

is allowed to change, not merely on which model is 

used. 

APPENDIX G. IMPLEMENTATION ROADMAP 

Phase 1 should establish a non-AI baseline. The team 

defines the existing workflow, technical constraints, and 

player-experience goals. Phase 2 adds an offline 

prototype that cannot affect the production game state. 

Phase 3 introduces structured integration with explicit 

permissions and fallbacks. Phase 4 expands evaluation 

using automated scenarios and player studies. Phase 5 

moves the feature into limited production exposure with 

monitoring. Phase 6 evaluates long-term maintenance 

cost and decides whether the AI component should be 

expanded, redesigned, or removed. 

This staged approach reduces the chance that early 

excitement about generative capabilities becomes an 

uncontrolled dependency. It also produces evidence at 

each step. A team can stop after Phase 2 if the offline 

results are weak, avoiding the engineering cost of 

production integration. Conversely, strong evidence can 

justify investment in model optimization and broader 

deployment. 

Phase Primary objective Exit evidence 

1. Baseline Measure current 

workflow and quality Documented baseline 

2. Prototype Test AI feasibility 

offline Feasibility report 

3. Integration Connect AI with 

bounded tools 
Stable interface + 

fallback 

Phase Primary objective Exit evidence 

4. Evaluation Measure technical + 

player outcomes Evaluation report 

5. Limited release Observe real-world 

behavior safely Monitoring data 

6. Scale decision Assess lifecycle value Go / revise / stop 

decision 
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