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As the world's game market is still experiencing its explosive expansion, personalized recommender
systems have become a necessity in order to enhance player experience and platform stickiness. However,
conventional recommendation models, which often try to maximize short-term interaction measures like
click-through rates, inevitably lead to content homogenization and degrade the diversity of the content
ecosystem. This myopic focus ultimately undermines long-term player retention. To address this root
difficulty, this thesis suggests a new paradigm that recasts the recommendation issue as from what to
recommend to how to recommend strategically. This work innovatively models a game recommendation
platform, which is composed of multiple scenarios, as a cooperative multi-agent system where every
scenario is an agent. They have the common objective of optimizing the long-term ecosystem health of the
platform. To this end, we design and implement a novel multi-agent reinforcement learning algorithm,
GEAR (Guild-based Ecosystem-aware Allocation of Resources). We model this problem as a
Decentralized Partially Observable Markov Decision Process (Dec-POMDP) and solve it using GEAR,
which is based on the Centralized Training with Decentralized Execution (CTDE) framework and features
a novel counterfactual credit assignment mechanism. GEAR is run under the Centralized Training with
Decentralized Execution (CTDE) framework. Its main innovation is a counterfactual-based credit
assignment mechanism, enabling each agent to accurately assess its marginal contribution to a global,
long-term utility function—a composite measure of player retention, content diversity, and user
engagement. This mechanism effectively resolves the non-stationarity and credit assignment problems
inherent in multi-agent learning. We conduct thorough experiments in a purpose-built simulated game
recommendation platform. The results demonstrate that GEAR significantly outperforms static policies,
independent learners, and state-of-the-art multi-agent baselines, including MADDPG and QMIX, on all
key long-term metrics. Ablation studies also validate the critical contribution of the counterfactual
mechanism to the algorithm's stability and performance. Furthermore, GEAR exhibits commendable
strategic flexibility, intelligently altering its resource allocation policy to fit in with dynamic shifts in
platform objectives. This research lays out both a novel theoretical framework and an effective technical
methodology for the development of the next generation of self-managing, ecosystem-aware smart
recommender systems.

Povzetek: Studija predstavi algoritem GEAR, ki s strateskim priporocanjem iger dolgorocno izboljsa
zdravje platformnega ekosistema ter preseze obstojece metode.

1 Introduction

In recent years, the video game industry has
witnessed record-breaking rapid expansion. The digital
distribution platforms, represented by Steam, Epic Games,
Nintendo eShop, and app stores on mobile devices, have
lowered game publishing barriers astronomically, and the
volume of published games has increased exponentially.
Over 14,000 new games alone were launched on Steam in
2023 [1], according to statistics. Although this success
gives game players a vast array of choices, it creates an
essential "information overload" problem. With hundreds

of thousands of games across styles and skill levels, users
have difficulty discovering new works that match their
unique tastes, and decision fatigue and user churn result.
Recommender Systems have therefore become a
critical core technology for modern gaming platforms. A
well-designed recommender system is not only able to
lead players to properly discover content of potential
interest within a vast game library and therefore
significantly enhance the player's gaming experience and
satisfaction [2], but also effectively optimize user
stickiness, improve long-term player retention, and boost
the commercial revenue of the platform [3]. For players,
precise recommendations are the reduced search time and
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increased high-quality entertainment. For platforms and
developers, well-crafted recommendations enable their
games to reach the largest possible sets of potential
players, especially for quality independent or novel games
with limited marketing budgets, thereby creating a
healthier and more diverse gaming ecosystem
[4]. Therefore, research and designing more intelligent and
more accurate game recommendation algorithms is not
only of significant academic value but also enormous
commercial value as well as of great industry significance.
How to deeply understand and dynamically model player
behavior patterns and latent preferences is the most
significant thing to enhance the performance of
recommender systems and address current industry
challenges.

Even though the importance of personalized
recommender systems has become ubiquitous, general
recommendation algorithms nevertheless face numerous
serious issues when applied to handle sophisticated
gaming scenarios. One of the primary issues is that
traditional models are highly reliant on players' explicit
interaction data, i.e., downloads, playtime, purchases, or
ratings. However, these behavioral signals are not direct
expressions of a player's actual intrinsic preferences since
a player's decision results from their internal interest in
interaction with numerous external variables [5]. For
instance, players are more inclined to play games that are
highly prominent on the platform's home page, chart tops,
or during offers, an influence of position bias and exposure
bias, leaving many unexposed games with little to no
preference data [6, 7]. Also, social buzz, promotions of the
streamers, friend recommendations, and high rating of
games produce conformity bias, and therefore players try
"popular” games rather than games based on their real
interests [8]. Adding to these are the very dynamic nature
of player preferences; unlike domains such as film or
music, a player can evolve quite deeply over time due to
skill acquisition, learning new genres, or even changes in
life circumstances, a characteristic which static models
struggle to capture [9].

These biases are continually reinforced and amplified
within the recommender system's feedback loop. When a
system recommends games on biased data (e.g., most
popular), those games receive more usage and exposure,
generating more "positive" data. The system then
mistakenly reinforces the hypothesis that these games are
superior, assigning them even greater weights in
subsequent rounds of recommendations. This "rich-get-
richer" Matthew effect not only dampens the visibility of
niche or niche or new games, which address the "cold
start" issue poorly, but it also confines players in small
"filter bubbles," preventing them from discovering new
interests and ultimately degrading the long-term user
experience [10, 11]. Consequently, the main challenges of
game recommending are threefold: untangling a player's
true, intrinsic preferences from confused behavioral data;
creating models that can simulate the dynamic evolution
of these preferences; and shifting the optimization target
from short-term measures like clicks to more extended
user satisfaction and interaction.
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To address the above difficulties, this paper proposes
a deep learning-based dynamic behavior analysis and
recommendation framework that has the ability to gain
deep understanding about player behavior and deliver
precise, personalized suggestions. This research aims to
answer the following key questions: (RQ1) Can
reformulating the recommendation task as a strategic
resource allocation problem, solved by a cooperative
MARL framework, improve long-term ecosystem health
metrics? (RQ2) Is a counterfactual-based credit
assignment mechanism effective for solving the complex
coordination and credit assignment challenges inherent in
this strategic allocation problem? The main contributions
of our work are as follows. We introduce a new
recommendation framework that integrates sequential
modeling with causal disentanglement. This model
utilizes deep sequence models, such as the Transformer,
to learn a player's behavior dynamics and introduces for
the first time a causal disentanglement mechanism. The
mechanism attempts to decompose a player's state
representation into two independent latent spaces:
"intrinsic gaming preference” and “external bias
influence.” We also reformulate the recommendation
process as a reinforcement learning problem. By avoiding
the standard supervised learning paradigm, we formulate
game recommendation as a sequential decision-making
problem. The model is framed as an agent that learns to
maximize long-term cumulative reward through
continuous interaction with the player (the environment),
thereby better mirroring the goals of long-term satisfaction
and retention. In this reinforcement learning framework,
we have designed a debiasing-follower reward function
that, besides considering short-term feedback, also
focuses on whether a suggestion is aligned with the
player's disentangled intrinsic preference, driving the
agent towards debiased policy. Finally, the performance
of our framework is anchored by carrying out extensive
experiments on a massive-scale, real-world public data
from a top gaming platform. The results demonstrate that
our proposed framework works significantly better than
several state-of-the-art baseline models on a variety of
vital recommendation metrics in intricate game
recommendation scenarios, validating its performance and
dominance.

The remaining part of this paper is organized as
follows. Chapter 2 is a review of the work related to the
field of personalized recommender systems. Chapter 3
discusses the architecture and methodology proposed in
more detail. Chapter 4 gives the experimental setup, used
datasets, and performance metrics, and details the results.
Chapter 5 summarizes the paper and future directions for
research.

2 Related works

In this chapter, we give a comprehensive background
of the research landscape concerning personalized
recommender systems. We begin by briefly discussing
traditional recommendation algorithms, and then
concentrate on the rapidly developing deep learning-based
architectures, in particular sequential recommendation
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models. We then discuss one of the basic problems in the
field—data bias—and investigate mainstream debiasing
methods. We lastly investigate the application of
reinforcement learning in recommender systems, which
establishes the theoretical and technical basis of our
proposed method.

2.1 Traditional recommendation
algorithms

The early effort in personalized recommendation was
spearheaded by Collaborative Filtering (CF), which
operates on the principle of "birds of a feather flock
together.” User-based CF identifies "neighbor" users
whose interests are similar to a target user and
recommends items that these neighbors enjoy [12],
whereas Item-based CF computes similarities between
items and recommends items similar to what a user
enjoyed previously [13]. In order to mitigate the problems
of data sparsity and scalability for large-scale systems,
model-based approaches emerged, and Matrix
Factorization (MF) was the most mythical approach.
Koren et al. (2009) demonstrated that by decomposing the
high-dimensional, sparse user-item interaction matrix into
two low-dimensional latent factor matrices for users and
items, one could effectively capture latent user
preferences and item attributes, significantly improving
both accuracy and scalability [14]. However, these
traditional methods are typically grounded in static
interaction data and therefore are not well suited to capture
the dynamic user interest drift and tend to be bad at dealing
with cold-start scenarios.

2.2 Deep learning-based recommender
models

Deep learning has revolutionized recommender
systems, leveraging its strong ability to learn features and
non-linear modeling  capabilities. The primary
contribution has been seen in the area of Sequential
Recommendation, where sequence of user behavior is
represented as a sequential sequence in order to capture
dynamic preferences and predict future interactions. Early
pioneering work by Hidasi et al. (2016) introduced
GRUA4Rec, the first application of Gated Recurrent Units
(GRU) to session-based recommendation, and showcased
the power of Recurrent Neural Networks (RNNS) in
capturing short-term, dynamic user interests [15]. To
model local and compositional patterns in sequences of
behavior, Tang and Wang (2018) introduced Caser, which
applies horizontal and vertical convolutional kernels over
item embedding sequences to learn "union-level” and
"point-level" sequential patterns [16]. The most recent
breakthrough is the application of self-attention
mechanisms, primarily the Transformer architecture.
Kang and McAuley (2018) introduced the SASRec model
that employs a self-attention mechanism to learn directly
from relationships between any two items within a
sequence, succeeding in learning long-term interests along
with having an exceptionally strong baseline in the
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domain [17]. Sun et al. (2019) introduced BERT4Rec,
modeling user behavior sequences using a bidirectional
self-attention mechanism inspired by BERT to improve
predictive performance further [18].

Another dominant paradigm involves modeling user-
item interactions as a bipartite graph and employing Graph
Neural Networks (GNNSs) to learn node embeddings via
information propagation and aggregation. Wang et al.
(2019) proposed the NGCF model, which models the
high-order connectivity of the user-item interaction graph
to improve user and item embeddings [19]. However, its
complexity led to the development of more efficient, less
complex models. He et al. (2020) introduced LightGCN,
minimizing the use of the GNN architecture to solely the
most important neighborhood aggregation operation. This
reduced model worked better and faster and demonstrated
that neighborhood aggregation is the backbone for
collaborative filtering signal learning [20]. These new
deep models provide robust tools for analyzing the
complex and dynamic behavior of agents in games.

2.3 Bias and debiasing in recommender
systems

Real-world recommendation data is biased in nature,
and directly training models over such data might lead to
poor or even wrong results. Debiasing has hence become
a critical research area. One large issue is selection bias,
where data seen is not a random sample since users only
interact with items which are visible to them. To explain
this, Schnabel et al. (2016) applied Inverse Propensity
Scoring (IPS) from causal inference, where every
observed interaction is weighted by the inverse of its
observation probability [6]. Joachims et al. (2017)
proposed a bandit-based approach to offline testing of new
policies in an unbiased way from biased feedback logs [7].
Exposure bias is another prevalent issue, which Liang et
al. (2016) addressed by co-modeling exposure probability
of an item and user interest [21] and Saito (2020)
addressed using an asymmetric tri-training method for
unbiased learning from implicit feedback [22].

Popularity bias, in which very popular items
dominate interactions and recommendations, is yet
another essential issue. To alleviate this, Abdollahpouri et
al. (2019) used a multi-objective method to re-rank
recommendation lists, increasing novelty and diversity
while accuracy is retained [23]. Disentanglement is a more
extreme solution. Zheng et al. (2021), for instance,
proposed a method to disentangle the user intention into
intrinsic feature preference against popularity tendency so
that more precise recommendations are possible [24].
Causal inference has provided a powerful theoretical
framework for debiasing in recent years. As summarized
by Zhang et al. (2021), it is critical to construct a causal
graph to describe the causal relationships between
variables (e.g., user preference, item features, exposure) in
order to achieve debiasing [25]. According to this line of
direction, Wang et al. (2022) implemented a causal
intervention framework based on the back-door
adjustment criterion to eliminate the confounding effect of
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factors like popularity in preference estimation [26]. The
causal disentanglement idea put forth in our research is
inspired by these developments directly.

2.4 Reinforcement learning in
recommendation

Defining the recommendation process as a Markov

Decision Process (MDP) makes Reinforcement Learning
(RL) a promising paradigm, as it attempts to learn a policy
that maximizes long-term user reward in terms of
engagement and satisfaction. Shani et al. (2005) was
among the first to formally define recommendation as an
MDP and explore RL-based optimization and laid the
foundation for subsequent work [27]. Deep learning
integration introduced the widespread application of Deep
Reinforcement Learning (DRL) in recommendation. For
example, Zheng et al. (2018) proposed the DRN model for
news recommendation from a Deep Q-Network (DQN)
optimization of long-term user reading experience [28],
while Chen et al. (2019) presented a Top-K DRL
framework with a cascade of DQN and DDPG to decide
what to recommend and whether to recommend [29].
But applying RL to real recommender systems is plagued
with issues including enormous state-action spaces, and
the problem of online training and testing [30]. This has
raised interest in Offline Reinforcement Learning, which
seeks to learn good policies from static, fixed datasets, as
reviewed by Huan et al. (2020) [31]. Under
recommendation, Xin et al. (2020) presented a self-
supervised RL method that learns from historical data
using counterfactual policy learning [32]. Of particular
relevance where RL and debiasing overlap is that the
reward signals themselves are not just biased but also
noisy. Chen et al. (2021) observed that using biased
signals like clicks as rewards will cause the RL agent to
learn an biased policy. They proposed a causal inference-
based reward estimation method to obtain a less biased
reward signal towards debiased policy learning [33], a
motivation which has a very close resemblance with our
work. While methods like MADDPG and QMIX have
advanced cooperative MARL, their application in
recommendation has focused on item-level selection... A
critical gap remains in addressing the higher-level
strategic problem of resource allocation among different
scenarios to optimize long-term ecosystem health. Our
work directly targets this gap by utilizing a counterfactual
credit assignment mechanism specifically for strategic
allocation, differentiating it from prior work. Our work is
at the confluence of these new areas, with the objective to
bring together ideas from sequential modeling, debiasing,
and reinforcement learning to propose a novel and
effective solution in the area of game recommendation.

3 Problem description and

mathematical model

This chapter establishes a rigorous mathematical
framework for the strategic regulation of dynamic game
recommendation systems. Drawing inspiration from the
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domain of multi-scenario resource allocation, we
conceptualize the game recommendation platform as a
complex ecosystem composed of multiple sub-modules,
each with distinct recommendation objectives. Building
upon this conceptualization, we formally frame the
problem as a Decentralized Partially Observable Markov
Decision Process (Dec-POMDP) and introduce Multi-
Agent Reinforcement Learning (MARL) as the solution
paradigm. The central paper of this chapter is to elevate
the conventional problem of "item selection" to the
strategic level of "recommendation policy resource
allocation," with the overarching goal of optimizing long-
term player retention and ecosystem vitality.

3.1 Problem formulation: from item
recommendation to strategic allocation

Modern game recommendation platforms typically
consist of several parallel recommendation modules, or
"scenarios,” such as "For You," "Trending Now," "New
Discovery,” and "Friends Are Playing." Each module
serves a specific objective, collectively shaping the
player's game discovery experience. However, the
platform's computational resources and the exposure slots
on the user interface  (collectively  termed
"recommendation resources") are finite. At any given
moment, the platform faces a critical trade-off: to which
recommendation module should the limited resources be
predominantly allocated?

1.0Over-allocating to "Trending Now": This may yield
high short-term click-through rates (CTR) but can lead to
a long-term "Matthew effect,” stifling the visibility of
innovative and independent games and trapping players
within "filter bubbles.”

2.0ver-allocating to "New Discovery": This could
enhance content diversity and address the cold-start
problem for new titles, but it might result in a transient
decline in user satisfaction due to the variable quality of
new games or lower initial prediction accuracy.

Consequently, traditional optimization methods that
target a single recommendation list are insufficient for
managing this platform-level ecological balance. This
research redefines the problem as follows:

Within a system composed of multiple
recommendation scenarios, how can we dynamically
allocate recommendation resources to each scenario based
on real-time player feedback and platform state, in order
to maximize the platform's long-term cumulative utility
(e.g., aggregate player engagement, ecosystem diversity,
and retention)?

This is a classic sequential decision-making problem
characterized by multiple agents and incomplete
information, rendering it exceptionally well-suited for
modeling with multi-agent reinforcement learning. The
interaction loop proceeds as follows: at each timestep t,
the environment provides each agent i with a local
observation. Each agent then selects an action based on its

policy.
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3.2 Multi-agent markov decision process
modeling

We model the entire game recommendation platform
as a multi-agent system, wherein each recommendation
scenario (e.g., "Trending Now") is treated as an
independent agent. All agents operate within a shared
environment-the game platform-and cooperate to allocate
globally shared recommendation resources [34]. This
process is formalized as a Dec-POMDP, defined by the
tuple (9,8, A, P, R, Q,0,7).

e J7={12,..,n} The set of n agents,

representing the recommendation scenarios.

e §:The global state space of the environment.

o A=A XXA,: The joint action space of

all agents.

e P : The state transition probability function.

e R :The joint reward function.

o (0=, x-xQ,: The joint observation space

of all agents.

e O : The observation probability function.

e y €0,1): The discount factor.

(1) State Space (8§ ) and Observation Space ( Q)

In our model, the environment's global state s, € § at
any time step t contains a complete description of the
entire platform ecosystem, which is generally not fully
observable by any single agent. The global state is a
composite of several factors, including the Global Player
State Distribution, which comprises aggregated statistics
of the entire active player base (e.g., distributions of skill
levels, preference vectors, and engagement patterns); the
Global Resource Status, defined by the total remaining
computational or exposure budget B, ; and the Game
Catalog Status, which includes information such as the
rate of new game submissions and their genre distribution.

Due to the decentralized nature of the setting, each
agent i cannot access the full global state s,. Instead, it
receives a local observation o;, € Q;. This observation
primarily consists of Local Performance Metrics, such as
the key performance indicators (KPIs) for scenario i from
the previous time step (e.g., its click-through rate CTR}™*
and conversion rate VR~ ); Local Resource Information,
which is the amount of resources a; ., that was allocated
to agent i in the preceding time step; and Partial Global
Information that is made available to all agents, such as
the total remaining resource budget B,.

(2) Action Space (A)

At each time step t, the action a;, € A; taken by
agent i is the amount of resources it requests from the
system. These resources can be of different types. For
example, they can be Computational Resources,
representing the processing power required to run the
recommendation model, where actions can be discretized
into levels (e.g., a;. € {low-fidelity model, medium-
fidelity model, high-fidelity model}) corresponding to
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different costs and quality. Alternatively, they can be
Exposure Resources, such as the number of slots or the
ranking weight assigned within the main recommendation
feed, where actions can represent the requested proportion
of total exposure (e.g., a;, € [0,1] ). The joint action of all
agents, a; = (ay .., an;) , cONstitutes the system's
decision for that time step. The platform then arbitrates
these requests based on the global resource constraint B;.

(3) Reward Function (R)

This is formulated as a cooperative task where all
agents aim to maximize the platform's overall long-term
utility. Therefore, we employ a global reward signal ;
that is shared among all agents. To provide a more
informative and less sparse learning signal, we adopt the
concept of a differential reward. The global reward r; is
composed of two parts: the marginal change in the
platform's aggregate utility, AE, , and a penalty for
resource consumption. The Marginal Utility is defined as
AE, = E, — E._,, where the utility function E; is not
monetary but rather a composite metric reflecting the
long-term health of the platform:

E; = w, - TotalPlayTime , + w, - RetentionRate , + w;
- Diversity ,

The terms wy, w,, ws are weighting coefficients that
represent the platform's strategic priorities regarding
aggregate player engagement, user retention, and the
diversity of recommended content (which can be
measured by metrics such as the Gini coefficient or
Shannon entropy). The second component is the Resource
Cost Penalty, C(a,), which is the total cost incurred by the
joint action a,. TotalPlayTime is the sum of all player
session durations in timestep t, timestep t-k who remain
active at timestep t, and Diversity is measured using the
Shannon entropy of the genres of recommended games.
RetentionRate is the percentage of players from The
hyperparameter A balances the trade-off between utility
maximization and cost minimization. The complete
reward function is thus:

r.=AE, —A-C(a,)

This design incentivizes agents to cooperate in order
to maximize the platform's core long-term metrics in the
most cost-effective manner.

(4) State Transition (P) and Observation
Functions (0)

Following the execution of the joint action a,, the
global state of the environment transitions from s; to s; 4
according to the probability distribution s, ~ P(:|
S¢,a.). This transition is a complex stochastic process
driven by the interactions of all players with the newly
recommended content, leading to updates in their
preferences, skill levels, and overall platform engagement.
Simultaneously, each agent i receives a new local
observation 0;,41 ~ OC| s¢4q,i) , which reflects its
performance in the new time period (e.g., its updated
CTR).
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Table 3.1: Definition of key symbols (multi-agent formulation)

Symbol Description

n The set of agents (recommendation scenarios) and their quantity.
Sg,ap, Iy The global state, joint action, and global reward at time t.

Ot Qi t The local observation and action of agent i at time ¢.

B, The global resource budget at time t.

E; The aggregate platform utility at time ¢.|

AE, The marginal change in platform utility.

C(ap) The total cost of the joint action a,.

A The weighting coefficient for the cost penalty.

m;(a;||t; | The policy of agent i, conditioned on its observation history t;.

3.3 Optimization objective

The objective for each agent i is to learn a local policy
m;(a; | T;), which maps its history of observations 7; =
(0i0,ai0,...,0;¢ ) to a distribution over its actions. The
goal of the joint policy © = (my, ..., 7,,) is to maximize the
expected discounted sum of the shared global reward:

T
J(m) = Eso~p0,ai’t~n’i,st+1~? [Z ytrt]
t=0

To solve this Dec-POMDP, we will leverage the
Centralized Training with Decentralized Execution
(CTDE) paradigm in the subsequent chapter. During the
training phase, a centralized critic, which has access to the
global state and all agents' information, can effectively
guide the learning of each agent's policy. This resolves the
critical challenges of credit assignment and non-
stationarity inherent in multi-agent learning. During the
execution phase, each agent acts in a decentralized manner,
relying solely on its local observations. This paradigm is
highly scalable and practical, making it an ideal fit for the
recommendation resource allocation problem we have
formulated.

4  Guld-Based ecosystem-aware
allication of resources (GEAR)

In our Dec-POMDP formulation, the quality of an
agent's observation is paramount for effective decision-
making. To ensure our agents operate on a rich and
semantically meaningful representation of the ecosystem,
we move beyond simple entity IDs and leverage a
structured database of game metadata. This database
captures detailed information about games, including their

genres, developers, player interactions, and other relevant
attributes.

To unlock the full potential of this structured data, we
employ a novel state representation pipeline that fuses the
relational nature of our metadata with the semantic power
of Large Language Models (LLMs). As illustrated in
Figure 4.1, our approach begins by extracting factual
records (e.g., (Entity: 'The Witcher 3', Attribute: ‘Genre’,
Value: 'Action RPG'")) from our metadata database. The
textual descriptions associated with each part of the record
are then fed into a pre-trained BERT-base model to
generate dense, 768-dimensional initial embeddings.
During this relational training, the LLM parameters are
frozen, and L2 normalization is applied to the embeddings.
These semantically-initialized vectors subsequently serve
as input to a Relational Embedding Model (e.g., Transk,
RotatE), which refines them into final vectors that are
optimized for inferring latent relationships. These final
embeddings form a core component of the observation
provided to each agent, empowering them with a nuanced
understanding of the game landscape.

Analogously, GEAR treats all recommendation-
scenario agents as members of a cooperative guild with a
unified objective. The algorithm is architected upon the
Centralized Training with Decentralized Execution
(CTDE) paradigm and incorporates a Counterfactual
Baseline as its key credit assignment mechanism. During
the centralized training phase, an omniscient centralized
critic leverages global information to guide the policy
learning of each decentralized agents. In the decentralized
execution phase, each agent makes independent resource
allocation decisions based solely on its local observations.
Through this methodology, GEAR aims to learn a
synergistic resource allocation policy that is both efficient
and stable, capable of maximizing the long-term
ecological value of the platform.
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Figure 4.1: LLM-enhanced semantic representation for agent states. the diagram illustrates our pipeline for generating
rich state representations from structured game metadata.

4.1 The GEAR algorithmic framework

The overall architecture of the GEAR algorithm is based
on the classic Actor-Critic model, specifically adapted for
the multi-agent setting.

This framework is principally composed of two
components:

1.A Set of Decentralized Actors: Each
recommendation-scenario agent i is equipped with an
independent actor network, denoted as m;(a; | 0;;6;) .
This network is responsible for generating a policy over
actions (resource requests) based on the agent's own local
observation o;. During the execution phase, these actor
networks operate independently, which ensures the
efficiency and scalability of the system's decision-making
process.

2.A Single Centralized Critic: The critic network,
Q.: (s, a; ¢), functions as the centralized critic during the
training phase. It has access to the global state information
s and the joint action a of all agents. The primary task of
the critic is to accurately estimate the long-term
cumulative value (the Q-value) of taking the joint action a
in the global state s. Because the critic possesses a global
perspective during training, it can effectively overcome
the non-stationarity of the environment and provide a
stable and accurate learning signal for the optimization of
the actor networks.

The primary advantage of the CTDE framework is its
ability to leverage global information, which is
unavailable during execution, to inform the training
process. This significantly enhances learning stability and
the performance of the final converged policy without
sacrificing execution-time efficiency.

4.2 The centralized critic and the global
value function

The design of the critic network, Q. (s, a; ¢), is the
cornerstone of the GEAR algorithm [35]. Its inputs are the
global state s, containing Global Player State Distribution,
Global Resource Status, Game Catalog Status and the joint
action of all agents a, = (ay, ..., @, ). In practice, as the
true global state s, can be high-dimensional or partially
inaccessible, it is often approximated by the concatenation
of all agents' local observations, i.e., (01¢, ..., 0p ¢ ).

The output of the critic network is a scalar value,
representing the estimated joint state-action value,
010t (s, a,). The network is updated by minimizing the
temporal difference (TD) error. Its loss function, L(¢), is
defined as the mean squared error between the predicted
Q-value and a target value y, :

2
L(¢)=E [(Yt — Qo (S, ¢)) ]
The TD target y, is computed using the Bellman
equation:
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Here, Q,,; and ¢’ represent the target critic network
and its parameters, respectively, which are periodically
updated to stabilize the learning process. The next joint
action, a},,, is selected according to the target actor
policies &’. By this mechanism, the critic learns to form a
global value judgment on the collective behavior of the
entire "guild,"” providing a solid foundation for subsequent
credit assignment.

4.3 Decentralized actors and
counterfactual credit assignment

Although we have a centralized critic capable of

evaluating the global value, the resulting learning signal
(i.e., the TD error) is holistic to the entire group of agents.
We still face the challenge of decomposing this collective
reward signal to each individual agent. A naive approach
where each agent uses the same global reward signal to
update its policy would be inefficient, as it prevents an
agent from discerning the quality of its own actions,
thereby severely hindering the learning process.
To overcome this, the GEAR algorithm incorporates a
Counterfactual Baseline mechanism. The core intuition is
as follows: to evaluate the utility of agent i taking action
a;, one should not merely consider the global reward, but
rather ask the counterfactual question: "What would have
happened if | (agent i) had acted differently, while all other
agents' actions remained the same?"

Specifically, for each agent i, we compute an
individual advantage function A;(s¢a.). This function
measures the difference between the global Q-value for
the current joint action a, and a counterfactual baseline
b(st, at,_i). This baseline represents the expected Q-value
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if agent i were to follow its current policy, while the
actions of all other agents, a, _;, are held constant.
Ai(st,ap) = Qror(spar) — b(st: at,—i)
The counterfactual baseline b(s,, a, ;) is calculated
by marginalizing out agent 's action:

b(st' at,—i) = Z ”i(af | oi,t)Qtot (St' (a;,at'_i))

a;ec/li
Here, a,_; denotes the joint action of all agents
except for agent i .

This counterfactual-based advantage function A; provides
arich, personalized learning signal for each agent. If 4; >
0, it implies that the action a; . currently chosen by agent
i is better than its average performance, and thus the
policy network should increase the probability of selecting
this action. Conversely, if A; < 0, the probability should
be decreased.

The objective for each actor network m; is to
maximize its expected advantage. Its policy gradient is
then given by:

VGi](T[i) = IE[VQ,-lOg T[i(ai,t | Oi,t)Ai(St' at)]

In this manner, the GEAR algorithm ingeniously
utilizes the centralized critic to compute the marginal
contribution of each agent, thereby effectively solving the
credit assignment problem.

4.4 The GEAR learning procedure

The complete training procedure for GEAR follows
the standard Actor-Critic paradigm, incorporating
techniques such as experience replay and target networks
to enhance stability.

Table 4.1: The GEAR Algorithm

Algorithm 1: The GEAR Algorithm

Input: actor network m;(+; 8;) , target actor network m;(-; 8/), centralized critic network
Quot (-; @) and target critic network Q/,, (+; ¢'). Initialize for all i :

7 (5 01, Qeor (5 D)

(5 0;) « m (5 0;), Qtor (5 ") & Quot (5 @)

with 0] « 6;,¢" « ¢

Output: Optimized GEAR model parameters

1. Initialize: For each agent i, initialize actor network m;(:; 8;) and target actor network
w;(-; 8;). Initialize centralized critic network Q. (; ¢) and target critic network
Qs ¢ ¢"). Initialize experience replay buffer D.

2. for episode =1 to M do:

3. Reset environment and get initial observations 0 = (040, ..., 0n)-

4, fort=0toT—1do:
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5. foreachagenti = 1 tondo:

6. Select action a;, from policy m;(a;; | 0;,) (with exploration noise).

7. end for

8. [Execute joint action a,, observe global reward r, and next observations o, ;.

9. Observe global state s; and s, (or their approximations).

10.
11.
12. Update Critic:

13.

Update ¢ by minimizing the loss: L(¢) =~ %; (¥, — Qu: (5,25 ¢))

Store the transition tuple (s;, 0, a;, 13, S¢41, 0441) in replay buffer D.

Sample a random mini-batch of transitions from D.

Compute the TD target: y; = 7; + ¥ Q{0 (s, aj; ¢"), where aj is from target policies 7.

2

14,

15. Update Actors:

16. for each agenti = 1 to ndo:

17. Compute the counterfactual advantage function A;.
18. Update 6; using the policy gradient: Vg J (1r;).

19. end for

20. Soft update target networks:

2. ¢' <1+ (1 —1)p’

22. 6 « 10, + (1 —1)0; forall i

23. end for

24. end for

Through this procedure, the GEAR algorithm enables
agents representing different recommendation scenarios to
learn to cooperate as an effective "guild." They can
discover near-optimal resource allocation policies within
a complex, dynamic environment, ultimately enhancing
the health of the entire game recommendation ecosystem
and improving long-term player satisfaction.

5 Experiments

This chapter presents a comprehensive empirical
evaluation of the proposed GEAR algorithm. To validate
its effectiveness, we have designed a simulated game
recommendation ecosystem that captures the essential
dynamics and trade-offs discussed in previous chapters.
The experimental design is structured to thoroughly
investigate GEAR's overall performance against
established baselines, analyze the contribution of its core
architectural components, and assess its ability to learn
adaptive, context-aware strategies. Through a series of

rigorous experiments, we demonstrate GEAR's superior
performance, stability, and strategic intelligence in
managing a complex recommendation ecosystem.

5.1 Experimental setup

(1) Simulated game recommendation environment

We developed a discrete-time  simulation
environment to model a dynamic game recommendation
platform. The environment consists of a set of agents, a
population of simulated players, and a global utility
function. We model a population of 100,000 simulated
players, with preferences sampled from K=5 prototype
vectors (representing genres) with added Gaussian noise.
Player preferences evolve via a Markov chain, where
interaction with a 'Skill-Up Saga' game has a P=0.1
probability of transitioning the player to a higher skill state,
increasing their long-term retention probability.



252  Informatica 49 (2025) 243-258

The platform features four distinct recommendation
agents ( n=4), each representing a unique strategic
objective. The first, Agent 1: Trending Titans, aims to
recommend highly popular games with a high probability
of immediate engagement, contributing significantly to
TotalPlayTime but minimally to Diversity . The second,
Agent 2: Indie Gems, focuses on discovering and
promoting high-potential, niche independent games,
acting as the primary driver of the platform's Diversity
metric and the New Game Discovery Rate . The third,
Agent 3: Skill-Up Sagas, recommends games slightly
above a player's estimated skill level to foster growth and
mastery, which is the main contributor to the long-term
RetentionRate . Finally, Agent 4: Community Picks,
recommends games based on social signals and has a
moderate impact on both TotalPlayTime and
RetentionRate.

At each time step, the environment calculates a
global utility score E, based on the collective performance
of all agents, with weights set to w; = 0.4,w, =
0.4,w; = 0.2 to reflect a balanced focus on engagement,
retention, and diversity. The shared reward r; given to all
agents is the differential utility, calculated as r, = E;, —
E._,. Each agent's action a;, is a discrete choice from
{0,10,20, ...,100}, representing the percentage of the total
resource budget it requests. The environment normalizes
these requests to ensure the sum is 100%. An agent's local
observation o; , includes its allocated budget and resulting
CTR from the previous step.

(2) Baseline methods

To rigorously evaluate GEAR, we compare it against
a suite of baseline methods. We include two non-learning
policies: Static-Uniform, which allocates exactly 25% of
resources to each agent, and Static-Popularity, a biased
policy allocating 70% of resources to "Trending Titans" to
mimic a system focused on short-term engagement. For
learning-based baselines, we use Independent Q-Learning
(IQL), where each agent learns independently, to highlight
the challenges of non-stationarity. We also compare
against two state-of-the-art MARL algorithms: MADDPG,
a popular actor-critic algorithm using the CTDE paradigm,
and QMIX, a value-decomposition method that enforces a
monotonicity constraint between individual and total Q-
values.

(3) Evaluation metrics
We use a range of metrics to evaluate performance
from different perspectives. The primary metric is
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Cumulative Global Utility, calculated as the sum of the
utility function E, over an entire episode. To break this
down, we measure Total Play Time in thousands of hours
to reflect overall engagement, and the Long-term
Retention Rate, the percentage of players remaining active
at the end of an episode, to measure the platform's ability
to sustain its user base. To assess the health of the
recommendation ecosystem, we use Recommendation
Diversity, measured by the Shannon entropy of
recommended game genres, and the New Game Discovery
Rate, which is the percentage of recommendations for
recently released games.

(4) Implementation details

All algorithms were implemented in PyTorch. For all
actor-critic methods (GEAR, MADDPG, I1QL), both actor
and critic networks were modeled as 2-layer MLPs with
128 hidden units and ReL U activation. We used the Adam
optimizer with a learning rate of 10—4 for all networks.
The discount factor y was set to 0.99, and the soft update
parameter 1 for target networks was 0.01. Each experiment
was run for 5 million time steps, and results were averaged
over 5 independent random seeds. We selected MADDPG
and QMIX as they represent two distinct and foundational
approaches to CTDE (actor-critic and value-
decomposition, respectively), providing a strong baseline
for our novel problem formulation.

5.2 Comparative performance analysis

To evaluate our proposed GEAR algorithm, we
benchmarked its effectiveness and learning efficiency
against several mainstream MARL baselines—IQL,
QMIX, and MADDPG—as well as two static policies.
The performance of each algorithm in maximizing the
cumulative global utility was recorded over 5 million
training timesteps within our simulated environment.

As depicted in Figure 5.1, the learning curves
illustrate the performance progression of each algorithm
throughout the training process. The y-axis represents the
cumulative global utility, a core metric for the long-term
health of the platform ecosystem, while the x-axis denotes
the training timesteps. The solid lines indicate the mean
performance averaged over 5 independent runs with
different random seeds, and the shaded areas represent the
standard deviation, visually conveying the stability of the
learning process.
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Comparative Performance Learning Curves

Algorithm
GEAR (Ours)
= MADDPG
—_ QMIX
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Figure 5.1: Comparative Performance Learning Curves. The plot shows the cumulative global utility of GEAR (Ours)
against various baselines over 5 million training timesteps. Solid lines represent the mean utility averaged across 5
runs with different random seeds, while the shaded areas indicate the standard deviation (SD). The horizontal dashed
and dotted lines denote the performance of the Static-Uniform and Static-Popularity policies, respectively.

From the results, we can clearly observe the
following:

1.Final Performance: The GEAR algorithm (yellow
curve) converges to the highest cumulative global utility
(approx. 31,540) by the end of the training, significantly
outperforming all other baselines. This demonstrates the
superior capability of our proposed method in optimizing
for long-term ecosystem objectives.

2.Learning Efficiency: GEAR not only achieves the
best final performance but also exhibits a faster learning
rate, as its curve starts to consistently surpass all other
dynamic algorithms after approximately 3 million
timesteps.

3.Learning Stability: Compared to other algorithms,
particularly 1QL, GEAR's learning curve is considerably
smoother with the narrowest standard deviation band. This
provides strong evidence that our counterfactual credit
assignment mechanism effectively mitigates the non-
stationarity problem in multi-agent learning by providing
a more stable and accurate learning signal. In contrast, the
significant fluctuations and wide variance of the IQL
curve expose the limitations of independent learning in
such complex coordination tasks.

Beyond the learning dynamics, we evaluated the final
performance of all algorithms across four key ecosystem
health metrics after the training converged. Figure 5.2
presents a grouped bar chart comparing these final metrics,

offering a static snapshot of each algorithm's strategic
trade-offs.

The results reveal a crucial insight into the
shortcomings of myopic optimization. The Static-
Popularity baseline, for instance, achieves the highest
Total Play Time. However, this short-term gain comes at
a significant cost to long-term ecosystem health, as it
scores the lowest on Long-term  Retention,
Recommendation Diversity, and New Game Discovery
Rate. This stark contrast visually validates our core
hypothesis that optimizing for immediate engagement can
be detrimental to the platform's sustainability. In contrast,
our proposed GEAR algorithm demonstrates a more
balanced and forward-looking strategy. While its total
play time is competitive, it significantly outperforms all
other methods across the three critical long-term health
indicators: retention, diversity, and discovery. This
demonstrates that GEAR successfully learns to forgo
maximal short-term gains in favor of strategies that foster
a healthier, more diverse, and more engaging ecosystem
for players in the long run. To validate the robustness of
our findings, we performed a two-sample t-test on the final
cumulative global utility results from the 5 independent
runs. The performance difference between GEAR and all
baselines (MADDPG, QMIX, IQL) was found to be
statistically significant (p < 0.05).
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Final Performance Metrics Comparison
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Figure 5.2: Final Performance Metrics Comparison. The bar chart compares the final performance of GEAR
(Qurs) against all baseline algorithms across four key ecosystem health metrics. Each group of bars represents a
distinct metric, while each colored bar corresponds to a specific algorithm.

5.3 Analysis of core algorithmic
components

To isolate and verify the contribution of our core
technical innovation, we conducted an ablation study on
the counterfactual credit assignment mechanism. We
compared the performance of the full GEAR model
against an ablated version, termed GEAR-CB, in which
the counterfactual baseline was removed, forcing each
agent to use a simpler, less informative global value
function for credit assignment.

The results, presented in Figure 5.3, unequivocally
demonstrate the critical importance of the counterfactual
baseline. The removal of this mechanism led to a
substantial performance degradation across both key
metrics. Specifically, the full GEAR model achieved a
30.8% higher Cumulative Global Utility and a 22.2%

higher Long-term Retention Rate compared to its ablated
counterpart. Furthermore, the smaller error bar for the full
model in the utility plot indicates a significant
improvement in learning stability, which we attribute to
the more accurate and targeted credit assignment provided
by the counterfactual analysis. This result provides
compelling evidence that our proposed credit assignment
mechanism is the primary driver behind GEAR's superior
performance and stability. To further validate our design
choices, we conducted two additional ablations. First, a
'GEAR (No Semantics)' version using simple one-hot
encodings instead of LLM+TransE embeddings resulted
in a ~15% drop in final global utility. Second, a 'GEAR
(Fixed Priorities)' version (emulating IQL's lack of
coordination) performed ~20% worse than the full GEAR
model, highlighting the necessity of dynamic, learned
policies.
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Ablation Study: Impact of the Counterfactual Baseline
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Figure 5.3: Ablation Study on the Counterfactual Baseline. The chart compares the performance of the full GEAR model
against an ablated version (GEAR-CB) that lacks the counterfactual credit assignment mechanism.

5.4 Evaluation of strategic adaptability

Finally, we investigated whether GEAR could learn
strategically adaptive policies in response to changing
platform objectives. We ran modified experiments where
we altered the weights of the global utility function to
signal a shift in platform strategy. In the first modified
scenario, which we term the Retention-Focused Scenario,
the weight for retention ( w, ) was increased to 0.7 , with
other weights reduced proportionally. In the second, the
Diversity-Focused Scenario, the weight for diversity (ws )
was increased to 0.7 . We then observed the average

resource allocation of the converged GEAR policy in each
scenario to assess its adaptability.

Figure 5.4 illustrates the results using a 100% stacked
bar chart, showing how GEAR dynamically reallocates its
recommendation resources among the four agent types
under each scenario. The strategic shifts are both
significant and intuitive. The policies shown in Figure 5.4
represent the final converged strategies after being
retrained from scratch with the new utility weights. This
strategic shift highlights the platform's trade-offs; for
instance, in the 'Diversity-Focused' scenario, while
diversity increased, the 'Total Play Time' metric
consequently decreased by approximately 12%.

Strategic Adaptability: Resource Allocation under Different Objectives

100%

80%

60%

Resource Allocation (%)

20%

Default

Retention-Focused

Agent Type
H Trending Titans
I indie Gems
B skill-Up Sagas
[ Community Picks

Diversity-Focused

Platform Objective Scenario

Figure 5.4: Strategic Adaptability of GEAR. The 100% stacked bar chart illustrates how GEAR dynamically adjusts
its resource allocation strategy among the four agent types in response to different high-level platform objectives. Each
bar represents a scenario, and the colored segments within each bar show the percentage of resources allocated to a
specific agent type.
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When the objective shifted to Retention-Focused,
GEAR astutely increased the resource allocation for the
Skill-Up Sagas agent from 35.5% to 55.2%. This aligns
with the understanding that promoting player skill
progression is a key driver for long-term engagement.
Conversely, when tasked with a Diversity-Focused
objective, the algorithm dramatically pivoted its strategy,
boosting the allocation for the Indie Gems agent from 21.5%
to a commanding 58.3%. This demonstrates that GEAR
correctly identified the most effective agent for promoting
content diversity.

These results provide strong evidence that GEAR
learns more than a single optimal policy; it learns a meta-
policy that maps strategic objectives to optimal resource
allocation strategies. This adaptability is a critical feature
for building next-generation recommender systems that
can be intelligently steered by platform managers.

6 Discussion

Our results demonstrate that GEAR significantly
outperforms all baselines. We attribute this success
primarily to the counterfactual credit assignment
mechanism. Unlike the standard critic in MADDPG or the
monotonic  value function in QMIX, GEAR's
counterfactual baseline (Eq. X) provides each agent with
a precise, personalized learning signal... This resolves the
credit assignment problem by isolating an agent's marginal
contribution, leading to better long-term retention and
diversity by preventing agents from myopically
optimizing for a single metric.

Regarding practical deployment, GEAR is highly
efficient during execution. As each agent's policy is a
small 2-layer MLP, the inference time for a single decision
is less than 5 milliseconds on a standard CPU, well within
the latency requirements for real-time recommendation.
The centralized training, while more intensive, is offline.
Training for 5 million timesteps requires approximately 8
hours on a single NVIDIA V100 GPU, which is a feasible
cost for platform-level policy updates.

Our validation is confined to a simulated
environment. The model's generalization to different
player populations or its robustness against real-world
noise has not yet been tested. Our comparison was limited
to foundational MARL baselines (MADDPG, QMIX). We
did not benchmark GEAR against more recent policy-
based SOTA algorithms such as HAPPO or MAPPO.
Future work should address these limitations by testing
generalization and benchmarking against a wider array of
recent algorithms.

7 Conclusion

This paper has addressed a strategic and increasingly
prominent  challenge  within modern game
recommendation platforms: the dynamic allocation of
finite  resources among  multiple,  competing
recommendation scenarios to optimize the long-term
ecological health of the platform rather than transient
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business metrics. We identified that traditional
recommendation algorithms, with their focus on

maximizing the immediate efficacy of a single list (e.g.,
click-through rate), often neglect the potential negative
externalities on player retention, content diversity, and the
platform's long-term vitality. To overcome this limitation,
we proposed a novel paradigm by first modeling this
problem as a Decentralized Partially Observable Markov
Decision Process (Dec-POMDP), treating different
recommendation scenarios as cooperative agents.
Building on this formulation, we designed and
implemented a new multi-agent reinforcement learning
algorithm, GEAR (Guild-based Ecosystem-aware
Allocation of Resources). The GEAR algorithm leverages
the advanced Centralized Training with Decentralized
Execution (CTDE) framework, and its core innovation lies
in the introduction of a counterfactual-based credit
assignment mechanism. This mechanism enables each
independent agent to accurately assess its marginal
contribution to the global utility, effectively resolving the
critical challenges of non-stationarity and credit
assignment inherent in multi-agent learning.

Through extensive experiments conducted in a
purpose-built  simulated game  recommendation
environment, the performance of the GEAR algorithm
was comprehensively and rigorously evaluated. The
empirical results provide compelling evidence of our
method's effectiveness. Compared to static policies,
independent learning (IQL), and other advanced multi-
agent algorithms such as MADDPG and QMIX, GEAR
demonstrated significant superiority across all key long-
term metrics, achieving notable breakthroughs in
improving player retention and recommendation diversity.
Furthermore, a critical ablation study confirmed that the
counterfactual credit assignment mechanism is essential
for the algorithm's learning stability and final performance.
Most importantly, our research revealed that GEAR not
only learns highly effective cooperative strategies but also
possesses outstanding strategic adaptability, capable of
intelligently adjusting its internal resource allocation
patterns in response to dynamic shifts in the platform's
macroscopic objectives, such as changing the strategic
focus from retention to diversity.

Looking ahead, this work opens several promising
avenues for future research. These include exploring the
scalability of GEAR to a larger number of agents and more
complex, heterogeneous resource types; integrating more
sophisticated player models that capture skill progression
or churn propensity; and investigating explicit
communication protocols to further enhance agent
cooperation. The ultimate ambition is the validation and
deployment of this framework in a live, real-world
recommendation system, which would be the definitive
test of its efficacy. We believe the strategic, multi-agent
optimization approach presented in this paper represents a
significant step toward the next generation of self-
regulating, ecosystem-aware intelligent recommendation
systems.
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