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Abstract. Game developers are increasingly adopting Dynamic Difficulty Adjust-
ment (DDA) mechanisms to tailor gameplay experiences for individual players.
However, existing solutions often lack modularity and generalization, limiting their
applicability across diverse games, genres, and mechanics. This paper presents
the consolidation of a modular DDA architecture based on the MAPE-K loop, de-
signed to support hybrid adaptation strategies. The architecture was developed in-
crementally by integrating previously evaluated components, including both rule-
based and Al-driven mechanisms. While earlier studies validated these compo-
nents in isolation, we now unify them into a single, cohesive architectural solution.

1. Introduction

The demand for adaptive gameplay in digital games has grown significantly in recent
years [Guo et al. 2024, Seyderhelm and Blackmore 2021]. To fulfill this demand, re-
searchers have proposed a range of techniques under the umbrella of Dynamic Diffi-
culty Adjustment (DDA) [Guo et al. 2024, Mortazavi et al. 2024]. DDA refers to the au-
tomatic adaptation of game parameters in response to player performance, to maintain
a balance between challenge and ability, thus preventing frustration and abandonment
[Guo et al. 2024, Zohaib 2018].

Researchers have explored numerous approaches to implementing DDA mecha-
nisms [Guo et al. 2024, Seyderhelm and Blackmore 2021], which generally fall into two
broad categories. The first includes heuristic-based techniques (parameter manipulation),
which adjust game variables according to the player’s performance. The second group com-
prises Al-based methods, employing reinforcement learning, genetic algorithms, or other
artificial intelligence techniques to analyze player/game data and guide adaptive behavior.

Despite recent advancements, designing general-purpose DDA mechanisms that
work across different genres, mechanics, and gameplay contexts remains a significant chal-
lenge [Mi and Gao 2023, Mi and Gao 2022, Sepulveda et al. 2020]. Many existing solu-
tions are tightly coupled to specific games or scenarios, hindering reuse and broader ap-
plicability. One promising direction to address this limitation is the integration of multiple
DDA strategies [Seyderhelm and Blackmore 2021, Zohaib 2018]. We argue that modular
architectures are particularly well-suited to this goal, offering the flexibility required to
combine, extend, and tailor adaptation strategies, but a consolidated architectural model
addressing this need remains absent in the literature [Mi and Gao 2023, Guo et al. 2024,
Souza et al. 2025].

In the context of software development, we can understand digital games with
DDA mechanisms as self-adaptive systems [Fredericks et al. 2022], i.e., systems that au-
tonomously monitor internal and external states, analyze contextual data, plan reconfigu-
ration actions, and execute those actions to maintain or optimize performance in dynamic



environments [Weyns 2021]. Within this paradigm, the MAPE-K loop, composed of the
Monitor, Analyzer, Planner, Executor, and a shared Knowledge Base, has emerged as a
modular architectural model [Krupitzer et al. 2020, Porter et al. 2020, Lam et al. 2022]. Its
conceptual clarity and extensibility make it particularly attractive for managing adaptation
in complex interactive systems such as games.

In this context, this paper presents the consolidation of a modular architecture for
Dynamic Difficulty Adjustment grounded in the MAPE-K loop, an integration not yet pre-
sented in previous works. Rather than emerging from a single design effort, this architecture
is the result of a bottom-up integration of multiple previous studies and implementations.
These include mechanisms for rule-based adaptation (e.g., performance metrics, symptom
detection), experiments involving the MAPE-K loop for DDA, as well as Al-based inference
using large language models (LLMs) and dynamic player modeling [Gallotta et al. 2024].
Our objective is to provide an architecture for a generalizable DDA mechanism capable of
supporting hybrid DDA strategies across diverse games, genres, and mechanics.

2. Architecture and Components

The MAPE-K loop serves as the architectural foundation, organizing the system’s compo-
nents according to their canonical roles and responsibilities. We based the model’s develop-
ment on established design patterns for self-adaptive systems, particularly those proposed
by Abuseta and Swesi [Abuseta and Swesi 2015, Krupitzer et al. 2020], which include SAS
Monitor, SAS Analyzer, SAS Plan, and SAS Execute. These patterns define the internal
logic and communication flow for each segment of the loop. To coordinate component
interactions, we implemented the Observer pattern, which enables dynamic event propa-
gation throughout the loop [Abuseta and Swesi 2015]. In this configuration, the Monitor
subscribes to updates from the Sensors and notifies the Analyzer of relevant changes. The
Analyzer, in turn, acts as an observable entity for the Planner, which then updates the
Executor. Finally, the Effectors observe the Executor and apply the required adapta-
tions within the system.

The core MAPE-K loop in the proposed architecture operates through a structured
sequence of interactions among its components. The process begins with the acquisi-
tion of system data via ContextElements, which links the incoming values to predefined
Thresholds that represent acceptable ranges. Upon capturing the data, the Sensor notifies
the Monitor, which logs the reading in the SystemStatelLog and checks for any threshold
violations. If the system exceeds a threshold, the Monitor forwards the corresponding log
to the Analyzer. The Analyzer then evaluates the performance based on the received log
and queries the SymptomRepository for matching Symptoms, each defined by a condition
(such as a Threshold) and a descriptive text. Upon identifying a match, the system gener-
ates an AdaptationRequest and notifies the Planner. The Planner, in turn, consults the
PolicyEngine, which holds a set of Rules that pair symptoms with corresponding Actions.
When applicable rules exist, the Planner formulates a ChangePlan containing the neces-
sary actions. Finally, the Planner sends the plan to the Executor, which then orchestrates
the execution of the actions by instructing the relevant Ef fectors to implement the adaptive
changes within the system.

Figure 1 illustrates the implementation of the MAPE-K loop in the proposed ar-
chitecture. The Sensor components monitor both the game environment and the player’s
state (manually extracted from code-level object attributes). On the game side, they collect
difficulty-related attributes, while on the player side, they synthesize data into a structured
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Figure 1. Architecture overview
PlayerModel. This component integrates current in-game data with historical records re-
trieved from the PlayerLog. In this context, the PlayerModel may employ Al techniques,
such as large language models (LLMs), to infer a dynamic player profile based on interac-
tion history. The system sends all readings to the Monitor, which logs the data and checks
for violations of predefined thresholds. When it detects potential issues, it triggers further
analysis to determine whether adaptation is needed.

The Analyzer receives the collected readings and computes the player’s per-
formance using both the current data and a moving average. It then queries the
SymptomRepository to identify any symptoms that justify adaptation. When it detects a
relevant symptom, it creates an AdaptationRequest and sends it to the Planner, which
delegates the decision-making process to the PolicyEngine. Unlike traditional implemen-
tations that rely on fixed rule sets, the PolicyEngine in this architecture employs Al, such as
LLMs, to dynamically generate adaptation responses. This inference considers not only the
current AdaptationRequest but also the historical sequence of readings retrieved from the
SystemLog. The Al outputs a structured JSON object containing the new parameter values.
The Planner packages these values into a ChangePlan and forwards them to the Executor,
which processes and dispatches the corresponding actions. Finally, the Effectors apply
the changes directly to the game by updating its difficulty attributes. This conceptualization
aimed to enable the architecture to handle hybrid strategies, fostering reusability, extensibil-
ity, and responsiveness.

3. Discussion and Final Remarks

The architecture presented in this paper is the result of a progressive consolidation of multi-
ple isolated developments and experiments carried out throughout previous research. Over
time, specific components of the system been implemented and evaluated independently
[Souza et al. 2024b, Souza et al. 2025, Souza et al. 2024a]. In this sense, the architectural
design points to potential for building DDA mechanisms in games.

As future work, we plan to conduct a systematic evaluation of the architecture as
a whole, considering both its functional adequacy and its impact on game variables across
different game genres. Through these steps, we aim to contribute to the advancement of
engineering practices for adaptive gameplay systems.
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