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Abstract

Short-video applications have attracted substantial user traffic.
However, these platforms also foster problematic usage patterns,
commonly referred to as short-video addiction, which pose risks
to both user health and the sustainable development of platforms.
Prior studies on this issue have primarily relied on questionnaires
or volunteer-based data collection, which are often limited by small
sample sizes and population biases. In contrast, short-video plat-
forms have large-scale behavioral data, offering a valuable foun-
dation for analyzing addictive behaviors. To examine addiction-
aware behavior patterns, we combine economic addiction theory
with users’ implicit behavior captured by recommendation systems.
Our analysis shows that short-video addiction follows functional
patterns similar to traditional forms of addictive behavior (e.g.,
substance abuse) and that its intensity is consistent with findings
from previous social science studies. To develop a simulator that
can learn and model these patterns, we introduce a novel train-
ing framework, AddictSim. To consider the personalized addiction
patterns, AddictSim uses a mean-to-adapted strategy with group rel-
ative policy optimization training. Experiments on two large-scale
datasets show that AddictSim consistently outperforms existing
training strategies. Our simulation results show that integrating
diversity-aware algorithms can mitigate addictive behaviors well.
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1 Introduction

In recent years, short-video applications, exemplified by platforms
such as TikTok and Xiaohongshu, have witnessed a rapid surge
in popularity across web ecosystems. While these platforms at-
tract substantial user traffic through rapid content consumption,
they also foster problematic usage patterns, often referred to as the
short-video addiction problem [42, 44]. Such a problem refers to a
compulsive tendency to continuously consume short videos, which
impacts both users’ cognitive development, psychological health,
and even the web ecosystem [6, 9, 42]. However, the short-video ad-
diction problem remains underexplored, highlighting the necessity
for systematic research and intervention.

Previous studies on short-video addiction have predominantly
relied on questionnaires, volunteer-based data collection, and self-
report studies [9, 41, 42, 44]. Such methods are often limited by
small sample sizes and potential biases arising from the character-
istics of the target populations. In contrast, web-based short-video
platforms generate large-scale behavioral data covering a broad
spectrum of users, offering a more comprehensive perspective for
analyzing addictive behaviors. To better analyze such behaviors, in
this paper, we propose a two-step analysis paradigm: (1) analyzing
behaviors with economic theory to define the objective, (2) enabling
a simulator to learn this objective.

Step 1: Addiction behavior discovering (Section 4). Firstly, addic-
tion behaviors can be formalized based on the economic theory
of addiction [36], which posits that past consumption of a good
increases current utility, thereby fostering habitual or compulsive
behavior. However, directly applying this theory is challenging
because real-world datasets in recommendation systems (RS) typi-
cally record only implicit interaction (e.g., clicks and watch times)
rather than explicit economic utilities. To overcome this limita-
tion, we observe that implicit feedback can still be interpreted as
the outcome of a rational economic decision-making process [14].
Hence, by integrating the economic theory of addiction with users’
implicit behavioral data in RS [40], we construct an addiction model
tailored for short-video platforms. Finally, this model is trained on
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Figure 1: Addiction patterns on a popular short-video plat-
form. The x-axis represents cumulative user watch time, and
the y-axis represents user utility.

real-world short-video interaction data! to quantify and analyze
user addiction behaviors in our experiments.

The primary experimental results are illustrated in Figure 1. Our
main finding is that users’ short-video addictive behavior largely
exhibits trends similar to those observed in traditional forms of
addiction (e.g., substance abuse). In Figure 1, during the initial stage
(green line), users’ utility increases with longer watch time (ad-
diction phase); after a certain point, addictive behavior reaches its
peak (black dot); subsequently (red line), users begin to experience
fatigue (recovery phase), eventually ceasing video consumption.
Our results align with previous findings from volunteer-based stud-
ies [13]. These findings help us to build a solid simulator.

Step 2: Simulator development and application (Section 5). Based on
our analysis of user addiction-aware behavior, we develop a simula-
tor capable of learning and modeling such behavior. This simulator
enables large-scale automatic evaluation and facilitates the study
of addiction dynamics under different algorithms, thereby support-
ing the design of a more responsible and healthy web ecosystem.
However, directly applying a large language model (LLM)-based
simulator to learn the aforementioned addiction-aware objective
presents a major challenge, i.e., that of personalized addiction pat-
terns, as different users exhibit distinct addictive behaviors, which
complicate the training process. To tackle this challenge, we in-
troduce a training framework, AddictSim, that integrates with a
mean-to-adapted (M2A) training strategy to effectively conduct
group relative policy optimization (GRPO) training [30]. In the first
stage, AddictSim predicts the average addiction-related rewards to
pre-train the LLMs using GRPO. In the second stage, it refines the
addiction model to estimate individualized behavioral rewards for
each user and then applies these rewards across user groups, thereby
improving the realism of simulated user behavior. Experiments on
two large-scale datasets verify that AddictSim outperforms other
baseline training strategies.

After constructing the simulator, it can be employed to emulate
user feedback, thereby enabling automatic evaluation of algorith-
mic performance. Our simulations indicate that diversity-aware
approaches [23, 39], which enhance item category diversity, effec-
tively redirect user attention and mitigate addictive behavior. This
demonstrates the simulator’s value in realistically modeling user
interactions, facilitating the testing of different recommendation
algorithms, and guiding the design of healthier web platforms.

In summary, our key contributions are three-fold:

Ihttps://github.com/tsinghua-fib-lab/ShortVideo_dataset
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(1) We investigate user short-video addiction behavior and formu-
late addiction objectives based on economic addiction theory
using large-scale user data.

(2) To build addiction-aware simulators, we propose a novel train-
ing framework, AddictSim, which incorporates an M2A strategy
with GRPO training strategy.

(3) Our experimental results demonstrate the effectiveness of Ad-
dictSim and show that, through its simulations, diversity-aware
approaches can effectively mitigate addictive behaviors.

To facilitate reproducibility of our work, we share our code at

https://github.com/XuChen0427/AddictSim.

2 Related Work

Short-video recommendation. Recommender systems (RS) are de-
signed to identify and deliver items that match user preferences
from a large corpus of available options [27]. Traditional RSs tend
to focus on domains such as e-commerce [45] and news [38], where
user—item interactions are usually captured by immediate actions,
including exposure, clicks, and purchases. Classical user behavior
modeling methods [8] are built on the assumption that user clicks
are strongly influenced by item ranking positions, i.e., user atten-
tion decreases as the rank position goes down. With the rapid rise
of short-video platforms, however, the nature of items has shifted
to short videos, typically lasting less than ten minutes [11, 22, 26].
Such concise content promotes rapid consumption and continuous
engagement. In this setting, user behavior has evolved: instead of
clicks, watch time has become the primary signal, with users often
spending extended time on individual items [11].

Short-video addiction. Short videos’ negative impacts pose signif-
icant challenges to the sustainability of the online ecosystem [9].
Previous studies in psychology and behavioral science have shown
that user behavior in short-video consumption differs fundamen-
tally from traditional item interactions, often manifesting addictive
tendencies. Such behavior is characterized by excessive and hard-to-
control usage, where users become immersed in endlessly scrolling
through videos to obtain instant entertainment and psychologi-
cal gratification [9, 24]. Prior research on addictive behavior has
primarily relied on survey-based methods, self-reported informa-
tion from volunteers, or controlled lab studies. In survey-based
approaches [9, 24, 42, 44], researchers typically design question-
naires to measure self-perceived levels of problematic usage and
psychological dependence. Self-report studies [41] ask participants
to provide retrospective accounts of their short-video usage, motiva-
tions, or feelings of loss of control. Volunteer-based experiments [6]
often recruit small groups of users to monitor their usage under
specific conditions. While these methods provide valuable psycho-
logical and qualitative insights, they are limited by subjective biases
(e.g., memory errors, underreporting, or social desirability effects).

Simulator learning. To model and observe the impact of user
behavior, prior research has often employed user simulators as a
tool [2]. Traditional simulators are typically built using statistical
approaches, such as modeling user behavior by estimating action
frequencies [7, 8]. While simple and interpretable, these methods
lack generalizability and fail to capture the complexity of real-world
user interactions. With the advent of LLMs and their capabilities
in understanding user intent and using broad world knowledge,
LLMs have emerged as a promising foundation for building user
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simulators [35]. Existing studies generally adopt two approaches:
(1) prompt-based simulation [5, 43], where LLMs are guided by
carefully designed prompts to mimic user actions; however, this
approach struggles to capture user behaviors in specific domains.
(2) RL-based simulation, where LLMs are fine-tuned on log data by
treating user feedback as rewards (e.g., using PPO) [21], and in some
cases further incorporating user profiles to personalize the simu-
lator according to user diverse behaviors [34]. These approaches
largely overlook the modeling of personalized addictive behavior,
which is critical in short-video recommendation scenarios.

3 Preliminaries

Short-video recommendation. First, we study the session-level watch
time prediction task in short-video recommendation. Unlike tra-
ditional recommendation domains, short-video platforms rely on
watch time as the primary signal of user engagement. Therefore,
accurately predicting watch time is important for optimizing rec-
ommendation strategies and enhancing user experience [19, 32].

Let U denote the set of users and 7 denote the set of candidate
videos. For a given user u € U, we consider their interaction history
organized into sessions, each representing a continuous watching
period (e.g., one hour). A session s consists of a sequence of videos
watched consecutively:

Iu,s = {il,iz, cees in5}> i € I, (1)

where ng is the number of videos consumed in session s € Sy, Sy,
represents the set of all watching sessions of user u. For each video
ir. € I, s, the dataset records two types of user feedback:

e the continuous feedback, i.e., the watch time #;
o the discrete feedback: click action, denoted as c.

The goal of short-video recommendation is to predict both the
watch time of user u for a candidate video i within session s and
the preference score for that video i.

Background: addiction models in economics. In economics, a ra-
tional user will maximize their intertemporal utility u(-) over for
each periodt=1,2,---,T:

maxU = Z #'u(Ct, St), (2)
=0

where C; denotes the consumption of an addictive good (e.g., short
videos) at period t, and S; represents the “addictive stock” that
accumulates from past consumption. The stock evolves:

St+1=(1=0)St +Cy, (3

where & € (0, 1) is the depreciation rate that measures how fast the
addictive effect fades. This framework highlights two key aspects:

(1) Reinforcement, where higher past consumption S; increases
the marginal utility of current consumption (addiction phase).

(2) Tolerance and withdrawal, where accumulated stock may
also reduce baseline utility, leading to cycles of craving and
recovery (recovery phase).

Such an economic addiction model provides a rigorous, micro-
founded framework to capture reinforcement, tolerance, and with-
drawal effects in user behavior. Its forward-looking structure allows
us to analyze both short-term gratification and long-term welfare
consequences of addictive consumption.
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Next, we will use an addiction model to model the short-video
addiction behavior in recommendations.

4 Addiction Behavior Discovery

We first integrate economic addiction theory with an RS model
to construct an addiction behavior model tailored to short-video
scenarios. Next, we use available short-video datasets to identify
and quantify addictive behavior based on the proposed model.

4.1 Short-video addiction mapping

In the short-video scenario, we map economic addiction theory
introduced in Section 3 as follows:

e The utility u(-) of consuming a video corresponds to the user’s
preference p for the current video.

e The “addiction capital” S; can be mapped as cumulative watch
time before watching video ij in session s is defined as:

T = (1-0)c;, (4)
j<k
where o € (0,1) denotes the discounting factor, C; is the trans-
formed watch time of video ij, computed as Cj = log;,(1 + £;).

Ty represents the user’s addiction capital. When Tj. is small, the
user is more likely to be “engaged” and the current video watch
time yields positive utility. When T} exceeds a threshold 6, the user
becomes fatigued, and additional watch time may yield negative
utility. The correspondence between classical addiction theory and
the short-video setting are summarized in Table 1.

Table 1: Mapping classical addiction theory to short-video
watch behavior. “Rec” is short for “recommendation”.

Economic concept Short-video Rec. analogy

User preference score p
Cumulative video watch time
Tp = Xj<k(1-0)/t)

Ty increases engagement

T;. reduces utility

Current utility u(-)
Addiction capital Sy

Addiction phase
Recovery phase

4.2 Short-video addiction model

The overall short-video addiction model is shown in Figure 2. Next,
we begin by estimating the preference scores as addiction utilities
for recommendation, and then proceed to construct the addiction
model and learn its parameters.

Preference score estimation. To estimate the preference score, we
decompose it into two parts as the estimated click-through rate
(CTR) ¢; and completion rate [18] r; of video i;:

pj=¢j+rj rj=tj/lj, ®)
where [; is the video length of ij. For CTR estimation value ¢;, we
adopt a widely used recommendation model, the NFM [15]:
¢j =mo+ Z mix; + fuLp (x; 6r),
i
where m is the linear weight vector, 6, denotes the MLP param-
eters and x € R¥ denotes the latent embedding of user-item fea-

ture, and fyi p(+) denotes a multilayer perceptron capturing higher-
order non-linear interactions. The parameters m, 0, can be obtained
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Figure 2: The framework of our study consists of two main steps. Step 1: construct an addiction model. Step 2: train a simulator,
AddictSim, using the addiction model as the reward function, and apply AddictSim to run simulations aimed at mitigating

addictive behavior.
through the cross-entropy loss:
L7(m,6;) = Byeqsses, - 252y [(1-¢j)log(1=¢5) +¢jlogé;]. (6)

Addiction regression model. To make the addiction model sat-
isfy the reinforcement and tolerance property, we adopt a classic
quadratic functional form [36] to model the relationship between
current-period utility, current consumption, and accumulated ad-
diction capital:

1
$;(Cj,Tj) = aCj - Ebc§+wchj+e, ™)

where the regression parameter a means the marginal benefit of ini-
tial consumption; b reflects the diminishing satiation effect, where
larger b means a faster reduction in additional utility from further
consumption; w represents the addictive reinforcement effect of
past consumption. Intuitively, w means the strength of addiction. e
is the random noise variable. By estimating the model parameters,
we can quantify the addiction intensity for specific user groups.

To estimate the parameters of the linear regression model, we
adopt the commonly used least squares method [3], which minimizes
the mean squared error between the predicted values:

2
L@ bw) = Byeuses, = iy [#5 - (a0 - $oct +wei )| @)

4.3 Experimental analysis

In this section, we will use two public short-video datasets to ana-
lyze user addiction behavior in real short-video platforms.

4.3.1 Experimental settings. We use the following datasets:

THU [29] includes behavioral records from 10,000 volunteers, total-
ing 1,019,568 interactions on a real mobile short-video platform.
The dataset spans a wide range of user profiles and video cate-
gories.

KuaiRec [10] collects datya based on Kuaishou’s online short-video
environment, where almost all 1,411 users have been exposed
to all 3,327 items. It includes 45 fields describing the statistics of
each item from July 5, 2020 to September 5, 2020.

Following the setting in [15], we filter out users with fewer than 5
interactions in both datasets. For the remaining users, we split the

data into training and testing sets with an 80%/20% ratio to evaluate
addictive behaviors. Regarding session segmentation, we adopt the
following rule: if the time interval between watching two videos
exceeds 60 minutes, these videos are assigned to different sessions.
During the following experiments, we set o = 0.9.

4.3.2  Experimental results. In this section, we aim to answer three
research questions:

(RQ1) Does addictive behavior emerge in users’ short-video con-
sumption?

(RQ2) How does its extent compare to that observed in other rec-
ommendation scenarios?

(RQ3) Do different users exhibit heterogeneous patterns in their
degree of short-video addiction?

Addiction existence (RQ1). To answer RQ1, we aim to verify the
presence of addictive behavior by analyzing the parameters learned
by the addiction model. In our experiments, following Eq. (7), we
input each user’s session data and use the estimated preference
scores f; as regression labels to estimate the average addiction
behavior for each dataset.

Figure 3 shows the boxplots of the addiction model parame-
ters a, b, and w for the two datasets, obtained using 10-fold cross-
validation [37]. For each fold, we random split the dataset as 80% —
20% training-test set. The ratio a/b represents the duration of ad-
diction, while w indicates the intensity of addiction.

4 .
° 0.2
Duration of addiction |*-073 4 ;l
33 a . < & -
e 106 s = 6.7min 100503 — ’:I 3
) w 2 P
82 ER 2 — 0.0 2
3 00255 2 S
> g > Duration of addiction
! 7 0.000 0 a
| 10b s :,4‘9 min 02
a b w a b w

(a) THU (b) KuaiRec
Figure 3: Average addiction model parameters g, b, and w
for users on the THU and KuaiRec datasets. The ratio a/b
represents the duration of addiction, while w indicates the
intensity of addiction.
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From Figure 3, we can clearly observe that both datasets exhibit
a consistently non-zero addiction degree (w > 0), indicating the
presence of addictive behavior among users. In addition, the av-
erage duration of addiction is measured to be 6.7 minutes for the
THU dataset and 4.9 minutes for the KuaiRec dataset, suggesting
that users on these platforms tend to engage with short videos for
a sustained period during each session. Moreover, this result is con-
sistent with previous findings at the Arab Open University, where
students were observed to watch short videos for an average of 5.63
minutes per view [13]. These findings provide empirical support
for modeling user behavior with addiction-aware mechanisms.

Addiction degree (RQ2). To answer RQ2, we compare users’ ad-
dictive behaviors across short-video recommendation scenarios and
other recommendation settings. To this end, we use the Qilin hy-
brid recommendation dataset [4], which provides a comprehensive
collection of user sessions with heterogeneous content types, in-
cluding image-text notes, video notes, commercial notes, and direct
answers. In addition, we consider the Ali dataset,® which samples
1,140,000 users from Taobao (a traditional e-commerce platform)
over eight days of ad display and click logs, resulting in 26 million
records that form the original sample skeleton. The experimental
setup follows the same protocol as in previous sections.

Figure 4 shows the results, where the x-axis represents cumula-
tive user watch time and the y-axis represents user utility (same
settings as Figure 1). From the figure, we can observe that in the
traditional e-commerce recommendation setting (Ali dataset, green
line), users exhibit almost no addictive behavior, as their marginal
gains remain nearly constant over time. In contrast, the hybrid
recommendation scenario (Qilin dataset, orange line) shows vary-
ing levels of addiction across different content types: for instance,
users display slight addictive behavior toward text-based content
in the first 30 seconds, whereas video content induces a longer
addictive period of 2-3 minutes. Finally, in the pure short-video sce-
nario (THU dataset, blue curve), users exhibit the most pronounced
addictive behavior, with the longest duration.

—— THU -~ Qilin

—— Ali

Averaged Utility (p)
o w
wt o

0.5 1.0 1.5 2.0 2.5 3.0 3.5
Cumulative Consumption Time (s) (logio scale)

Figure 4: Comparison of addictive behaviors across different
recommendation scenarios, including short-video, hybrid,
and traditional e-commerce settings.

These observations indicate that addictive behavior is a newly
emerging and severe issue in short-video recommendation settings,
highlighting the need to pay particular attention to this problem in
such short-video scenarios.

Addiction heterogeneity (RQ3). To answer RQ3, we first catego-
rized users based on their short-video viewing frequency into three
groups: Low-Frequency (fewer than 100 views), Medium-Frequency

Zhttps://tianchi.aliyun.com/dataset/56
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(100-200 views), and High-Frequency (more than 300 views). We
then examined the trends in addictive behaviors across user groups.

Figure 5 presents the results, where the x-axis represents Low-
Frequency, Medium-Frequency, and High-Frequency users, and
the y-axis shows the parameters a, b, and W from the addiction
model. From the figure, we observe that for the addiction intensity
(W), users who rarely watch short videos exhibit minimal addictive
behavior (W is close to 0), whereas Medium-Frequency users show
the highest addiction intensity, although their continuous addictive
duration (a/b) is relatively short. In contrast, High-Frequency users
display moderate addiction intensity, but their continuous addictive
duration is relatively long (a/b is larger).
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Figure 5: Addictive behaviors among different user groups.

Furthermore, we analyzed users’ additional profiles, as shown
in Table 2. Specifically, we examined the proportion of addictive
users (w > 0) across different attributes, including gender (male,
female), age (18-35 as young-aged, 36-55 as middle-aged, and 55+
as old-aged), residence (urban and rural), and income level (mobile
phone price <2k as low-income, 2k-4k as middle-income, and 4k+
as high-income).

Table 2: Proportion of addictive users (w > 0) across different
user attributes, including gender, age group, place of resi-
dence, and income level.

Male Female Young-Aged Middle-Aged Old-Aged
49.3% 50.7% 35.9% 34.1% 30.0%

Urban Rural Low-Income Middle-Income High-Income

46.4% 53.6% 35.0% 32.0% 33.0%

From Table 2, we can observe that addictive behaviors vary across
different user attributes. In terms of gender, the differences are
minor, though female users exhibit slightly stronger addictive ten-
dencies. Regarding age, younger users display significantly more se-
vere addictive behaviors than older users. For residence and income
level, users living in rural areas and those with lower income levels
show a stronger propensity for addiction. These findings are con-
sistent with prior research, suggesting that young and low-income
users are more susceptible to addictive behaviors, and therefore
represent a group that requires greater protection.

These observations indicate that users differ in both the intensity
and duration of addictive behaviors, motivating the need for a
simulator that can capture such heterogeneity. To this end, we
propose a simulator to model user-specific addiction attributes.

5 Simulator: AddictSim

After constructing the economic addiction model in Eq. (7), we use
it as the reward model to train an LLM-based simulator, termed
AddictSim.
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Algorithm 1: AddictSim Training Strategy

Input: User set U, user session set Sy, video set J; The watch-
ing completion rate r for each video; Discounting factor
1, ¢; GRPO hyper-parameters €, f3, - - -.
Output: The LLM simulator parameter 6.
1: Initialization parameter 6.
// Preference score estimation:
2: Training RS model through minimizing the loss £" in Eq. (6)

: forueU,ijeS, do
Predict the CTR score ¢; using learned RS model
Get preference score: pj = ¢&j +r;
: end for
// Stage-1 training:
7. foru e U,ij €S, do
8. Get reward model: @, b, w = arg min Ld(a, b, w)
9. Get session-level reward: R} =
Z;lil ¢j (&Cj - %EC}Z + V_VCJ'TJ')

10:  Get video-level reward: R} = n*s~JR!

G W

11: end for

12: We update the LLM parameters 6 by optimizing the GRPO
loss in Eq. (12), where the reward Ri’ j is employed.
// Stage-2 training:

13: foru € U do

14:  Get reward model: ay, by, wy, =

|67 - (ac; - Joc2 + wchj)]z

. 1 n
arg min Eseg, ne jil

15:  fors e S, do

16: Reward: Ri,j =ptsJ Zyil ngj (aqu—%buCJZ. + qujTj)

17: end for

18: end for

19: We update the LLM parameters 6 by optimizing the GRPO
loss in Eq. (12), where the reward Ri ;s employed.

5.1 Economic addiction model as reward model

In this section, we introduce the reward model, which is derived
from the economic addiction model described in Section 4. By
incorporating this addiction-aware design, the LLM-based simulator
can effectively learn and reproduce user addiction behaviors.

Specifically, addiction behavior is defined at the session level.

For each session s, we define the stage-1 and stage-2 rewards as R}
and R?, respectively.

5.1.1 Stage-1 Reward R!. In this stage, our objective is to train
the LLM to capture the average user performance by designing an
average reward, which is carried out through the following steps:

Shared addiction model. First, we use user data to train a shared
addiction model parameter:

ab,w= arg min Ld(a, b, w), 9)

where £9(a, b, w) is defined in Eq. (8).

Reward model. Then, we employ the addiction model as the
session-level reward function. For each session s, we calculate the
reward R} based on the addiction utility, which reflects the overall
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satisfaction of watching within that session:

ns
Ri=) ¢l (acj— %BC§+wcj~Tj). (10)
j=1
5.1.2  Stage-2 Reward R?. In this stage, our objective is to train the
LLM-based simulator to capture personalized addiction behavior.
Personalized addiction model. First, we use each user u’s data to
train a personalized user addiction model parameter:
ns

1
ay, by, wy = argmin Egeg, — E
n

1 2
pi— (acj - bC? +wchj)] ,
s 2

where ay,, by, wy, denote the user-specific model parameters.
Reward model. Similar to stage-1, we construct the session-level
reward based on the user’s personalized addiction model:

ns
; 1
R? =Z¢J (aucj— 5bucjz.+wuchj),s € Sy. (11)
j=1

5.2 MZ2A training strategy

In Section 4.3.2, to enable an LLM-based simulator with personaliza-
tion capabilities, we introduce the mean-to-adapted (M2A) training
strategy with the introduced reward model. M2A first learns an
average behavioral pattern and then adapts to user-specific rewards
to achieve personalization. The overall workflow can be seen in
Figure 2, and the overall training procedure can be seen in Algo-
rithm 1. Both stages follow the GRPO training procedure outlined
below.

GRPO training. Let g (¢ | u, i< j) denote the LLM-based simulator
parameterized by 6. It takes the optional user profile and the user’s
least 5 historical viewing videos i< as prompt input at step j of
each session and outputs the predicted video watch time t. The
detailed prompts can be seen in Appendix A. And let ng , be the
behavior policy used to collect data.

Then we adapt the GRPO objective [30] to fit our short-video
recommendation scenarios. The objective can be written as:

L(O) = Eycqsses, {1119, ~moyy (tlicy)

G
é Z;{min [7Ag ;. clip (Tj,1 ~ e, 1+ €) Ag ;| = fDk [0l |},
: (12)
where € and f are hyper-parameters, G is the group sample size
7 (tlu,icy)

70,14 (tlu,ics)
The Ag, ;j is the advantage function calculated based on the relative
rewards of the outputs inside each group g:

m _ m
Rg ' mean(Rg’j)

Ag’j = : m
Std(R]")

and 7; = means the normalized output from LLM.

,m=1,2, (13)

where mean(-) and std(-) refer to computing the average and vari-
ance of group rewards {Ry,; }_qul' The R;"J. is defined as:

RY; =™ /Ry, (14)

where 7 is the discounting factor, R}" is the session-level introduced
in Section 5.1. Note that to alleviate the sparse-reward issue, we
distribute the session-level reward to each video within the session
by applying a discounted reward allocation scheme.
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Table 3: Performance comparison between our simulator
AddictSim and other training methods. * indicates that the
improvements over the best baseline (marked as underlined)
are statistically significant (t-tests and p-value < 0.05).

THU KuaiRec
Session Video Session Video
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
Base 6.84 9.57 096 1.18 2.79 3.19 0.35 047
STF 3.12 4.64 0.77 1.01 225 2.60 031 0.42
PPO 228 370 0.65 081 1.96 240 030 0.42
GRPO 233 387 0.65 0.82 2.02 246 032 0.44

AddictSim 2.03* 3.31% 0.63" 0.79" 1.72* 2.35* 0.29" 0.42

5.3 Experimental results

We use the two aforementioned short-video datasets, THU and
KuaiRec, to verify the effectiveness of our framework M2A.

5.3.1 Experimental settings. We summarize the settings of the base-
line and the implementation details.

Baseline strategies. We choose the following commonly used
simulator training strategies: Base Model: The model is not trained,
and directly relies on prompts to predict the user’s video-watching
duration. In the main experiments, we use Qwen3 [1] as a base
model; SFT [25]: The model is trained in a supervised manner, where
the ground-truth user watch time is used as the label; PPO [28]: An
actor-critic reinforcement learning algorithm that is widely applied
during the RL fine-tuning stage of LLMs; GRPO [30]: An improved
variant of PPO that replaces the advantage function with intra-
group rewards. Note that the PPO and GRPO’s reward is designed
as the learned utilities of the addiction model.

Implementation details. As for the hyperparameters in all models,
the learning rate was tuned among [2x 107>, 2x10~°] and the LLM
parameter €, § were set as 0.3 and 0.9, respectively. The batch size
is tuned among [4, 64], and the propagation rate is tuned among
[0.0,1.0]. The time discounting factor ¢ is tuned among [0.1,0.9].
All the experiments used the Low-Rank Adaptation (LoRA) [16]
technique to learn the parameters. We implement the training pro-
cess using the verl [31] framework. All experiments were conducted
on a Linux platform, with four NVIDIA A800 GPUs.

5.3.2  Evaluation metrics. Since the primary objective of the sim-
ulator in this study is to predict users’ video-watching duration.
Here, we test on both session-level accuracy and video-level accu-
racy. Follow prior work [20] and adopt mean absolute error (MAE)
and root mean squared error (RMSE) as evaluation metrics. These
metrics measure the discrepancy between the simulator-predicted
watch time and the actual user watch time. We will both evaluate
the session-level and video-level accuracy:

Session-level. Since we focus on session-level addiction behavior,
we evaluate the prediction accuracy as:

MAE = Mean(| 272, ¢; =372, ¢j), (15)

RMSE = \/1\/1ean[(z;’;l ¢ -2l )2, (16)
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Video-level. For the video level, we simply predict the prediction
accuracy of individual videos:

MAE = Mean (léj—c‘ji) , RMSE = y/Mean[(¢; - ¢;)?]. (17)

5.3.3  Effectiveness of proposed AddictSim. Next, we present ex-
periments to evaluate the effectiveness of the proposed simulator,
AddictSim. The overall results are summarized in Table 3, which
compares AddictSim with baseline training methods across two
datasets, measured by MAE and RMSE at both the session- and
video-level. Entries marked with * indicate statistically significant
improvements over the best baseline (t-test, p < 0.05), while under-
lined values denote the best-performing methods.

The results indicate that AddictSim significantly outperforms
all baselines in terms of MAE and RMSE across both datasets. This
confirms its effectiveness in improving watch-time prediction ac-
curacy and highlights its advantage as a training framework for
short-video scenarios.

5.3.4 Experimental analysis. In this section, we present experimen-
tal analyses using the THU dataset as a case study, while noting
that similar patterns are observed across the other datasets. For
other ablation studies on different LLM backbones and discounting
factor o, please reference Appendix C and E.

Addiction patterns in AddictSim. In this section, we aim to inves-
tigate whether the simulator AddictSim successfully captures user
addiction behaviors. To this end, we plot the changes in user utility
(y-axis) with respect to consumption time (x-axis) based on the
simulator’s watch time predictions. Figure 6 presents the results
for both the Base model (Qwen-2.5B) and AddictSim predictions.

From Figure 6, we can observe that although the Base model
prompts LLMs to learn addictive behaviors, the blue line indicates
that it fails to exhibit typical addiction patterns (without recovery
phases). In contrast, our simulator reproduces addiction patterns
similar to those shown in Figure 1, demonstrating that our approach
effectively enables LLMs to capture user addiction behaviors.

% Lo —— Base Model """ :;:; >’<_
25 —— Ows (A;lehﬂim
. o
g 0.5 ////./
é . e
0.0 0.5 1.0 1.5 2.0 2.5 3.0

Cumulative Consumption Time (s) (logyg scale)

Figure 6: Addiction patterns of the simulator Base Model
and AddictSim, with the x-axis representing cumulative user
watch time and the y-axis representing user utility.

Ablation study. In this part, we aim to conduct an ablation study
for AddictSim. Figure 7 presents the ablation results, where “w/o
stage-1” and “w/o stage-2” correspond to training without stage-
1 and stage-2, respectively. “sparse-reward” denotes that we do
not involve the discounted reward allocation scheme introduced
in Section 5. While “full” indicates training with both stages. For
video-level, please see the Appendix (Figure 9).

From the results shown in Figure 7, we observe that the “full” model,
which includes both stage-1 and stage-2, outperforms “w/o stage-1”
and “w/o stage-2”, demonstrating the effectiveness of both stages.
This is because stage-1 captures the average behavior of users,
providing stage-2 with a solid initialization to model personalized
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Figure 7: Ablation study at the session-level. “w/o stage-1”
and “w/o stage-2” denote training without stage-1 and stage-2,
respectively. “sparse-reward” denotes that we do not involve
the discounted reward allocation scheme introduced in Sec-

tion 5. And “full” indicates training with both stages.

behaviors while mitigating high variance in stage-2. Meanwhile, we
also observe that the “full” model outperforms the “sparse-reward”
model, indicating that our discounted reward allocation scheme is
effective and helps reduce high variance during training.

5.4 Simulation for addiction mitigation

In this section, we aim to use our trained simulator, AddictSim, to
replicate realistic patterns of user addiction behaviors. The simu-
lator allows us to examine how users’ engagement evolves under
different recommendation strategies and to assess whether these
algorithms exacerbate or alleviate addictive tendencies. By simu-
lating such interactions, we can assess the impact of algorithmic
choices on user well-being and provide insights into designing RS
that balance effectiveness with responsible usage.

In our simulation, we investigate whether the diversity-aware
re-ranking algorithms CP-Fair [23] and P-MMF [39] affect users’
addiction behaviors based on ranking results from NFM [15]. Both
CPFair and P-MMF are designed to enhance provider exposure; in
our setting, we define the top-level video categories as providers and
aim to balance the exposure across these categories. Notably, in the
THU dataset, each video is classified into a three-level categories.

For the re-ranking setup, consider a session s with the origi-
nal user watching sequence {i1, i, ...,in, }. We can treat this se-
quence as a ranked list and apply a diversity-aware re-ranking al-
gorithm that promotes lower-popularity videos to higher positions.
As a result, the re-ranked sequence exposed to the user becomes:
{i}, i, i;ls }. Then, AddictSim predicts the watching time c;. for
each j-th video in the newly generated session sequences. Finally,
we use the addiction model introduced in Section 4 to measure the
addiction behaviors under different recommendation strategies.

Simulation results. Figure 8 presents the results of simulated user
addiction behaviors, measured in terms of the addiction peak point
(blue bars) and addiction degree (green bars). From the results, we
can clearly see that diversity-aware algorithms can substantially
reduce addictive behaviors, shifting the addiction peak from 6.7
minutes to around 2.3 minutes and reducing the addiction degree
w from a positive to a negative value. These findings indicate that
presenting users with more diverse and less-popular videos can
effectively disrupt addictive patterns.

Our findings indicate that users are more susceptible to pro-
longed engagement when presented with similar video categories,
whereas content diversification tends to mitigate such addictive
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Figure 8: Addiction peak point and addiction degree for a

ranking model (NFM) and two diversity-aware re-ranking
models (CP-Fair, and P-MMF).

behaviors. Such results provide practical guidance for platforms or
regulatory authorities to adopt diversity-aware recommendation
algorithms for teenagers who require protection.

Furthermore, our experiments offer a useful framework for evalu-
ating different algorithms aimed at mitigating addiction effects. We
intend to further quantify the longitudinal impact of this diversity-
engagement trade-off in future work.

6 Conclusion and Discussion

We have examined user short-video addiction behaviors through
the lens of economic addiction theory, revealing severe addiction
patterns using large-scale user data. We have proposed a novel
simulator, AddictSim, which integrates M2A with GRPO training
strategies. Extensive experimental results validate the effective-
ness of our simulator. Moreover, we provide a practical example
demonstrating how simulating user behavior can help identify
diversity-aware approaches that effectively mitigate addictive be-
haviors. Our work offers valuable practical guidance for platforms
and regulatory authorities to assess addiction problems in various
scenarios and to foster healthier web ecosystems.

While this paper primarily addresses anti-addiction problems, in
an industrial context, the same underlying addictive mechanisms
can be leveraged to optimize platform growth. For adult users, the
focus may shift from total cessation of use to engagement manage-
ment, particularly in mitigating the negative effects of the Recovery
Phase. Our empirical findings suggest that content similarity is a pri-
mary driver of user fatigue; by identifying these saturation points,
AddictSim can help design scheduling algorithms that maintain
long-term retention without reaching the threshold of burnout.
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Appendix
A Prompt Template Used

We design the LLM prompt as follows. It takes the user’s viewing
history and profile as input, and predicts the watch time of the
current video:

You are a short video user behavior prediction model. Your
only goal is to predict the user’s consumption for the current
video. Only output decimal Arabic numbers (with decimal
points allowed), no Chinese numbers or any text.

User data (JSON):

11 {

2 viewing_history": [

|«

4 video_id": "33286",

5 completion_rate": 0.17,

6 categories”: [" car", "say car review",
Automobile Testing'],
7 duration": 197.6,

8 watch_time": 33.0,

9 consumption_reward": 1.531
0 +

1 {...1]

2 current_video": {

3 video_id": "12575",

4 categories”: ["history"],

5 duration”: 72.4,

6 author_fans": 59478

|3

8 addiction_stock": 3.17

o 3

Please output the following field: consumption reward: Con-
sumption calculated as C; = logio(1+ predicted watch time)
(numeric value).

Strict requirements:

1) Only output the JSON below, no explanations or code blocks.
2) The JSON must be immediately followed by a line <END>
as the end marker.

3) Do not output placeholders or text like "value”, "NaN", "null",
"None".

4) You are predicting the user’s consumption Ct for the current
video, not the watch time.

Correct example (example only, please output real prediction
for current sample):

1| {"consumption_reward": <decimal float>}

<END>
- J

B Ablation Study at the Video-level

In this section, we present the video-level ablation study for Addict-
Sim shown in Figure 9. The metrics are measured as the video-level
MAE and RMSE.

From the Figure 9, we can also observe that the experimental
results consistently highlight the superiority of the *full’ model; by
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integrating both Stage-1 and Stage-2, it achieves significant perfor-
mance gains over the "w/o Stage-1’ and *w/o Stage-2’ ablations, as
well as the ’sparse-reward’ baseline. This performance gap under-
scores the critical contribution of each stage and validates that their
combination creates a synergistic effect that cannot be replicated
by either component in isolation.
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Figure 9: Ablation study on video-level. “w/o stage-1” and
“w/o stage-2” denote training without stage-1 and stage-2,
respectively. “sparse-reward” denotes that we do not involve
the discounted reward allocation scheme introduced in Sec-
tion 5. And “full” indicates training with both stages.

Table 4: Session-level performance comparison with differ-
ent LLM backbones on THU Dataset. * indicates that the
improvements over the best baseline (marked as underlined)
are statistically significant (t-tests and p-value < 0.05).

Base model GRPO
MAE RMSE MAE RMSE MAE

QWEN2.5-7B 6.84 9.57 233 387 2.03* 3.31*
Falcon3-7B 350 552 226 3.69 2.07° 3.50*
Llama-3 8B 7.92 993 253 389 2.35% 3.75*
Mistral 7B 473 7.82 231 373 2.08" 3.44*

Ours (AddictSim)
RMSE

C Robustness across Different LLMs

In this section, we present both video-level and session-level per-
formance comparison across different LLM backbones on the THU
dataset. To evaluate the robustness of our proposed method, we
replace the backbone LLM with several alternatives, including
Llama3 [12], Mistral [17], and Falcon3 [33].

Note that, to evaluate the robustness of our method, we focus on
comparing it with the well-performing and most relevant baselines,
namely GRPO and the base model.

C.1 Session-level results for different LLMs

From Table 4, we can observe that despite the architectural and
training differences among these backbone models, AddictSim con-
sistently achieves notable performance improvements in terms of
MAE and RSME. This indicates that the effectiveness of AddictSim
is not tied to any specific LLM architecture, but rather generalizes
well across a diverse set of models. Such robustness suggests that
AddictSim can reliably enhance prediction accuracy regardless of
the underlying language model, making it widely applicable in
different short-video recommendation scenarios.
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Table 5: Performance comparison between our simulator AddictSim and GRPO. * indicates that the improvements over the best
baseline (marked as underlined) are statistically significant (t-tests and p-value < 0.05).

Urban

Rural

Session-level

Video-level

Session-level Video-level

MAE RMSE MAE RMSE MAE RMSE MAE RMSE

GRPO 1.95 2.75 0.63
Ours (AddictSim) 1.64* 2.20° 0.61"

0.80 2.46 4.25 0.67 0.85
0.77* 2.20* 4.03* 0.65" 0.82

C.2 Video-level results for different LLMs

Then, we will present the results for the video-level simulation
results of different backbone LLMs. Table 6 presents the video-level
performance comparison across different LLM backbones on the
THU dataset, while video-level results exhibit similar trends.

The results align with our earlier findings: despite variations in

LLMs, our approach consistently yields significant improvements
in MAE and RMSE. This demonstrates that the effectiveness of our
method is not dependent on a particular LLM architecture.
Table 6: Video-level performance comparison with differ-
ent LLM backbones on THU Dataset. * indicates that the
improvements over the best baseline (marked as underlined)
are statistically significant (t-tests and p-value < 0.05).

Base model GRPO Ours (AddictSim)
MAE RMSE MAE RMSE MAE RMSE

QWEN2.5-7B 096 118 0.65 0.82 0.63" 0.79*
Falcon3-7B 0.77 095 0.66 0.82 0.65" 0.82*
Llama3.18B 1.11 138 0.76 0.98 0.68" 0.86*
Mistral 7B 0.72 0.89 065 082 0.64* 0.79*

C.3 Discussion

In Table 4 and 6, our model outperforms all baselines across every
LLM backbone on both MAE/RMSE. Our model’s performance
varies by less than 10% across backbones, compared to up to 55%
variation in the base models (common range in recommendation
task), and the GRPO-based gains remain consistently within 8-12%.
These results demonstrate that our approach is both robust and
architecture-insensitive.

0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8
Discounting factor o Discounting factor o

Figure 10: Addiction time a/b and degree w/c w.r.t. discount-
ing factor o.

D Performances on Different Users

To rigorously assess the generalizability of our model across di-
verse user groups, we conducted a granular performance evaluation
within the “Urban” and “Rural” contexts, as detailed in Section 4.3.2.

This analysis allows us to determine whether the model maintains
consistent efficacy across varying user groups. We present experi-

ments to evaluate the effectiveness of the proposed AddictSim and
the best-performing baseline GRPO on THU dataset. The overall
results are summarized in Table 5.

From the results, we can observe that our model can outperform
GRPO at both session-level and video-level on different user groups.
when evaluating urban and rural users separately, our model im-
proves session-level MAE by 15.8% and 10.5%, respectively, over the
best baseline (without considering personalized rewards). Other
metrics also show consistent gains of 4-12%.

These results further substantiate the effectiveness of our person-
alized reward mechanism, which is specifically designed to account
for the inherent heterogeneity across diverse user groups.

E Ablation Study for Discounting Factor o

In this section, we investigate the influence of the discounting factor
o on two key metrics: the addiction duration a/b and the addiction
degree w/o.

As illustrated in the left panel of Figure 10, the addiction time
a/b remains relatively stable across varying values of ¢, exhibiting
only a marginal decrease as ¢ increases. In contrast, the right panel
reveals a non-monotonic relationship between the discounting
factor and the addiction degree w/o. Specifically, the addiction
degree initially rises with o, reaching its peak at approximately
o = 0.5, before gradually declining as o continues to increase.

Intuitively, o represents the rate at which a user "forgets" or
discounts their historical consumption patterns. When o is low, the
user is primarily driven by immediate gratification from the current
video, which prevents the accumulation of deep-seated addiction.
Conversely, when o is excessively high, the user becomes less
sensitive to the immediate influence of the current video and tires
of the content more rapidly. However, the influence of ¢ is limited,
showing the robustness of our method.
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