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Abstract

User feedback is critical for refining recommendation sys-
tems, yet explicit feedback (e.g., likes or dislikes) remains
scarce in practice. As a more feasible alternative, inferring
user preferences from massive implicit feedback has shown
great potential (e.g., a user quickly skipping a recommended
video usually indicates disinterest). Unfortunately, implicit
feedback is often noisy: a user might skip a video due to ac-
cidental clicks or other reasons, rather than disliking it. Such
noise can easily misjudge user interests, thereby undermin-
ing recommendation performance. To address this issue, we
propose a novel Group-aware User Behavior Simulation (G-
UBS) paradigm, which leverages contextual guidance from
relevant user groups, enabling robust and in-depth interpreta-
tion of implicit feedback for individual users. Specifically, G-
UBS operates via two key agents. First, the User Group Man-
ager (UGM) effectively clusters users to generate group pro-
files utilizing a “summarize-cluster-reflect” workflow based
on LLMs. Second, the User Feedback Modeler (UFM) em-
ploys an innovative group-aware reinforcement learning ap-
proach, where each user is guided by the associated group
profiles during the reinforcement learning process, allowing
UFM to robustly and deeply examine the reasons behind im-
plicit feedback. To assess our G-UBS paradigm, we have
constructed a Video Recommendation benchmark with Im-
plicit Feedback (IF-VR). To the best of our knowledge, this is
the first multi-modal benchmark for implicit feedback evalu-
ation in video recommendation, encompassing 15k users, 25k
videos, and 933k interaction records with implicit feedback.
Extensive experiments on IF-VR demonstrate that G-UBS
significantly outperforms mainstream LLMs and MLLMs,
with a 4.0% higher proportion of videos achieving a play rate
>30% and 14.9% higher reasoning accuracy on IF-VR.

Introduction
Nowadays, multi-modal content platforms like TikTok,
Kuaishou, and Tencent Video have become integral to our
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daily lives. To provide effective and personalized services,
these platforms strive to establish accurate recommenda-
tion systems by learning user preferences from interaction
records, attribute information, and user feedback. However,
when using these platforms, users are rarely active in pro-
viding explicit feedback (Xie et al. 2021) (e.g., ratings,
likes, dislikes, and their underlying reasons). Instead, in-
direct behavioral cues are more observable, such as quick
video skips, non-clicks, and low completion rates, which
serve as implicit feedback reflecting user discontent. Conse-
quently, in-depth interpretation of implicit feedback is cru-
cial for boosting recommendation accuracy and personaliza-
tion. However, implicit feedback typically contains substan-
tial noise, which can easily lead to misjudgment of user in-
terests, thereby impairing recommendation performance and
ultimately leading to user attrition and platform abandon-
ment (Zhao et al. 2023). For instance, a quick skip may
result from accidental operations (e.g., one-handed usage),
user habits, or environmental interference, rather than gen-
uine disinterest in the content. This presents a key challenge:
how to robustly discern the underlying causes of users’ im-
plicit feedback in the presence of noisy signals?

Current efforts to mine implicit feedback can be cate-
gorized into embedding-based and LLM-based approaches.
Traditional embedding-based approaches (Chen et al. 2021;
He et al. 2016; Park and Lee 2022; Guo et al. 2017) map
all implicit feedback into embedding features and feed them
into recommendation models under the assumption that
richer features will produce better performance. Since these
schemes cannot truly capture why users dislike certain con-
tent, they tend to result in poor interpretability. LLM-based
approaches leverage large language models (LLMs) (Zhang
et al. 2025, 2024c; Yang et al. 2024b) or RL-tuned mod-
els (Yang et al. 2025b; Zhao et al. 2023, 2018) to understand
and simulate user behavior (e.g., predicting whether a user
will like an item). However, existing LLM-based methods
focus predominantly on text modality, lacking the ability to
jointly perceive information across multiple modalities. In
addition, they fail to address the noise in the individual’s
implicit feedback, further limiting their performance.
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Profile Sampling
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Figure 1: Overview of our G-UBS paradigm: To better visu-
alize implicit feedback, we integrate UGM-generated group
profiles into the UFM training process.

To address these challenges, we propose a novel Group-
Aware User Behavior Simulation (G-UBS) paradigm, aim-
ing to robustly and profoundly understand users’ implicit
feedback under the contextual guidance of relevant user
groups as shown in Fig 1. Specifically, G-UBS comprises
two key collaborative agents, namely User Group Manager
(UGM) and User Feedback Modeler (UFM). The UGM
agent is designed to support 1,000 concurrent users and gen-
erate up to 50 distinct group profiles via an LLM-powered
“summarize-cluster-reflect” workflow. The UFM agent inte-
grates group profiles from UGM and multi-modal informa-
tion to optimize the training of individual user simulators,
effectively filtering noise in implicit negative feedback. In
summary, G-UBS is a pioneering paradigm that ensures ro-
bust scalability while enabling more accurate and reliable
simulations to better understand implicit user feedback.

To evaluate our proposed method, we have constructed
IF-VR, the first multimodal dataset of user implicit feed-
back in video recommendation scenario. This dataset covers
two mainstream app-based recommendation modes: sequen-
tial video recommendation, where users can skip videos they
dislike, and click simulation, which predicts click events on
pages containing multiple videos and their titles. Specifi-
cally, IF-VR includes data from 15,000 users, covering their
demographic profiles and interest tags, along with 933K
clicking or watching histories. In addition, it contains 50K
dislike feedback entries and 72K annotated types behind
users’ fast-swipes or low play rates in viewing histories. This
dataset also includes 25K videos watched by users and their
corresponding titles. Sourced from the Tencent Video Mo-
bile app, IF-VR thus stands as a multimodal recommenda-
tion dataset that closely aligns with real-world scenarios. Ex-
perimental results demonstrate that our method outperforms
other LLMs and MLLMs, excelling in predicting user fast-
swipes and non-clicks, with relevant analyses provided. Our
contributions are summarized below.

• We propose a novel G-UBS paradigm, which consists of
two key agents named UGM and UFM, for integrating

group profiles into RL-based user simulation fine-tuning.
Our G-UBS eliminates the noise in the individual im-
plicit feedback with group profile aiding, thereby enhanc-
ing the accuracy of user simulation.

• We introduce IF-VR, a large-scale multitask dataset tai-
lored to analyze user implicit feedback in real-world mul-
timodal recommendation scenarios, providing compre-
hensive evaluation.

• We have conducted extensive experiments on both real-
world business scenarios and open-source datasets. The
results demonstrate that our approach outperforms exist-
ing LLMs and MLLMs, with a 4.0% higher proportion
of videos achieving a play rate >30% and 14.9% higher
reasoning accuracy.

Related Work
Mining Implicit User Feedback. Currently, there are
two main paradigms for mining users’ implicit feedback:
embedding-based and LLM-based methods. Embedding-
based methods directly map implicit user feedback to em-
beddings (Xie et al. 2021; Chen et al. 2021; Paudel, Luck,
and Bernstein 2018; Park and Lee 2022; Lai, Chen, and
Zhang 2024) , which are incorporated into the recommen-
dation pipeline. For instance, DFN(Xie et al. 2021) captures
unbiased preferences using internal and external feedback,
while CDR(Chen et al. 2021) uses explicit dislike signals
to evaluate behavioral sequences. However, such embedding
methods suffer from poor interpretability, offering limited
insight into the underlying reasons for user dissatisfaction.
LLM-based methods explore the use of LLMs to interpret
implicit feedback via CoT reasoning (Yang et al. 2025b;
Zhao, Xu, and Li 2025; Lai et al. 2025) or the RL training
pipeline (Han et al. 2025; Yue et al. 2025; Lai et al. 2023).
However, these single-modal methods do not consider the
multimodal feedback noise in individual users.

User Simulator. Existing user simulation methods can
be divided into two categories. One is system simulation
in the context of recommendation systems (Zhang et al.
2025, 2024a; Zhao et al. 2023; Corecco et al. 2024; Zhang
et al. 2024c; Wang et al. 2023; Chen et al. 2024; Wang
et al. 2025b), which aims to mimic user interactions such
as clicks, skips, or feedback. However, these single-modal
frameworks cannot integrate multimodal signals prevalent
in video recommendation scenarios. The other category
is large-scale, LLM-driven multi-agent simulations (Yang
et al. 2024b; Piao et al. 2025; Liu et al. 2025; Chen et al.
2025b,a,c; Lai et al. 2024), designed to reproduce emergent
behaviors in open-ended social settings and offer insights
into collective dynamics. However, this large-scale user sim-
ulation approach heavily relies on LLMs’ capabilities. De-
spite simulating many users, LLMs lack accuracy in under-
standing users’ implicit feedback without fine-tuning.

Method
This section details our Group-Aware User Behavior Sim-
ulation (G-UBS) paradigm, where two LLM-based agents
(i.e., UGM and UFM) collaborate to integrate group profiles
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Figure 2: Overview of UGM group profile generation pipeline.

to ensure robust individual user simulations. Then, the con-
struction methodology of the IF-VR dataset is presented.

Agent 1: User Group Manager (UGM)
To obtain robust and representative group profiles while
achieving accurate user classification, we propose a
summarize-cluster-reflect workflow. As illustrated in Fig. 2,
UGM first performs initial classification on the user groups
to be analyzed and summarizes preliminary group profiles.
In the subsequent clustering phase, users are assigned to
their respective groups. To mitigate deviations, during the
reflection phase, UGM adjusts the prior clusters and outputs
refined group profiles. Details are provided as follows. To
be specific, the UGM’s prompt is in Appendix A.1, detailed
initial and final group profiles are in Appendix A.8.
Phase 1: Summarizing Initial Group Profiles. To estab-
lish an initial classification framework for large-scale user
groups to be analyzed (supporting over 1,000 users), we
first perform the “summarize” action. Given a user profile
set U containing over 1000 users, each user is formatted
as u = [ID,Occ,Age,Gender,T], u ∈ U . Here, Occ de-
notes the user’s occupation and T represents tags for the

user’s video preferences as shown in Fig. 2. The set U , the
expected number of categories k, and the summary mode
M are input into the group summary LLM S (DeepSeek-
R1 (Guo et al. 2025)). The model outputs k user groups G
along with their corresponding representative users Ug .The
mode M specifies the grouping criteria, such as video pref-
erences or demographic attributes (e.g., age, gender, occu-
pation). This process is formulated as:

Ug,G = S(U , k,M) |G| = k, |Ug| = k. (1)
For each group g ∈ G, g = {Tg, name}. Tg is the brief
group description tag and ug ∈ Ug is the typical user of g.

Phase 2: Clustering users to Respective Groups. To ac-
curately assign users to their respective groups, in this step,
we cluster them by matching each user u to the typical users
ug ∈ Ug across all categories based on similarity. The top
60 users most similar to each typical user ug are selected to
form the initial user group Cg , formulated as:

Cg = {u ∈ U , ug ∈ Ug | Sim(u, ug) ≥ τg} , g ∈ G (2)
The dynamic threshold (τj) is determined by ranking users
in descending order of similarity and selecting the top 60.
These users’ profiles are then fed into the profile generator
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Figure 3: Overview of UFM Reinforcement Learning Paradigm.

(GPT-4o) to create an initial group profile P̂g , as illustrated
in the “cluster” section of Fig 2.
Phase 3: Refining Group Profiles via Reflection. Consid-
ering the context length constraints of LLMs, we did not
incorporate user historical viewing records in the previous
two working phases, which may lead to misclassifications.
Therefore, in this step, we refine the initial clusters to rectify
discrepancies between interest tags and actual viewing be-
havior. Taking group Cg as an example: for each user, their
profiles u ∈ Cg and the viewing history h (e.g., play rate,
video title, duration, click) are input into the user-matching
LLM (GPT-4o), which evaluates whether the user’s interest
and historical behavior align with P̂g . Users whose prefer-
ences match P̂g are retained in the refined group C ′

g .

C ′
g =

{
u ∈ Cg | Match(u, P̂g, h) = ’Yes’

}
(3)

For each category, if the number of matched users |C ′
g| is

less than 10, no group profile is generated. Otherwise, all
users’ profiles and viewing histories within the group are in-
put into the profile generator (GPT-4o) to summarize key in-
formation, including preference characteristics, comprehen-
sive profile details, and recommendation directions, thereby
forming the final group profile Pg as illustrated in Fig 2.

Agent 2: User Feedback Modeler (UFM)
We propose the UFM agent to robustly interpret users’ im-
plicit feedback under the guidance of relevant user group
profiles, with Reinforcement Learning (RL) employed for
model training. To enable the model to quickly grasp the

core logic of the task and enhance the stability of RL,
we first perform Supervised Fine-Tuning (SFT) following
the approach of DeepSeek-R1 (Guo et al. 2025). Specifi-
cally, we leverage 50K collected explicit dislike feedback
(e.g., dislike this content, dislike this author) and use GPT-
4o (Hurst et al. 2024) to generate chain-of-thought annota-
tions for attribution types. After warming up the model via
SFT based on the above explicit dislike signals, we further
train UFM following the RL paradigm presented in Fig 3,
which consists of profile sampling and group-aware GRPO
(GA-GRPO). Next, we will elaborate on these two compo-
nents and the reward mechanism.

Profile Sampling. The UFM RL paradigm includes profile
sampling and group-aware GRPO (GA-GRPO) as shown in
Fig 3. GA-GRPO integrates group profiles and similar users
into the policy model training, learning from both individual
and group-level behaviors to enhance robustness and accu-
racy. To incorporate group knowledge into individual user
simulators, profile sampling is executed at each tuning step,
involving three types of profiles: (i) Training User Profile
uT : the primary user profile for training. (ii) Group profile
Pg: a representative profile of the group to which uT be-
longs. If uT does not belong to any group, Pg is substituted
with uT . (iii) Similar User Profile uS : a profile of another
user from the same group(s) as uT . As shown in Fig 3, if uT

belongs to both Group 1 and Group 2, us is sampled from
other users in these two groups. If no similar user is avail-
able, us is replaced with uT . We input the sampled profile to
a User Feedback Modeler (UFM) that generates responses
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Dataset Age Gender Job Interest
Tag

Video
Data

Explicit
Feedback

Implicit
Feedback

Negative
Comments

Finish
Rate

Click
Rate

Play
Rate

Amazon (Hou et al. 2024) % % % % % ! % ! % ! %
Netflix (Bennett and Lanning 2007) % % % % % ! ! % ! ! %
Yelp (Asghar 2016) % % % % % ! % ! % ! %
MIND (Wu et al. 2020) % % % ! % % ! % ! ! %
MovieLens (Harper and Konstan 2015) ! ! ! ! % ! % % % ! %
MircoLens (Ni et al. 2023) % % % % ! % % % % ! %
KuaiRand (Gao et al. 2022) % % % % % ! ! % ! ! %

IF-VR ! ! ! ! ! ! ! ! ! ! !

Table 1: Comparison with Previous Recommendation Dataset.

O = {oS , oT , oG}. The UFM agent takes the sampled video
V , its title, a sampled profile u ∈ {uT , uS}, and user view-
ing histories hT and hS as input, generating outputs oT and
oS as o = UFM(V, title, u, h), where u ∈ {uT , uS} and
h ∈ {hT , hS}. For the group profile Pg , only the sam-
pled video frames V and title are fed into UFM, yielding
oG = UFM(V, title, Pg).

Reward mechanism. To guide the model in understand-
ing implicit user feedback, we categorize feedback into
three types and train UFM using multiple-choice questions.
To optimiz model performance, we design a reward mech-
anism that evaluates user behavior predictions based on
specific criteria. For a given output o ∈ O, three types
of rewards are considered: (i) Format reward: rformat:
to ensure the model generates responses in the desired
format (e.g., <think>...</think> for thoughts and
<answer>...</answer> for answers), we introduce a
format reward rformat. (ii) Skip reward: rskip: if the model
correctly predicts whether the user will fast-forward a video,
rskip is assigned. (iii) Choice reward: rchoice: if the model
accurately chooses the reason options for fast-forwarding,
rchoice is granted. The total reward is:

R(o) = rformat + rskip + rchoice. (4)

Group-Aware GRPO. To incorporate group-level and
similar-user information, we weight the rewards de-
rived from different profiles. Specifically, the rewards
{RT , RS , RG} are calculated as RT = R(oT ) × WT ,
RG = R(oG)×WG, and RS = R(oS)×WS , respectively.
The quality of responses o ∈ O is evaluated as:

AR =
R−mean({RT , RS , RG})

std({RT , RS , RG})
, R ∈ {RT , RS , RG}

AR represents the relative quality of o. GA-GRPO optimizes
for high-scoring responses while incorporating a KL diver-
gence term to constrain the optimized policy πθ from devi-
ating excessively from the reference policy πref , where β
serves as the regularization coefficient. This process is for-
mulated as:

max
πθ

Eo∼πθold
(p)

[∑
o∈O

πθ(o)

πθold(o)
·AR − βDKL

(
πθ ∥πref

)]
The Prompt for UFM is in Appendix A.2. Further training
details are provided in Appendix A.5.

Constructing the IF-VR Dataset
To address the scarcity of public multimodal datasets specif-
ically designed for attributing users’ implicit feedback, we
constructed Video Recommendation Dataset with Implicit
Feedback (IF-VR) to validate our G-UBS paradigm. IF-VR
contains more user information and is closer to real-world
recommendation scenarios, as shown in Tab 1.
Dataset Composition. As the first multimodal video dataset
dedicated to implicit negative feedback verification, IF-VR
includes 15K user profiles from the Tencent Video app,
with detailed annotations such as gender, age, occupation
shown in Tab 1. The viewing history spans 7 days from May
19 to May 25, 2025. This dataset covers two mainstream
app-based recommendation modes: (i) Sequential video rec-
ommendation, allowing to skip disliked videos, with 8,000
users, 320K viewing histories, 50K explicit ”dislike” feed-
back, and 72K implicit feedback annotations generated by
GPT-4o and checked by humans. (ii) Click simulation, pre-
dicting user clicks on pages with multiple videos and ti-
tles, including 7,000 users, 613K exposure/click histories. In
summary, IF-VR encompassed 15k users, 25K videos, and
993K interaction records. Appendix A.4 shows more details.
Labeling for IF-VR. To attribute these users’ implicit feed-
back, we categorized the underlying causes into three types:
(i) Content-driven fast-skipping (due to objective content
flaws): e.g., vulgar content, clickbait titles, physiologically
discomforting visuals (e.g., bloody scenes, unpleasant crea-
tures like snakes or centipedes). (ii) Algorithm-driven fast-
skipping (due to recommendation ineffectiveness): e.g., in-
accurate user profiling, repetitive recommendations, insuffi-
cient diversity. (iii) User-driven fast-skipping (arising from
individual user actions): such as operational errors and lack
of viewing intent at the current time. To perform this cate-
gorization, we instructed GPT-4o to label the 72K histories
with a viewing rate below 0.3 (from the 320K viewing en-
tries) using the three types mentioned above, and double-
checked by humans. More details are in Appendix A.3.

Experiments
Implementation Details and Metrics. In our experi-
ments, we utilize Tencent Video APP’s native recommen-
dation system to generate a candidate video set, then ap-
ply our proposed G-UBS paradigm to filter out items mis-
matched with user preferences, yielding more precise out-

29345



Model Person
Play Rate

Total
Play Rate

Finish
Rate

Play Rate
>30%

Click
Rate

Judge
F1

Judge
Acc

Reason
F1

Reason
Acc

Original Recommendation 46.5% 48.3% 17.1% 76.3% 21.4% - - - -
SASRec (Kang and McAuley 2018) 45.8% 48.0% 16.9% 75.8% 20.9% - - - -

Llama3.3-70b (Grattafiori et al. 2024) 46.5% 48.4% 17.3% 77.0% 21.6% 18.1% 71.9% 10.3% 8.6%
Qwen3-32b (Yang et al. 2025a) 47.8% 49.6% 17.6% 80.0% 21.8% 36.0% 64.1% 36.5% 35.1%
Qwen3-235b (Yang et al. 2025a) 48.3% 51.6% 18.3% 83.8% 21.9% 44.3% 65.9% 38.6% 42.3%
Deepseek-r1-0528 (Guo et al. 2025) 49.6% 53.0% 20.9% 83.8% 22.7% 43.0% 61.0% 41.3% 48.0%

Qwen-2.5VL-7B (Yang et al. 2024a) 47.2% 49.0% 17.1% 79.3% 22.0% 35.8% 55.6% 30.6% 36.4%
Video-R1 (Feng et al. 2025) 48.3% 49.1% 17.6% 80.4% 22.2% 36.7% 57.9% 31.7% 36.9%
Videochat-R1 (Li et al. 2025) 48.4% 52.5% 19.7% 84.5% 22.1% 42.4% 42.9% 42.0% 41.6%
Doubao-1.5-pro (Shen et al. 2025) 48.8% 50.0% 18.4% 81.0% 22.8% 38.6% 70.5% 16.5% 22.5%
GPT-4o (Hurst et al. 2024) 51.3% 52.8% 19.9% 84.7% 23.0% 45.4% 65.1% 37.4% 40.5%

G-UBS 52.3% 55.3% 22.1% 88.7% 25.7% 54.9% 72.9% 55.6% 62.9%

Table 2: SOTA Comparison on Different LLM and MLLM in Understanding the Implicit Feedback of Users

MovieLens Amazon Books

Method Acc Recall F1 Acc Recall F1

RecAgent 58.1% 60.4% 62.1% 62.7% 64.9% 65.0%
Agent4Rec 69.1% 69.1% 69.8% 68.9% 70.3% 67.9%
GPT-4o 72.2% 71.8% 73.6% 73.4% 72.8% 73.6%
SimUser 79.1% 75.8% 77.7% 79.1% 78.5% 79.4%
G-UBS 79.9% 76.2% 78.2% 80.1% 78.9% 80.2%

Table 3: User Simulation Experiment on Public Datasets.

Group
Num

Person
Play Rate

Play Rate
>30%

Click
Rate

Judge
F1

Reason
F1

10 52.1% 88.5% 25.5% 54.5% 55.1%
20 52.3% 88.7% 25.7% 54.9% 55.6%
30 52.3% 88.6% 25.4% 54.6% 55.3%
40 52.3% 88.7% 25.2% 54.3% 55.4%

Table 4: Different Grouping Numbers on UGM

comes. The LLM employed throughout the G-UBS work-
flow is Qwen2.5-VL-7B (Bai et al. 2025). We perform full-
parameter fine-tuning on the UFM agent using 4 A100 80G
GPUs. For both SFT and RFT, the learning rate is set to 1e-
5. We conducted SFT for 1 epoch and RFT for 200 steps
to achieve optimal results on IF-VR. Additional training de-
tails and experimental settings for IF-VR, MovieLens, and
Amazon Books are provided in Appendix A.6 and A.7. The
evaluation metrics in Tab 2 are defined as follows: Play Rate
is the ratio of watch time to video duration, with repeated
views counted as 100%. Person Play Rate and Total Play
Rate refer to the average Play Rate per user and across all
videos, respectively. Finish Rate is the proportion of videos
with Play Rate>90%, and Play Rate>30% is the percentage
of videos with a Play Rate>30%. Click Rate is the ratio of
clicks to recommended videos. Judge F1/Acc evaluate the
model’s ability to predict skips, while Reason F1/Acc assess
its accuracy in identifying why users skip a video. Follow-
ing SimUser (Xiang et al. 2024), the metrics (ACC, Recall,
F1) in Tab 3 measure the model’s ability to predict whether
users will like a video.

Interest Demogra-
phics

Person
Play Rate

Play Rate
>30%

Click
Rate

Judge
F1

Reason
F1

! % 52.3% 88.7% 25.7% 54.9% 55.6%
% ! 52.0% 88.3% 25.6% 54.6% 55.1%
! ! 52.2% 88.7% 25.4% 54.8% 55.3%

Table 5: Different Grouping Methods on UGM

Model Person
Play Rate

Play Rate
>30%

Click
Rate

Judge
F1

Reason
F1

BERT-Sim 51.8% 88.0% 24.9% 54.3% 54.7%
K-Means 51.6% 87.9% 25.0% 54.6% 55.0%
TFIDF 52.3% 88.7% 25.7% 54.9% 55.6%

Table 6: Different User Clustering Methods on UGM

SFT RL Group
Profile

Person
Play Rate

Play Rate
>30%

Click
Rate

Judge
F1

Reason
F1

% % % 47.2% 79.3% 22.8% 35.8% 30.6%
! % % 48.6% 80.8% 23.6% 38.0% 36.4%
% ! % 49.6% 84.7% 23.2% 45.3% 46.0%
! ! % 51.2% 87.4% 23.8% 51.4% 46.5%
% ! ! 50.8% 87.9% 24.9% 52.6% 50.0%
! ! ! 52.3% 88.7% 25.7% 54.9% 55.6%

Table 7: Training Processes on UFM

Comparison with SOTAs. As shown in Tab 2, we com-
pare our method with Tencent Video APP’s original rec-
ommendation strategy, methods based on LLMs (Grattafiori
et al. 2024; Yang et al. 2025a; Guo et al. 2025) and
MLLMs (Yang et al. 2024a; Feng et al. 2025; Shen et al.
2025; Hurst et al. 2024; Li et al. 2025), and the traditional
item-based SASRec (Kang and McAuley 2018). Experi-
mental results show that our post-processed recommenda-
tion strategy achieves the best overall performance. Tradi-
tional methods, such as SASRec, rely solely on item embed-
dings and fail to grasp concrete item semantics. Meanwhile,
LLMs and MLLMs poorly align with user preferences due
to inherent noise in user feedback. Specifically, our method
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Q: Based on user profile, histories, and video, judge if the user will quickly skip this video.
A. The user will not fast-skipping this video.  B. Content-driven fast-skipping.  
C. Algorithm-driven fast-skipping .             D. User-driven fast-skipping .
User Profile: Age: 54, Gender: Male, Occupation: Civil servant
Interest: celebrity news, social & current pol, insects, life tips, finance figures, positive 
energy, tech figures, food shows, int'l community, amphibians & reptiles, kung fu & 
martial arts, mammals, car maintenance, diplomatic news, birds, int'l current pol, aquatic 
animals, aerospace, extreme sports ……
History: 
1. Eggshell tea is common in mountains, little known outside (play 53% 23s)
2. US Defense Sec, Musk meet publicly again (play 51% 8s)
3. Bought a big goose for 228; roasted this way, tasty. Dad: want more (play 78% 57s)
4. Indian she-bear fights tiger to protect cubs, drives it off (play 34% 22s)
5. Tourists find horse tangled in roadside wire, get off to rescue; (play 32% 11s)  ......

Video Title: Extreme challenger jumped from Dubai's Burj Khalifa, with over 800m 
of ground below.

G-UBS: Think: 54-year-old male civil servant from a small town has diverse 
interests including social, animals, lifestyle, technology. The current video is about 

someone jumping from Burj Khalifa (800+ meters). The user now has extreme sports 
listed in their interests, which suggests they might have some interest in this type of 
content. Despite the user having an interest in extreme sports, the visceral nature 
of watching someone jump from 800+ meters is likely to cause physiological 
discomfort for many viewers, particularly those in the middle-aged/elderly 
demographic. The combination of extreme height, potential danger, and the physiological 
response to such content (vertigo sensation) would make this difficult to watch 
completely. Answer: B. Content-driven fast-skipping

GPT-4o: The user is a 54-year-old male… Notably, he has shown interest sports like 
kung fu and martial arts. … The video is about an extreme challenge where someone 

jumps off the Burj Khalifa, an 800-meter-tall skyscraper. This aligns with the user‘s 
interest in extraordinary and daring activities, as well as international landmarks. The 
user’s viewing history suggests that the user prefers concise, engaging, and relevant 
content. In summary, the video aligns well with the user‘s interests. The user is likely to 
watch this video without skipping. Answer: A. The user will not fast-skipping this video.

Doubao-1.5-Thinking-Vision-Pro: Think: First, let's look at the user's profile. He’s a
54-year-old male  civil servant, a small-town middle-aged and elderly person. His video 

interests include extreme sports, which is directly related to the current video about 
an extreme challenger jumping from the Burj Khalifa. There's no indication of content 
flaws like vulgarity, clickbait, or uncomfortable visuals (B). The recommendation seems 
to match his interest, so algorithm ineffectiveness (C) is unlikely. There's no info about 
user errors or lack of intent (D). His viewing history has various content, but the key is the 
interest match here. Answer: A. The user will not fast-skipping this video.

Figure 4: Case Study of G-UBS.

significantly boosts user engagement: Person Play Rate in-
creases from 46.5% to 52.3%, and Total Play Rate rises from
48.3% to 55.3%, outperforming top LLM (Deepseek-R1)
and MLLM (GPT-4o) baselines, attributing to learning from
different users within groups. Moreover, our model achieves
the highest Reasoning Accuracy and F1 scores, indicating a
strengthened capability to interpret users’ implicit feedback.
These results confirm the G-UBS paradigm’s effectiveness.

User Simulation Experiments on Public Datasets. To
verify G-UBS’s applicability, we compared it with RecA-
gent (Wang et al. 2025a), Agent4Rec (Zhang et al. 2024b),
GPT-4o (Hurst et al. 2024), and SimUser (Xiang et al. 2024)
using MovieLens and Amazon Books dataset, following
SimUser (Xiang et al. 2024)’s approach. Tab 3 reports the bi-
nary classification accuracy of this experiment, which mea-
sures the model’s ability to simulate user click responses.
Our G-UBS achieves the highest simulation accuracy.

Ablation Study
Different Grouping Methods on UGM. We ablate the op-
timal grouping strategies for the ‘summarize’ process as
shown in Tab 5. Interest-based grouping outperforms both
demographic-only and hybrid (interest+demographic) ap-
proaches. This is because demographic grouping (by age,
gender, or occupation) suffers from large intra-group inter-
est divergence. Users sharing the same attributes often have
different video preferences and opinions, reducing the con-
sistency of group profiles.
Different User Clustering Methods on UGM. We conduct
various clustering methods to determine the optimal choice
in the ‘cluster’ process of UGM. In Tab 6, TF-IDF outper-
forms BERT and traditional ML methods. Since user profiles
are structured as concatenated word sequences rather than
natural language texts, TF-IDF outperforms BERT (which
excels at sentence understanding) and K-Means (which
lacks semantic understanding) in word matching.
Training Processes on UFM. We conduct ablation stud-
ies on the UFM training process(with Qwen2.5-VL as the

baseline) to analyze the impacts of SFT, RL, and group
profile. As shown in Tab 7, SFT and RL boost perfor-
mance incrementally. But adding group profiles, especially
SFT+RL+Group, drives the best results. This result validates
the efficacy of our UFM agent tuning pipeline.

Hyperparameter Analysis
Different Grouping Numbers on UGM. We vary the num-
ber of groups in the ‘summarize’ process of UGM to deter-
mine the optimal granularity. The results from Table 4 shows
that 20 groups yield the best performance (e.g., 52.3% Per-
son Play Rate). Fewer groups lead to significant intra-group
interest divergence, which undermines the consistency of
group profiles. Conversely, an excessive number of groups
reduces the number of users per group, resulting in group
profiles that only serve a small minority and lack represen-
tativeness, thereby leading to suboptimal results.
Visualization of G-UBS. Regarding the video of jumping
off the Burj Khalifa in Fig.4, both Doubao and GPT-4o con-
cluded that the user would not fast-skip it based on the user’s
profile. However, such high-altitude extreme sports videos
can cause dizziness and physical discomfort, especially for
middle-aged and elderly people. Our G-UBS can accurately
determine why the user would fast-skip it based on the group
characteristics of middle-aged and elderly people.

Conclusion
In this paper, we propose a novel Group-aware User Behav-
ior Simulation (G-UBS) paradigm that captures and lever-
ages group profiles to achieve a more robust and profound
understanding of users’ implicit feedback. We have also
constructed a large-scale IF-VR dataset to support experi-
mental evaluations. Compared with mainstream LLMs and
MLLMs, G-UBS achieves a 4.0% higher proportion of
videos with a play rate exceeding 30% and a 14.9% improve-
ment in reasoning accuracy on the IF-VR dataset. Extensive
experiments validate the efficacy of our proposed method.
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