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Abstract. With the evolution of the gaming industry, there is an increasing demand for games 

that offer immersive experiences beyond basic gratification. Traditional games with fixed 

difficulty levels often fail to cater to the diverse preferences and skills of players. To address 

these needs, dynamic difficulty adjustment (DDA) has emerged as a crucial element in game 

design. This review explores the application of Deep Reinforcement Learning (DRL) in 

achieving DDA, contrasting it with traditional methods. By examining various DRL algorithms 

and their effectiveness, as well as evaluating traditional models, this review identifies the 

potential of DRL in enhancing player experiences and outlines existing challenges. It also 

highlights future research directions, including the integration of DRL with Flow Theory and 

innovative evaluation methods. The goal is to provide a comprehensive overview of how DRL 

can advance game design and improve player satisfaction. 

Keywords: Dynamic Difficulty Adjustment (DDA), Deep Reinforcement Learning (DRL), 
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1.  Introduction 

With the advancement of the modern gaming industry, players increasingly seek games that offer a 

more immersive experience, encompassing emotional and spiritual engagement beyond mere 

satisfaction of basic impulses. Traditional games with static difficulty curves often fail to 

accommodate the diverse preferences and skill levels of players. 

To meet these evolving expectations, dynamic difficulty adjustment has been facilitated using deep 

learning models and related algorithms. Among these, Deep Reinforcement Learning (DRL)—a subset 

of Deep Learning—stands out for its ability to diversify game strategies and adapt to a wide range of 

scenarios in innovative ways, as compared to traditional models [1]. However, DRL also faces its own 

set of challenges, and its effectiveness in enhancing player experience from a game design perspective 

necessitates further evaluation. 

This review explores the integration of deep reinforcement learning with dynamic difficulty 

adjustment, while also considering research utilizing traditional models. It provides an examination of 

various algorithms and applications within this domain, evaluates their outcomes from a game design 

methodology perspective, identifies existing challenges, and proposes future research directions. The 

aim is to deliver a comprehensive overview of how deep reinforcement learning can contribute to 

advancing modern game design at the implementation level. 
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2.  Background on Dynamic Difficulty Adjustment 

2.1.  The importance of dynamic difficulty adjustment 

As a primary entertainment modality in contemporary life, video games offer unparalleled recreational 

experiences. Players are not just participants executing game rules but recipients of sensations and 

experiences crafted by the game. Game difficulty, an inherently subjective metric, often determines 

the quality of gameplay and overall experience [2]. This difficulty encompasses factors such as 

resource availability, understanding of game mechanics, opponent skill levels, success probabilities, 

and mission completion rates. Effective games often integrate tailored difficulty levels to swiftly 

address players' psychological needs, enhance immersion, and sustain motivation. 

However, individual player preferences vary significantly, which poses a challenge for traditional 

games with static difficulty settings to engage a diverse player base simultaneously. To address this, 

the concept of Dynamic Difficulty Adjustment (DDA) has emerged [3]. DDA aims to offer players of 

varying skill levels a more inclusive experience by aligning gameplay with optimal flow curves [4]. 

This approach not only refines the game experience but also helps players quickly enter and maintain 

their ideal state of play [5][6]. 

Moreover, DDA maintains game challenge while reducing players' frustration from overly difficult 

challenges. This approach highlights other critical game elements such as aesthetics, narrative, music, 

and mechanics. Essentially, DDA represents a strategic evolution in game design, ensuring that the 

experience remains engaging, inclusive, and optimized for each individual player. 

2.2.  Different strategy for dynamic difficulty adjustment in game design 

In contemporary game design, several approaches to adjusting game difficulty have gained 

prominence. These strategies include the following [7]: 

(i) Progressive Difficulty Increase upon Success: This fundamental approach involves escalating 

game challenges as players progress. As characters (or players themselves) develop throughout the 

game, the difficulty naturally increases to sustain engagement. However, a fixed incremental difficulty 

can lead to monotony and may not cater to the diverse flow needs of different players. 

(ii) Pacing Player Progression: This strategy ensures that the time required to overcome simplistic 

enemies does not equal that needed for more formidable ones. By adapting game difficulty to the 

player’s skill level, this approach helps players quickly enter the optimal segment of the game, 

enhancing their overall experience. It significantly reduces the risk of skilled players abandoning the 

game during its early stages and facilitates a smoother transition into the flow state, thereby 

minimizing player attrition. 

(iii) Preset Difficulty Levels: Some games allow players to select predefined difficulty tiers (e.g., 

Easy, Normal, Hard, Hell) at the beginning, which are then applied consistently throughout the 

gameplay. This method enables players with prior experience to autonomously choose a difficulty 

level that best suits their preferences. Essentially, this strategy implements Dynamic Difficulty 

Adjustment (DDA) from the player's perspective. 

(iv) Incorporating Respites and Reinforcements: To alleviate anxiety from challenging scenarios, 

some games include mid-game respites or reinforcements that help players recover and regain their 

composure. This approach aims to guide players back toward an optimal flow state by providing 

moments of relief and restoration. 

2.3.  Traditional DDA approaches 

Over the past two decades, numerous researchers have made significant strides in the implementation 

of Dynamic Difficulty Adjustment (DDA) [8]. Various innovative models and algorithms have been 

employed to analyze players' in-game performance, classify their skill levels, and adjust game 

difficulty accordingly. 

Khajah et al. [9] applied Bayesian Optimization to adjust player inputs in two action-based games, 

Flappy Bird and Spring Ninja. This approach facilitated real-time game control adjustments and 
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achieved notable results in DDA. However, extending this methodology to more complex scenarios 

remain an area ripe for further investigation. 

More recently, Romero-Mendez et al. [10] employed a Feedforward Neural Network (FNN) model 

within deep learning to classify and predict player skill levels in a Space Invaders-like arcade game. 

Based on these predictions, a DDA strategy tailored to predefined difficulty tiers was implemented, 

yielding promising outcomes. 

Sutanto and Suharjito [11] enhanced Artificial Neural Networks (ANNs) by incorporating the 

Adaptive Neuro-Fuzzy Inference System (ANFIS). This approach analyzed parameters such as enemy 

kills and hero damage in a Shoot 'Em Up (STG) game, categorizing players into five distinct difficulty 

levels. 

It is evident that most traditional DDA approaches focus on player-level adjustments, using 

predefined rules to broadly categorize player abilities and adjust difficulty. These methods typically 

ensure high prediction accuracy and effective model performance. However, such approaches may 

struggle with complex situations or capturing real-time player states across multiple dimensions due to 

their reliance on heuristic rules. Additionally, these methods often require the prior construction of 

mathematical models tailored to specific games, necessitating manual updates if game elements 

undergo significant changes. 

3.  Approaches of Applying Dynamic Difficulty Adjustment in Game Design Area 

3.1.  Related works using deep reinforcement learning models 

To explore alternative approaches to Dynamic Difficulty Adjustment (DDA), some researchers have 

turned to Deep Reinforcement Learning (DRL) models. Reinforcement Learning (RL) has already 

demonstrated significant success in managing complex game strategies, and DRL models extend these 

capabilities by dynamically adjusting various difficulty parameters in real time. This allows for 

adaptive gameplay difficulty tailored to individual players, with DRL models consistently achieving 

impressive results. 

Several researchers have employed DRL models to create diverse difficulty levels within games 

and maintain player flow. For instance, Huber applied DRL in VR sports games to dynamically 

generate game levels based on player performance, thus enriching gameplay and enhancing player 

motivation to continue playing [12]. 

Additionally, the intensity of AI opponents in games significantly affects the operational difficulty 

and strategic depth of gameplay. Some researchers have focused on real-time adjustment of AI 

opponent intensities. Wang et al. [13] proposed using DRL models to develop a smart agent that 

adjusts game difficulty according to player proficiency. This agent, which integrated DRL with action 

selection mechanisms, was effectively used in real-time fighting games to enable adaptive AI 

opponent strategies. Furthermore, Wender and Watson [14] addressed city placement tasks in the SLG 

game Civilization VI, creating more challenging AI opponents. Sutton et al. [15] and Climent et al. [16] 

applied the SARSA algorithm in Space Invaders to achieve DDA, designing a DRL agent that yielded 

commendable results in turn-based single-player games. 

Despite these promising outcomes, DRL models are known to be sensitive to hyperparameters. 

Variations in hyperparameters can lead to substantial performance differences even within the same 

algorithmic framework. Moreover, the reinforcement learning process carries the risk of deviating 

from intended goals. To address these challenges, DRL with Evolutionary Algorithms (EA) [17][18] 

are integrated and introduced. The REAs algorithm, which is specifically designed for single-objective 

optimization [19], has demonstrated notable advantages over traditional DRL models in learning 

capability, model convergence speed, and execution efficiency. It effectively mitigates issues such as 

sparse reward problems, overestimation of Q-values by Q-Learning networks [20][21], and 

insufficient exploration. Additionally, RMOEA algorithm excels in addressing multi-objective 

optimization problems. 
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3.2.  Model-related challenges and evaluation challenges 

Implementing DDA through DRL models presents several significant challenges. Firstly, to address 

the risk of overfitting, it is crucial to involve players with varying skill levels during the development 

phase. This practice enables the model to adapt more effectively to a range of player abilities and 

environments, thereby enhancing its robustness and generalizability. 

Secondly, the requirements for DDA can vary considerably across different game genres. For 

example, in puzzle-based games like Angry Birds, DDA might involve generating levels with varying 

difficulty based on the player's proficiency. Conversely, in first-person shooters (FPS), DDA could 

focus on adjusting variables such as the number of enemies or the damage inflicted. In Multiplayer 

Online Battle Arena (MOBA) games, DDA might modulate player skill levels during matchmaking or 

ranking processes [22]. 

From a game design perspective, the implementation of DDA through DRL models can sometimes 

be perceived as monotonous or disengaging. Simply providing players with an abundance of resources 

may lead to decreased motivation, while excessive reliance on probabilistic adjustments might 

undermine the sense of challenge.  

Moreover, optimizing game experience through DRL models necessitates evaluation from the player's 

perspective, but the metacognitive Heisenberg effect poses a paradox in assessing DDA [23]. 

Specifically, players need to evaluate whether DDA improves their gameplay experience, yet their 

focus on DDA mechanisms during gameplay can disrupt their flow state, as individuals often struggle 

to analyze their experiences while they are occurring. 

3.3.  Possible solutions 

Ultimately, not all games are suitable for DDA, and no single model or algorithm can universally 

adapt to every game type. Therefore, DDA should be applied judiciously and with a clear purpose 

tailored to the specific context of the game. When choosing appropriate models, game designers must 

possess a deep understanding of their game's unique characteristics to ensure that each difficulty 

adjustment—whether static or dynamic—serves a meaningful purpose and enhances the overall player 

experience. 

To address evalution challenge, Andrade et al. [24] has identified three fundamental requirements 

for implementing DDA from a game design perspective. Additionally, Jesse Schell advocates for a 

methodical approach where players first experience the game and subsequently analyze it separately 

[7]. These strategies provide valuable guidance in assessing the true impact of DDA. For example, a 

two-playthrough approach, where players engage with the game twice, can be employed. Moreover, 

incorporating subtle questions in post-game surveys, such as "Did you perceive your actual gameplay 

time as longer or shorter than anticipated?" can offer indirect insights into the player's flow state. 

4.  Future Direction 

The journey toward realizing DDA through DRL models requires further exploration in several key 

areas. Firstly, a theoretical foundation is needed to fully leverage the advantages of DRL models and 

apply them effectively across a diverse range of game types. This includes developing a 

comprehensive understanding of how DRL can be tailored to various gaming contexts. 

Secondly, although Flow Theory may present constraints on DDA designs [25], the intersection of 

DDA and Flow Theory remains a crucial research direction. It is essential to clarify whether DRL 

models can elucidate the process of enhancing player experience by effectively analyzing and 

optimizing players' flow states. 

Additionally, innovative approaches to DDA involving DRL models warrant consideration. For 

instance, integrating electroencephalography (EEG) [26], physiological measures, and subjective 

ratings [27] could offer novel ways to gather valuable data, thereby advancing research in this field. 

Establishing normative and unambiguous evaluation criteria is also necessary to accurately assess 

whether a model enhances the player experience. 
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5.  Conclusion 

DRL presents a promising avenue for advancing DDA in video games. Compared to traditional 

methods, DRL offers greater flexibility and adaptability, potentially leading to more engaging and 

personalized player experiences. However, the implementation of DRL-based DDA is not without its 

challenges, particularly concerning game design and model performance. Effective evaluation of DRL 

models requires a player-centric approach to ensure that the game experience is optimized. Future 

research should focus on harnessing the full potential of DRL across various game types, exploring its 

relationship with flow theory, and establishing clear, normative criteria for evaluating DDA 

effectiveness.  
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