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ABSTRACT

Social media platforms enable connection and entertainment, but
engagement-optimizing algorithms may drive compulsive overuse
and harm well-being. We propose a paired-trained recommender
with two shared modules: one maximizes engagement, while the
other discourages excessive sessions. To investigate user-recommen-
der interactions, we model users with a dual-system reinforcement
learning framework from computational neuroscience, capturing
individual differences such as variations in impulsivity and prefer-
ence structure. Compared to a standard engagement-maximizing
baseline evaluated over 200 trajectories per user type, our approach
reduces addiction-like behaviors without sacrificing engagement,
suggesting careful design can mitigate harmful overuse.
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1 INTRODUCTION

Social media platforms have transformed communication and in-
formation consumption, yet they raise serious concerns about com-
pulsive use. Unlike substance addiction, social media overuse stems
from cognitive vulnerabilities, including difficulties in balancing
immediate rewards against long-term well-being, the influence of
engagement-maximizing recommendation systems and the com-
plexity of exploration process. [9, 15, 16]. Although overall usage
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continues to grow, longitudinal evidence shows declining life satis-
faction, revealing an engagement-utility gap acknowledged both by
researchers and platform officials [13, 21, 22]. This issue is now rec-
ognized as a public health concern, particularly among adolescents,
with links to depression and anxiety [8, 23].

Algorithmic feeds and infinite scroll amplify engagement by
continuously tailoring content to users’ past behavior, creating self-
reinforcing consumption loops that hinder disengagement [1, 3].
Dual-system reinforcement learning (RL) models formalize the ten-
sion between habitual (model-free) and goal-directed (model-based)
control, capturing how repeated engagement can become automatic
even when it conflicts with users’ long-term goals [4, 6, 18, 20]. By
extending RL addiction models to incorporate explicit representa-
tions of recommender systems and the induced non-Markovian
dynamics, it is possible to study how algorithmic interventions
influence user behavior. [11, 16].

2 METHODS

We model the interaction between a user and a recommender sys-
tem as a multi-agent system operating within a shared environment
of psycho-physical states. This interaction is formalized as a two-
player general-sum Markov game [12] (S, Ay 2, P, Ry z), where S
represents the user’s state, A; the user’s actions, A, the recom-
mender’s actions, P the transition probability function, and Ry, R,
the respective reward functions. Notably, the recommender acts
only in a subset of states, making its reward sparse and dependent
on the user’s policy.

2.1 User Modeling

The user is represented by a dual-system reinforcement learning
(RL) model [20], combining a Model-Free (MF) Q-learning com-
ponent [25] that captures habitual behavior and a Model-Based
(MB) component using Prioritized Sweeping [14] for goal-directed
planning. The balance between habitual and reflective decision-
making is controlled by a parameter 8, with the combined Q-value
computed as:

Qumx(s.a) = fQOump(s,a) + (1 - B)Qumr(s, a).
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Additionally, the MBUS (Model-Based Updates per Step) parameter
determines the number of internal updates per iteration, modulating
planning depth.

2.2 Recommender System Modeling

We introduce two architectures: the PutIn-PutOut Recommender,
composed of two modules, and a Paired-Training Recommender,
which updates both modules at each interaction. The Putln module
maximizes engagement through positive rewards for accepted rec-
ommendations (+1) and penalizes rejections (-1), while the PutOut
module promotes healthy disengagement, assigning positive re-
wards (+1) when users avoid content and negative rewards (-1) for
prolonged use. Both modules are implemented as non-stationary
multi-armed bandits [24], using an exponentially weighted average
to adapt to shifting user preferences [27]. The Paired-Training sys-
tem extends this approach by allowing feedback from one module
to inform updates in both modules.

2.3 Environment Design

The environment maps state-action pairs to subsequent states and
rewards, with states grouped into: Healthy (reflecting the user’s
physical and psychological well-being), Neutral (reflecting no imme-
diate positive or negative effects on users), Recommender System
(representing interaction with social media, divided into RecShort
(brief use) and RecLong (prolonged use)), Aftereffects (modeling
the negative consequences of excessive social media use) and Bal-
anced (states that allow short social media interactions with limited
penalties).

Users can perform three actions: aG (action Goal, well-being),
aW (action Wait, no effect) and aD (action Drug, possibly incurring
in penalties). Probabilistic transitions (e.g. 50% chance of going
from RecShort to RecLong) capture the chance that, with repeated
use, a user drifts into excessive time spent, leading to negative
consequences. The escape point from RecLong provide a mecha-
nism for balanced engagement, reflecting realistic attempts to avoid
excessive use.

This environment extends previous models of behavioral ad-
diction [15], while capturing the complex interplay between dual-
system decision-making and recommender interventions. By sim-
ulating these dynamics, our framework allows the study of how
algorithmic design influence both compulsive and balanced engage-
ment [17].

3 EXPERIMENTS

To evaluate model performance, we conducted 200 simulations of
100,000 steps for each user parameter configuration, corresponding
to different endophenotypes. To enhance robustness, we applied
a bootstrapping procedure: for each configuration, 50 trajectories
were randomly sampled from the 200 simulations over 100 resam-
pling iterations.

We explored three main parameters. First, §, which captures
the balance between model-based (goal-directed) and model-free
(habitual) control. Second, recommender-assigned rewards to sim-
ulate three user populations: ADD (users for whom most content
is highly addictive), NOSM (users for whom most content is non-

addictive) and NTRL (users for whom some content is addictive and
other content is non-addictive). Third, we varied the PutIn learning
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rate to assess how the speed of adaptation influences user behavior.
The MBUS parameter was fixed at 2, as higher values produced
negligible differences in this simplified environment.

To assess the benefits of our proposed recommender, we eval-
uated its performance compared to a baseline architecture: an ag-
gressive dual-Putln system designed to maximize user engagement.

4 RESULTS

User behavior was evaluated in segments of 200 steps and classified
into four categories: Healthy, Addicted, Balanced and Uncertain.
These categories reflect reinforcement-learning-based distinctions
rather than clinical diagnoses. Healthy agents follow the long-term
optimal policy, Addicted agents over-select short-term rewarding
states, Balanced agents alternate between social media consump-
tion and healthy actions and, finally, Uncertain agents show no
dominant strategy. Consistently with prior work [2, 5, 15], addic-
tion in our framework emerges from model-free dominance and
exploration complexity.

Under the engagement-maximizing recommender, the popula-

tion for whom most content is addictive (popADD) predominantly
converges to addictive behavior, whereas non-addictive population
(popNOSM) gradually adopts healthier strategies by disengaging
from the social media platform. Balanced behavior rarely emerges
in this setting.
The PutIn-PutOut architecture mitigates addiction by fostering
balanced behavior, but over time many users disengage entirely,
raising sustainability concerns. Adjusting the learning rate of PutIn
improves stability, particularly when PutIn adapts more slowly. In
this configuration, PutOut can adapt more effectively to discourage
transitions into prolonged sessions, thereby reducing the likelihood
that users develop harmful usage patterns.

The paired-trained recommender further stabilizes balanced be-
havior by updating both modules at each interaction, substantially
reducing addiction across populations.

Finally, the scalability test with a larger content set (16 arms
instead of 4) confirms that the proposed recommender architecture
maintains its effectiveness.

Additional results, along with the code and environment details
are available at https://github.com/DimNeuroLab/SocialMediaAddi-
ction.

5 CONCLUSION AND FUTURE DIRECTIONS

This study introduces a framework to mitigate compulsive social
media use, demonstrating its effectiveness through simulation-
based evidence, by modeling users with a dual-system reinforce-
ment learning approach [9] interacting with a dynamic multi-armed
recommender system. The PutIn-PutOut architecture reduced ad-
dictive patterns and tuning the PutIn learning rate further stabilized
balanced engagement. The paired-trained recommender system re-
solved update imbalances, fostering more consistent balanced social
media usage across user types, with these effects remaining robust
even when larger content sets are considered.

Limitations include reliance on synthetic data, simplified user
modeling, and lack of social or content-aware interactions [7, 10, 26],
while persistent addiction under challenging conditions [9, 19]
highlights directions for future works.
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