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Abstract

Prolonged exposure to violent video games has been linked to increased aggression
and desensitization, raising concerns about their psychological impact. While ex-
isting anti-addiction systems focus on gameplay duration and identity verification,
few address players’ real-time responses to violent content. We introduce Pain-
Mouse, a multimodal embodied Al system that detects desensitization to in-game
violence and delivers pain-based haptic feedback to promote awareness and self-
regulation. Using a dual-path detection framework, the software module combines
and compares visual, audio, and behavioral data from the game and the player.
When emotional detachment is detected, a custom-built haptic mouse delivers
proportional feedback via electrical stimulation or mechanical impact. Drawing
from associative learning theories, our system explores whether repeated pairing of
violent actions with physical discomfort can reshape player sensitivity. This work
offers an Al-powered, embodied, behavior-sensitive intervention mechanism that
complements existing digital well-being frameworks.

1 Introduction

In recent years, the widespread presence of violent and gory elements in video games has raised
growing concerns about their impact on adolescent mental health. Numerous studies have shown
that prolonged exposure to such content can lead to increased aggressive cognition and behavior, as
well as desensitization toward real-world violence[Anderson & Bushman, 2001, Gentile et al., 2004].
Although many countries have implemented anti-addiction policies—such as real-name registration,
curfews, and spending caps—these mechanisms primarily focus on regulating gameplay duration
and verifying user identity[Xiao & Leon Y, 2020, Yang et al., 2023], while largely overlooking the
psychological and behavioral impact of violent game content itself.

Recent systems have incorporated artificial intelligence for user-level monitoring, including facial
recognition for age verification and behavioral analysis for addiction detection[Ferreri et al., 2018].
However, these approaches target surface-level usage patterns and demographic profiling, with
limited attention to the violent actions occurring within games, the player’s underlying intent, or the
emotional responses these actions provoke. Moreover, most existing systems lack real-time feedback
mechanisms to interrupt problematic behavior as it occurs. In contrast, pain-based haptic feedback
offers a direct sensory channel to intervene in the moment of violent gameplay. By introducing
physical discomfort during violent acts, such feedback can disrupt the pleasure-reward cycle and
heighten self-awareness. Drawing from Neuro-Associative Conditioning (NAC) theory—which
posits that behavior is shaped by associations between pleasure and pain—we aim to establish a
negative link between violent actions and pain, helping players develop a long-term awareness of
in-game violence.
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In this paper, we present PainMouse, a novel multimodal embodied Al system designed to detect
desensitization to in-game violence and intervene through pain-based haptic feedback. Unlike
prior approaches that focus on performance analytics or usage duration, our system targets the
player’s real-time psychological response to violent content. The software component of PainMouse
continuously analyzes visual and audio content from the game, as well as the player’s synchronized
reactions—including facial expressions, voice tone, and gameplay behavior (e.g., aiming or shooting
frequency). A dual-path detection architecture is used: one real-time module enables low-latency
feedback based on fast multimodal fusion, while a second, context-aware agent module integrates
longer temporal windows to identify subtler behavioral patterns. When the system detects a potential
mismatch between violent stimuli and emotional response, indicative of desensitization, it triggers
physical feedback through a custom-built haptic device. The hardware module, a modified computer
mouse, can deliver different forms of discomfort, such as electrical shocks or mechanical slaps,
mapped proportionally to the system’s violence assessment. Drawing from neuro-associative learning
theories, we explore whether repeated pairing of violent actions with mild but tangible pain can
help reshape the player’s long-term sensitivity and awareness toward digital violence. Rather than
punishing players for gameplay itself, our goal is to build an embodied intervention system that
sensitizes users to their own behavior and complements existing anti-addiction policies with real-time
psychological feedback.

2 Related Work

2.1 Mental Health and Conditioning

Concerns about the negative impact of video games on the mental health of children and adolescents
have grown in recent years. Violent video games, in particular, have been found to motivate players to
engage in aggressive behaviors by rewarding them for acquiring violent skills and causing destruction
[Gentile & Gentile, 2007]. These games have also been linked to increased incidents of school bullying
and reduced social satisfaction [Shoshani, Braverman, & Meirow, 2021], as well as heightened
aggression and diminished prosocial behaviors [Greitemeyer, 2022]. Behavioral psychology suggests
that positive reinforcement increases the likelihood of a behavior, while negative consequences
reduce it [Akpan, 2020]. In line with this, learning has been conceptualized as the acquisition of new
behaviors through mechanisms of conditioning [Séljo, 2021]. Moreover, the influence of evaluative
conditioning can persist even when individuals consciously attempt to suppress or control its effects
[Moran, Nudler, & Bar-Anan, 2023].

In response to concerns over excessive gaming, recent studies have begun to explore the use of
artificial intelligence (Al) as a means of preventing gaming addiction. Al-powered systems are being
developed to monitor players’ gaming patterns—such as play duration and frequency—in order to
identify early signs of addictive behaviors and issue timely prompts or alerts to encourage healthier
gaming habits [Zhang, Liu, & Chen, 2024]. In therapeutic settings, Al-based predictive models have
been employed to forecast the risk of relapse in behavioral addictions, including gaming disorder. By
tracking digital usage, these systems can notify both patients and healthcare professionals of potential
triggers, thereby facilitating earlier interventions and improved treatment outcomes [Johnson & Patel,
2024].

These findings collectively underscore the strong relationship between mental health and behavioral
cognition. While the application of Al in this domain shows promising potential, current interventions
remain largely limited to passive monitoring and warning mechanisms. There is a notable lack of
tangible, interactive strategies that actively guide users toward behavioral change. Future research
should focus on developing more embodied and experiential interventions that not only detect risks
but also meaningfully influence behavior in real time.

2.2 Pain as Modality

Pain is a continuous and multifaceted phenomenon, encompassing both sensory and emotional
experiences [Temel, Erden, & Bagcier, 2025]. Accurately perceiving pain in others requires complex
interpretation and inference processes [Sharkey, 2024]. Traditionally, pain detection has relied on
unimodal approaches, using singular features such as facial expressions, language, or body posture
cues [Werner et al., 2018; Voytovich & Greenberg, 2021; Waller, Julle-Daniere, & Micheletta,
2020]. Recent advances have introduced multimodal methods that combine these external signals
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with neurophysiological data, including electroencephalography (EEG), electromyography (EMG),
electrocardiography (ECG), respiration (RSP), and electrodermal activity (EDA) [Cao et al., 2024;
Naeini et al., 2020; Thiam & Schwenker, 2017].

Machine learning techniques—ranging from decision trees and Bayesian classifiers to neural net-
works—have been widely used in these applications [Lotsch & Ultsch, 2018]. Most existing work
is situated in medical or therapeutic contexts, such as postoperative pain monitoring or Al-assisted
mental healthcare. For example, facial EMG, ECG, and EDA signals have proven useful in clinical
settings [Naeini et al., 2020], while natural language processing (NLP) has shown potential in Al-
driven cognitive behavioral therapy for reducing anxiety and depression [Cao et al., 2024; Fitzpatrick,
Darcy, & Vierhile, 2017].

However, these studies are predominantly passive and observational, often relying on static video,
voice, or neurophysiological data collected in controlled experimental scenarios. There remains a
significant gap in research on pain as an active, embodied modality. That is, rather than treating
pain merely as an object to be inferred from external signs, few studies explore how pain itself—its
subjective and internal dynamics—can be directly modeled, represented, or communicated. There
is also a lack of tangible, interactive systems that engage with pain as a communicable modality in
real-world, socially embedded contexts.

2.3 Al-Driven Haptic Interaction

Recent research at the intersection of artificial intelligence (AI) and haptics has revealed promising
directions for enhancing user experience in virtual and augmented reality (VR/AR) environments.
Several studies have explored how Al-driven haptic feedback can contribute to immersive interaction,
improved decision-making, and enhanced human-AlI alignment. For instance, real-time analysis
of user behavior by Al algorithms enables the generation of dynamic haptic feedback, heightening
the sense of realism and engagement in virtual settings. One emerging direction involves haptic
repurposing, where generative Al transforms physical objects into adaptive haptic interfaces for
interacting with Al-generated virtual assets, thereby extending the tactile landscape of mixed reality
applications [Zhang et al., 2022; Fedoseev et al., 2022].

Other studies emphasize haptics as a critical channel for achieving perceptual alignment between
humans and Al. Multimodal feedback—especially the integration of visual and haptic stimuli—has
been shown to improve user performance, satisfaction, and mutual understanding in collaborative
tasks [Wu et al., 2025]. Research has also highlighted the role of haptic feedback in supporting shared
embodiment, co-presence, and body ownership in avatar-based virtual environments, demonstrating
its importance in fostering social presence and embodied interaction [ Venkatraj et al., 2023]. Addi-
tionally, muscle-based input systems such as EMG-driven force interfaces offer a more natural and
intuitive way for users to physically engage with virtual objects, further underscoring the relevance of
internal bodily signals in human-computer interaction.

These developments illustrate the growing recognition of haptics not just as an output modality, but as
an essential component of embodied, context-aware Al interaction. Haptic feedback enriches sensory
realism, strengthens user engagement, and facilitates bidirectional, affective experiences. However,
most existing work remains focused on delivering haptic information to the user. There is a notable
lack of research on closed-loop systems that interpret haptic feedback from the user as a cognitive
signal. That is, while touch is increasingly used as a medium for AI to communicate with humans,
few systems leverage tactile input as a meaningful expression of internal states—such as uncertainty,
discomfort, or attention. Future research may benefit from reframing haptics not only as a channel for
output, but also as a perceptual modality through which user cognition and affect can be dynamically
sensed and interpreted.

In conclusion, current research has explored mental health, pain detection, and haptic feedback. How-
ever, most approaches rely on passive observation or focus on output-only feedback, without engaging
pain as an active, communicable signal. Notably, the idea of haptic pain as a new modality—using
tactile expression of pain to bridge behavior and cognition—has yet to be fully explored. This presents
a valuable opportunity: by leveraging haptic pain as an interactive and embodied channel, future
research could support behavioral understanding and emotional communication, offering significant
potential for improving children’s mental health.
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3 Problem Statement

This research investigates whether controlled, repeated pain-based haptic feedback can modulate
players’ cognitive and bodily responses to violent gameplay. Specifically, we aim to detect and
address potential desensitization—situations where a player fails to exhibit appropriate emotional or
behavioral responses to violent or graphic in-game content. To this end, we propose a multimodal
system that evaluates both the external stimulus and the internal response of the player in real time.

At each time step t, the input to our system is a tuple:

x' = {v! a' b’}
where v € is a gameplay video frame, a’ € R” is the audio segment (player speech or
game sound), and b? € R¥ is a behavioral feature vector (e.g., gaze fixation rate, mouse tapping).

RHXWXS

‘We define two scalar functions:
st =w; - CLIP(v") 4w, - CLAP(a")
st = w3 - AU(v") + wy - SER(a") + w5 - Behavior(b")

where s, € [0, 4] represents the external violence intensity, and s. € [0, 4] quantifies the player’s
internal response level. The weights {w;} are manually tuned for decision-level fusion.

We define the desensitization gap as:
Al t t

=8y — S5y
Large values of A! indicate a lack of emotional engagement in response to intense stimuli, which
may trigger pain-based haptic feedback. Our objective is not to train a traditional supervised model
(i.e., no ground-truth y*), but to use this gap to study behavioral change over time through repeated
exposure and feedback. The pain feedback is delivered through a hardware device (PainMouse),
which activates when A? exceeds a predefined threshold:

0 if At <7
ty ) <
a9 = {min(él,round(At)), otherwise

By measuring and modulating the gap A? during gameplay, we aim to evaluate whether negative
reinforcement leads to re-sensitization or altered engagement with violent actions across repeated
sessions.

4 Proposed Approach

—— the game’s visual and
FPS game [ —_— 9 . —>
audio
E==30 )
Software: violence
A MLLM action/intent
Desensitization? 3 Resensitization? system (0-4)
\
. the player’s reaction
player —_— —>
and performance If too violent
. / If over excited
If lacking in emotion
A Y
0
e Hardware:
PainMouse
+ Pain Haptic Feedback

Figure 1: System overview. The PainMouse system consists of two main components: a multimodal
violence detection software and a pain-based haptic feedback device.

We propose PainMouse, a multimodal embodied Al system designed to evaluate and intervene in
players’ cognitive responses to violent gameplay. As shown in Figure|l} the system consists of two
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primary components: 1) a software module that performs real-time multimodal analysis of both the
game and the player’s reactions, and 2) a hardware module that delivers pain-based haptic feedback.
Together, they form a feedback loop aimed at reinforcing the player’s sensitivity to violent content
through aversive conditioning.

1) Software: Dual-Path Multimodal Detection System for Violence Detection and User State
Evaluation.

The software component processes both the visual and auditory content of the game as well as the
player’s synchronized emotional and behavioral signals. Here we propose two detection mechanisms,
one for real-time monitoring, the other is agent-based. As mentioned in the previous section, at
each time step t, the system receives an input tuple z(t) = {v(t), a(t),b(t)}, where v(t) is the
current RGB video frame from the game, a(¢) is an audio segment, and b(¢) is a vector of structured
behavioral features such as gaze fixation rate and shooting frequency. In real-time detection, these
modalities are analyzed using pre-trained foundation models: CLIP for visual violence, CLAP and
SER for audio understanding, and OpenFace for facial expression analysis. The two scalar scores,
s(v,t) and s(r,t), are computed using a manually weighted decision-level fusion strategy at the
moment. The desensitization gap A; = s(v,t) — s(r, t) captures the degree to which a player may
be underreacting to violent content. A high value of A; suggests potential desensitization and is
used to trigger physical feedback. This detection pathway operates at a high temporal resolution (1s),
allowing for low-latency intervention through the hardware interface.

To further enhance accuracy and flexibility, we introduce a Gemini-based fusion mode as an advanced
extension of our agent-based system. In this approach, every 10 seconds, the system synthesizes
three modalities—gameplay visual context, audio understanding, and facial expressions—into textual
descriptions via Gemini-2.0-Flash. These textual summaries, combined with numeric interaction
scores derived from player mouse interactions, form a comprehensive multimodal prompt.

Gemini dynamically adjusts modality weights based on contextual importance inferred from real-time
conditions. For example, if a player consistently exhibits minimal facial expression, Gemini assigns
greater emphasis to the visual and audio inputs to accurately estimate violence intensity. The resulting
violence intensity score, produced as JSON-formatted output, ranges from 0.0 (peaceful) to 4.0
(extreme violence), explicitly structured as:

{"violence_score": <float>}

Compared to the purely real-time fusion mode, the Gemini-based approach offers notable advantages:

* Dynamic Contextual Weighting: Automatically and adaptively adjusts modality weights
according to real-time contextual relevance, significantly enhancing prediction accuracy.

* Enhanced Multimodal Reasoning: Capitalizes on Gemini’s advanced multimodal language
understanding capabilities, enabling more nuanced and contextually accurate assessments.

* Robustness and Interpretability: Offers improved robustness and clearer interpretabil-
ity through textual modality summaries, supporting easier diagnostics and validation of
inference logic.

Formally, our multimodal fusion at timestep ¢ is defined as:

Tt = {Iscreen s Tgace Aaudio » Sinteraction } ()

Gemini serves as the multimodal fusion function fy:

Yy = fo(xe) € [0,4] @)

Every five timesteps, we compute an aggregated wave-level violence score ¥,,:

1 5
I = ;yt 3)
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This Gemini-based fusion mode enhances our system’s ability to flexibly handle ambiguous or noisy
multimodal inputs, providing a robust, context-aware, and interpretable violence intensity evaluation.

2) Painmouse: A Haptic Device for Negative Reinforcement.

To deliver physical feedback, we designed the PainMouse, a haptic interface embedded with mul-
tiple pain-inducing mechanisms. It supports both low-latency electrical stimulation and delayed
mechanical impact (e.g., rubber band lash). The feedback intensity is modulated as a function of A,
using:
TN
5(At):{0, 1fA§T
min(4, round(At)) otherwise

Pain signals are injected into interaction flows (e.g., mouse clicks and mouse movement), allowing
players to develop embodied associations between specific violent behaviors and discomfort. Pain
feedback can be delivered in several ways: (1) immediately following a detected violent act, (2)
embedded within subsequent user inputs (e.g., next few mouse clicks), or (3) as a patterned sequence
that distributes pain across multiple actions. These variations are intended to create associations
between complex behavioral patterns and pain, moving beyond simple stimulus-response conditioning.
Combining real-time reactivity and longer-term contextual awareness, the dual-path design allows
us to explore different modes of behavioral conditioning and their effects on sensitivity to virtual
violence.

Figure 2: Dual-path detection architecture. The system includes two parallel detection paths: a
real-time monitoring module and a delayed agent module. These two paths respectively trigger
fast-response (e.g., electrical) and delayed (e.g., mechanical) pain feedback via the PainMouse device.

By combining low-latency detection with delayed contextual evaluation, our system supports both
reactive and reflective feedback (see Figure[2). This dual-path structure enables us to investigate the
different psychological effects of fast vs. delayed punishment, and to explore how such feedback
influences long-term sensitivity toward digital violence.

S Experimental Methodology

Our evaluation leverages real-time generated datasets captured from live gameplay sessions in Call of
Duty Black Ops 2: Zombies. The dataset comprises four distinct input modalities:

* Gameplay Visuals: Static frame captured every 1 second for real-time analysis; continuous
10-second screen recordings used for agent-based inference, using the mss library.

* Player Facial Expressions: Webcam snapshots captured every 1 second for real-time
emotion analysis; sequences aggregated over 10 seconds for longer-term interpretation,
processed via MediaPipe.

* Audio Inputs: 1-second voice and environmental audio segments for real-time speech
emotion recognition; 3-second audio windows analyzed in batch for agent-level inference.
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* Player Interaction Metrics: Mouse click rate recorded per second for real-time behavioral
feedback; summarized over 10-second windows to inform delayed context-aware analysis.

Complementarity of Modalities

An essential characteristic of our multimodal dataset is the complementary nature of its modalities.
Each modality alone may not sufficiently capture the complexity and nuance of gameplay violence.
For instance, some players naturally exhibit fewer emotional expressions, making visual and audio
modalities critical. Likewise, ambiguous visual scenes or quiet audio segments necessitate relying on
facial expressions and interaction scores for accurate assessment. Thus, integrating diverse modalities
ensures comprehensive violence intensity estimation.

Experimental Protocol

To evaluate the potential conditioning effects of pain-based feedback, we will conduct a three-phase
user study with repeated gameplay sessions. Participants will be stratified based on their self-reported
exposure to violent video games (beginner, intermediate, advanced) to analyze how prior experience
influences receptivity to pain-based feedback.

Each participant will complete three rounds:

* Round 1 (Baseline): Participants play the game three times using a standard mouse. No
pain feedback is provided. Gameplay and physiological signals (e.g., skin conductance
level) are recorded.

* Round 2 (Intervention): Participants repeat the three games using the Painmouse (See
Figure 1) with active Al detection and pain feedback. The Al model infers y* from visual
inputs and triggers feedback via 5(y?).

* Round 3 (Post-test): Participants return to using a standard mouse, with no pain stimulus.
Data is recorded to evaluate any residual behavioral or physiological changes.

We will compare violence scores s, frequency and intensity of in-game aggressive actions, and
skin conductance responses across all three rounds. We hypothesize that participants will exhibit
increased awareness and emotional sensitivity to violent content in Round 3 compared to Round
1, reflecting conditioning effects from Round 2. We also expect stratification by experience level
to reveal differential susceptibility to this conditioning. Subjective feedback will be gathered via
post-study surveys.

This methodology allows us to investigate the temporal and embodied effects of negative reinforce-
ment, using both algorithmic predictions and physiological observations to evaluate our system.

Figure 3: Left: Painmouse device; Right: Experimental setup.

6 Results and Discussion

For each user, our system records the image-based violence score, facial expression score, mouse
interaction score, overall game violence level, and player reaction level. We also collected user
questionnaire data. In the first session (with a regular mouse), users answered questions about
game-play experience, perceived violence, and FPS familiarity. In the second session (with the
PainMouse), we added specific questions about physical pain feedback.
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In Figure [} we visualize how the system delivers pain-based feedback. Rubber band whipping occurs
roughly every 50 seconds. Based on the intensity of game violence and player reaction, the number of
whips ranges from one to three. Additionally, when both the game violence level and player reaction
level exceed the warning threshold (set at 2.7), the system triggers a single instance of electric shock.
For the player in Figured] six electric shocks were triggered. In most cases, we observe a positive
correlation between the game violence level and the player’s reaction level, suggesting the system
accurately detects synchronized peaks of aggression and emotional arousal.

. SLIGHT electric shock (once only)

Rubber band whipping (1-3 times)
Violence Scene vs Player Reaction Over Time A ppIng

—=- Image Score (CLIP)
Face Score (MediaPipe)
-~ Mouse Score

—— Game Violence Level
Player Reaction Level
Warning Threshold (2.7)

Score (0-4)

0.5

| ‘ :3 : ‘L‘ ‘ ‘: ( “ ‘j Al “
Time (s)

,_‘
G
3
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5}

Figure 4: Violence Scene vs Player Reaction Over Time

When comparing two users with different levels of FPS gaming experience, as shown in Figure 5]
an interesting contrast emerges. Even though both players were exposed to similar game violence
levels, the user with extensive game-play experience displayed a significantly lower reaction level
than the novice. However, contrary to our initial expectations, the game violence level itself was not
significantly different between the two users. One hypothesis is that the game difficulty was relatively
low, preventing the experienced player from expressing more complex or aggressive behaviors
compared to the novice.

Figure 5: Comparison of Different Game-play Experience users
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An interesting finding relates to the timing of pain delivery. The electric shock, administered in real
time during game-play, was often interpreted as part of the challenge, while the rubber band, applied
after the game round, was seen as a punishment. This contrast supports the hypothesis that in-game
pain integrates into game-play, whereas post-game pain feels disciplinary. As one player reported,
“the electric shock doesn’t feel like a punishment, but the rubber band does.” This suggests that the
temporal placement of the feedback may impact players’ emotional framing of pain, influencing how
pain is cognitively processed in relation to agency and immersion.

Additionally, emotional habituation was observed in some cases, where player reaction levels seemed
to decrease following the initial shocks. This raises the possibility that players became desensitized
to repeated pain cues, especially the electric feedback. As such, over time, players may become
desensitized to pain cues, indicating a need for adaptive feedback intensity to maintain behavioral
relevance. A future direction could involve tracking the time to first shock versus the total number of
shocks to model this adaptation.

We also examined cross-modality alignment. Peaks in facial expression score and mouse interaction
intensity often co-occurred with elevated reaction levels, indicating that multi-modal fusion effectively
captured players’ internal arousal states. This supports the use of multi-modal input for the reliable
detection of emotionally charged moments.

Finally, the questionnaire responses revealed an important behavioral insight: the presence of pain
influenced players’ decisions. For example, one participant explicitly stated they behaved “less
violently, because I feared being shocked.” This implies that pain feedback not only reflects but
actively modulates player behavior, functioning as a form of operant conditioning within the game
experience. These qualitative reflections further support the notion that pain is not perceived uniformly
but is shaped by timing, integration, and user expectation.

7 Conclusion and future directions

Our project Pain Haptics explores the potential of conditioning users to recognize violent behaviors
in video games by associating those moments with physical pain. In our first proof-of-concept, we
selected Call of Duty Black Ops 2: Zombies due to its testability and the clear, gradable instances
of user-initiated violence that can be categorized by Al. While this game allowed us to validate the
basic functionality and feasibility of our approach, we identified three key insights that will inform
future development. First, we found it challenging to design our system in a way that evokes a
sense of meaningful, emotionally grounded supervision. Our goal was to emulate a metaphorical
parent figure—an Al presence that intervenes when gameplay becomes excessively violent, much
like a concerned guardian stepping in. However, the current implementation feels more like a
reactive sensor: users quickly learn to anticipate which actions trigger the pain feedback, leading to a
mechanistic and predictable experience. Second, we suspect that this sensor-like response stems not
only from system design but also from the nature of the game itself. Call of Duty offers limited moral
complexity and rarely presents players with meaningful choices. In contrast, open-world games
like Grand Theft Auto (GTA) offer multiple pathways to achieve a goal, with some options being
more violent or destructive than others. We believe future iterations of our system could benefit from
games with greater narrative and ethical flexibility, allowing Al to assess context and intent more
deeply and deliver pain feedback based on more nuanced behavioral analysis. Third, we initially
assumed that pain haptic feedback would be universally perceived as negative. However, some users
described the pain as an engaging or even enjoyable part of the experience. This suggests broader
potential applications for pain feedback beyond aversive conditioning. In future work, we plan to
explore its use in educational training, physical rehabilitation, and the development of human-Al
empathy. Looking further ahead, we aim to challenge conventional roles between humans and Al.
Rather than designing Al systems that simply obey human commands, we are interested in exploring
Al agents that act in the user’s long-term interest—even if that involves short-term discomfort. This
opens a philosophical dimension to our work, where Al can exercise its own “judgment” in ways that
encourage behavioral growth, reflection, or restraint.
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