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Abstract

Existing video recommendation systems, relying mainly on
ID-based embedding mapping and collaborative filtering, of-
ten fail to capture in-depth video content semantics. More-
over, most struggle to address biased user behaviors (e.g.,
accidental clicks, fast skips), leading to inaccurate interest
modeling and frequent negative feedback in top recommen-
dations with unclear causes. To tackle this issue, we collect
real-world user video-watching sequences, annotate the rea-
sons for users’ dislikes, and construct a benchmark dataset
for personalized explanations. We then introduce the Agentic
Explainable Negative Feedback (ENF) framework, which in-
tegrates three core components: (1) the Profile Agent, extract-
ing behavioral cues from users’ historical data to derive psy-
chological and personality profiles; (2) the Video Agent, per-
forming comprehensive multimodal video analysis; and (3)
the Reason Agent, synthesizing information from the other
two agents to predict user engagement and generate explana-
tions. Additionally, we propose the S-GRPO algorithm, en-
abling the model to progressively address complex tasks dur-
ing reinforcement fine-tuning. Experimental results on the
collected dataset show that our method significantly outper-
forms state-of-the-art baselines in negative feedback predic-
tion and reason explanation. Notably, it achieves an 8.6% im-
provement over GPT-40 in reason classification. Deployment
on the business platform further validates its benefits: increas-
ing average user watch time by 6.2%, reducing the fast-skip
rate by 9.4% , and significantly enhancing user satisfaction.

Introduction

With the explosive growth of online multimodal content,
short video platforms such as TikTok and Kuaishou have be-
come primary channels for people to entertain themselves,
shop, and access key information, exerting a significant im-
pact on our daily life. Traditional recommendation meth-
ods (Huang et al. 2015; Zheng et al. 2018; Ying et al. 2018;
Yang et al. 2020; Yuan et al. 2020), like collaborative filter-
ing and multimodal methods, have been widely adopted for
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their simplicity and scalability. However, existing systems
inevitably encounter negative user feedback, which involves
both explicit forms (e.g., dislikes) and implicit ones (e.g.,
fast skips). Addressing such negative feedback is crucial for
recommendation systems, as it directly reflects users’ dissat-
isfaction and potential misalignment between recommended
content and actual preferences. Therefore, we raise a funda-
mental question: Why do some top-ranked recommendations
consistently trigger negative user feedback?

As a key topic in recommendation systems, research on
user negative feedback faces three core challenges. First,
the scarcity of negative feedback data limits the avail-
ability of high-quality datasets for in-depth analysis.
While explicit signals (e.g., dislikes, comments) are highly
informative, they are extremely sparse (accounting for ap-
proximately 0.3% of all interactions). In contrast, implicit
feedback (e.g., watch time, skips) is abundant but low-
informative and noisy, making the effective utilization chal-
lenging. Second, the specific reasons behind users’ nega-
tive feedback are highly unaddressed. Prior methods typ-
ically derive dislike-related features by clustering diverse
negative feedback signals, then use these features to sup-
press similar recommendations (Xie et al. 2021; Wang et al.
2023b; Lai et al. 2025), without understanding the specific
reasons behind dislike, these methods may lead to poor gen-
eralization across different scenarios. For example, in Fig. 1,
if a user dislikes a food-related video, it would be inappro-
priate to suppress all food-sharing recommendations with-
out understanding the actual cause. Third, existing LLM-
based methods for negative feedback lack detailed eval-
uation in multimodal scenarios. Although several LLM-
based methods (Bao et al. 2023; Ye et al. 2025; Zhang et al.
2025) can predict user preferences, they largely overlook
the complex multimodal content of items. Moreover, the
absence of evaluation regarding explainable reasons signifi-
cantly undermines their credibility.

To address these gaps, we first construct TVNF, a mul-
timodal video recommendation dataset containing diverse
negative feedback from the business scenario (i.e., Ten-
cent News). It includes basic user profiles and multi-grained
interaction data, such as watch time, dislikes, and actual
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Figure 1: User negative feedback in a real recommendation scenario. Traditional method recommends a food-sharing video
to a user who loves food-related themes based on high embedding similarity, while this triggers strong negative feedback. Our
ENF framework successfully predicts the reason for user’s negative feedback, avoiding similar recommendations in the future.

feedback reasons, enabling comprehensive analysis of user
behaviors. Based on specific user feedback contents, we
categorize dislike reasons into following types: negative
events, vulgar or conflicting values, boring plots, and vi-
sually disturbing elements. Further, we propose an MLLM-
based agentic framework designed to simulate personalized
user perspectives, aiming to understand videos and gener-
ate Explainable diagnostics for Negative Feedback (ENF).
Specifically, the ENF framework comprises three hierarchi-
cally structured agents: (1) The Profile Agent constructs dy-
namically updated user profiles by analyzing demographic
data and historical viewing patterns, generating additional
psychographic features (e.g.,“passion for fantastic plots™).
(2) The Video Agent leverages the multimodal capabili-
ties of MLLMs to decompose video content, providing con-
tent descriptions and value analysis to the Profile Agent for
cross-modal validation. (3) The Reason Agent evaluates
videos from the user’s perspective using the updated pro-
file from the Profile Agent, ultimately predicting user pref-
erence likelihood and generating interpretable explanations.
In addition, to ensure the ENF pipeline to simulate complex
human behaviors, we propose S-GRPO, a reinforcement
learning paradigm which employs a stepwise reward mech-
anism to address challenging tasks in a progressive manner.
Specifically, it includes three sequential rewards: a binary
judgment reward, a multi-choice selection reward, and an
interpretability-oriented reward. Notably, the latter reward
is only triggered when the output of the previous step is cor-
rect, which stands in contrast to earlier GRPO tasks (Liu
et al. 2025; Li et al. 2025) that rely on a single reward sig-
nal per iteration. Through this stepwise reward design, the
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model can incrementally learn and infer human viewing pat-
terns, thereby achieving more accurate predictions.

Experimental results validate the effectiveness of our
framework: compared with MLLMs and state-of-the-art
methods that directly utilize reinforcement learning, our ap-
proach achieves higher accuracy in both fast-skip predic-
tion and explainable reason classification, effectively bridg-
ing the gap between system rankings and actual user prefer-
ences. Our contributions can be summarized as follows:

* To the best of our knowledge, we are the first to identify,
explain, and evaluate implicit negative feedback using
LLMs. We construct TVNF, a practical multimodal video
recommendation benchmark with multi-granularity ex-
plicit and implicit feedback. It integrates multimodal
content, annotated explainable reasons, and labels, en-
abling evaluation for explainable negative feedback.

* We propose the Agentic ENF framework, which lever-
ages collaborative MLLM-based agents to effectively
simulate user behaviors. In addition, we introduce the
S-GRPO training strategy, a progressive reinforcement
learning paradigm that ensures explainable and person-
alized video recommendations.

» Extensive experiments demonstrated the improvements
by our ENF method in negative feedback prediction and
reason explanation. Additionally, we evaluate ENF in
real-world recommendation scenario and observe 6.2%
improvement in average play rate and 9.4% decline for
fast-skip rate, significantly enhancing user satisfaction.



Related Work

LLM as User Simulator. Considering the powerful se-
mantic understanding and reasoning capabilities of LLMs,
numerous studies have leveraged them to facilitate user in-
ference simulations (Ma et al. 2022; Wang et al. 2023a;
Zhang et al. 2024b; Corecco et al. 2024; Zhang et al. 2024a;
Feng et al. 2025b). For instance, iEvaLM (Wang et al.
2023a) explores two interaction types within a conversa-
tional recommendation benchmark: attribute-based question
answering and free-form chit-chat using ChatGPT (Achiam
et al. 2023). To simulate user search behavior, USimA-
gent (Zhang et al. 2024b) prompts an LLM-based agent
to construct complete search sessions, including query-
ing, clicking, and stopping behaviors, according to specific
search tasks. Agent4Rec (Zhang et al. 2024a) initializes
LLMs as agents with unique user profiles that encompass
tastes and social traits to simulate more realistic user behav-
iors. Additionally, LLM _Simulator (Zhang et al. 2025) sim-
ulates user preferences by matching the positive and neg-
ative attributes of items with LLM-generated user prefer-
ences to determine whether a user would like an item. How-
ever, prior LLM-based user simulation approaches have re-
lied on frozen LLMs, and using them solely through prompt-
ing would risk discrepancies with real user behavior and po-
tential hallucinations (Zhang et al. 2024a).

Implicit Negative User Feedback. Implicit feedbacks are
ubiquitously generated during user browsing behavior, such
as video watch rates and impression click-through rates.
They are noisy with subtle signals but still beneficial for rec-
ommendation systems (Frolov and Oseledets 2016; Lai et al.
2024; Seo et al. 2022; Cena, Console, and Vernero 2023;
Yang et al. 2025b), how to effectively leverage such perva-
sive yet inconspicuous implicit feedback to enhance user un-
derstanding persists a critical challenge. Some works (Pan
et al. 2016) aim to establish relationships between explicit
and implicit feedback through feature mapping or trans-
fer learning. DFN (Xie et al. 2021) utilizes both internal
and external feedback interactions to learn users’ unbiased
preferences for Click-Through Rate prediction. CDR (Chen
et al. 2021) employs users’ explicit dislike signals as a met-
ric to evaluate the relative significance of different behav-
ioral sequences. SINE (Pan et al. 2023) models passive-
negative feedback as a mismatch of specific sub-interests.
However, all previous methods focus solely on item rele-
vance rather than exploring the specific causes of negative
feedback, making it difficult to generalize to new items.

Method
Dataset Construction

We constructed a dataset, named TVNF, from real-world
multi-modal video recommendation scenarios on Tencent
News. It comprises approximately 10,000 users, 20,000
videos and 320,000 interaction behaviors over seven con-
secutive days. For each user, we gathered basic demo-
graphic information (age, gender, occupation), interest tags,
and detailed viewing behaviors, including video titles, du-
rations and watch times. All personally identifiable infor-
mation was anonymized for privacy protection. To ensure
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Dataset Multimodal ~ Explicit Implicit Real User

atase Video Data  Feedback Feedback Dislike Reason
Amazon X v X v
Yelp X v X v
MultiFeed X v v X
KuaiRand X v v X
MovieLens X v X X
MircoLens v X X X
TVWNF | v v v

Table 1: Content comparison with previous datasets.

data quality, we applied a filtering criterion to ensure that
users have at least 15 recorded viewing instances. Each of
the 20,000 unique videos is accompanied by its original
URL and 16 uniformly sampled frames for visual content
analysis. Additionally, a distinctive advantage of our inter-
pretable benchmark is that we have collected approximately
1k specific instances of users’ negative feedback (such data
is extremely scarce and difficult to collect in practice). In
these instances, users explicitly state their reasons for dis-
liking specific videos, which serve as important references
for understanding preference mismatches. By analyzing real
user comments, we categorize the reasons for negative feed-
back into the following types: i) the video contains neg-
ative events, vulgar content, or conflicting values for the
user; ii) the video content lacks sufficient appel and fails
to arouse the user’s interest; iii) the video contains disturb-
ing visual elements that cause discomfort to the user. For
the remaining vast volume of data, we treat cases where the
user’s viewing rate is below 0.3 as implicit negative feed-
back. We instruct GPT-40 (Hurst et al. 2024) to label each
implicit negative feedback instance according to the afore-
mentioned categories, followed by manual verification to en-
sure more reliable classification. Content comparison with
previous datasets (Hou et al. 2024; Asghar 2016; Xie et al.
2021; Gao et al. 2022; Harper and Konstan 2015; Ni et al.
2023) are presented in Tab. 1.

Our Agent-based ENF Pipeline

In contrast to objective questions with standard answers,
user behaviors are highly subjective and individual, render-
ing the simulation of specific user behaviors complex. Con-
sequently, we propose a multigrained agent-based frame-
work to collaboratively perform prediction and causal anal-
ysis of user behaviors, as shown in Fig. 2.

First, the Profile Agent infers users’ psychological pro-
files from their behavioral patterns, with the objective of ad-
dressing key limitation of traditional recommendation sys-
tems that rely solely on interest tag embeddings. Traditional
systems, for instance, often neglect nuanced psychologi-
cal tendencies of users: a celebrity fan may strongly pre-
fer positive content about their idol while rejecting criti-
cal narratives; a food enthusiast might react negatively to
videos with overly graphic depictions of ingredient prepa-
ration. These examples highlight that user preferences ex-
tend beyond surface-level interest tags, being rooted instead
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Figure 2: Overview of our Agent-based ENF framework. The three agents collaborate together, the Profile Agent analyze
the user behaviors to get more comprehensive profile, the Video Agent aids in providing multimodal insights, and the Reason
Agent uses the updated profile to predict whether a user likes the recommended video and provides explainable reasons.

in deeper psychological traits. Thus, the core goal of the
Profile Agent is to uncover these latent psychological traits,
enabling more nuanced and user-aligned recommendations.
To achieve this, the agent leverages basic user profile in-
formation (age, gender, occupation, and recent interests) to
analyze users’ sequential watching behaviors, including ti-
tles and play rates. Here, the agent focuses on videos with
a play rate below 0.3, which indicate user dissatisfaction
with recommendations. When textual titles alone provide
insufficient clues, the Profile Agent dynamically activates
the Video Agent to extract multimodal clues, enhancing the
depth of this analysis.

The Video Agent then conducts in-depth analysis at the
individual video level. Beyond basic content description, it
identifies potentially controversial elements within the video
and provides contextual explanations. Concurrently, through
detailed analysis of each interaction, the Profile Agent iter-
atively identifies factors causing users to skip content and
updates psychological profiles (e.g., value orientations and
tolerance for negativity toward such videos). Finally, the
Reason Agent leverages basic user information and refined
psychological profiles to generate user-centric video under-
standing. This analysis process encompasses four key di-
mensions: whether the video’s content aligns with the user’s
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interest; whether the plot is appealing; whether the content
contains negative events or extreme opinions; and whether
the visual elements align with the user’s sensory tolerance.
By assessing these factors, the Reason Agent infers the
user’s attitude toward the video.

Progressive Training Strategy for Agents

We adopt Qwen2.5-VL-7B (Yang et al. 2024b) as the foun-
dational MLLMs and follow the two-stage training frame-
work of DeepSeek-R1 (Guo et al. 2025): supervised fine-
tuning (SFT) for cold start, followed by reinforcement fine-
tuning (RFT). Specifically, in Stage 1, leveraging reasons of
real user feedback, we prompt GPT-40 to generate a chain-
of-thought (CoT) reasoning process explaining why users
disliked specific videos. These generated CoTs of the rea-
sons are used as SFT data to warm up the model. In Stage
2, we further train the agent on the non-annotated data us-
ing our proposed S-GRPO algorithm. Our task definition
involves a hierarchical prediction framework consisting of
three progressive stages: first, binary judgment to determine
whether the user generates negative feedback; second, multi-
choice classification of pre-defined negative feedback types;
and third, generating reasons to explain the core cause of the
negative feedback. Unlike prior methods (Feng et al. 2025a;
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Figure 3: Training process of our agents. In the first stage, we use real user feedback reasons for cold start; and in the second
stage, we propose a progressive reward mechanism that provides step rewards for a response in an order from easy to hard.

Li et al. 2025; Wang et al. 2025b) that only involve a single
objective question for a video, our method introduces mul-
tiple granularity judgments, which makes it challenging to
evaluate the response using a single reward.

To address this issue, we propose an effective multiple-
choice question paired with Step Group Relative Policy Op-
timization (S-GRPO). Except the basic format reward, this
design incorporates a progressive reward mechanism that of-
fers three step rewards Rg,; for a response o;, as depicted
in Figure 3. In the binary Judge Reward rjygq. at the first
step, we determine whether the prediction of the user’s at-
titude is correct. If the judgment is wrong, the process ter-
minates immediately. Otherwise the response will receive a
fixed reward (e.g., 0.5), and if the real user feedback is posi-
tive, the process also terminates, and if the feedback is neg-
ative, the process proceeds to the second step, i.e., the Class
Reward r.,s. Here, if the choice of the negative feedback
type is accurate, an additional reward (e.g., 1.0) is granted,
and the process advances to the third step: the Reason Re-
ward 7reqs0n. At this stage, we calculate the average of the
ROUGE-1, ROUGE-2, and ROUGE-L scores between the
reasoning content within the <think> tag and the actual user
feedback reasons, which is then used as an extra reward.
Note that the Video Agent is trained using 3-step rewards
on explicit negative feedback data, while the Reason Agent
is trained with 2-step rewards on implicit data due to the lack
of ground truth reasons. This progressive design encourages
the model to tackle problems from easy to hard. For instance,
it allows the model to earn rewards even when the multiple-
choice answer is wrong but the binary judgment is correct;
meanwhile, correct classifications accompanied by sound
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reasoning processes are assigned higher scores. Addition-
ally, the advantage of A, of response o0; among G responses
is computed based on the rewards within each group. Build-
ing on this framework, the model gradually learns to classify
and explain the underlying reasons, with the final policy up-
dated to maximize the objective as follows:

R; —mean({R;})

(R )) M
Jerpo(f) =min <MAi,clip (M 1—¢g,1+ 5) Ai>
0,14 (0,;‘(]) TOo1a (Oi‘(I)
— BDk (76| Tres),
(2)
Experiments

Implementation Details and Metrics

We conducted experimental validation on two granularities
of negative feedback using the collected dataset: explicit
negative feedback with real users’ dislike reasons, and im-
plicit negative feedback derived from users’ fast-skip data.
For the explicit data, negative feedback videos are mixed
with normal videos, and the Video Agent is used to predict
whether a video contains controversial content that may trig-
ger negative feedback, as well as providing explanations.
For the implicit data, following the sequence recommen-
dation setting, the Reason Agent predicts whether a spe-
cific user would generate negative feedback for a recom-
mended video based on their historical behaviors. In our
implementation, GPT-40 serves as the Profile Agent, while
Qwen-2.5VL-7b works as both the Video Agent and Rea-
son Agent. We adopt full-parameter fine-tuning: the Video



. Binary Judgment Explain
Model Size Acc  Precision Recall F1 Score | Class. Acc Reasoning
GPT-40 (Hurst et al. 2024) - 0.882 0.895 0.630 0.739 0.568 0.402
DeepSeek (Guo et al. 2025) - 0.849 0.917 0.440 0.594 0.352 0.266
LLaMa (Grattafiori et al. 2024) | 70b | 0.822 0.900 0.346 0.500 0.268 0.177
Qwen2.5VL (Yang et al. 2024a) | 7b | 0.815 0.816 0.423 0.564 0.296 0.229
Qwen3 (Yang et al. 2025a) 32b | 0.845 0.833 0.464 0.596 0.346 0.238
Video-R1 (Feng et al. 2025a) 7b 0.835 0.789 0.540 0.667 0.432 0.318
VideoChat-R1 (Li et al. 2025) 7b | 0.842 0.850 0.654 0.739 0.500 0.383
Our Video Agent 7b | 0.861 0.706 0.808 0.750 0.654 0.537

Table 2: Prediction of explicit user negative feedback: understanding and reasoning about video controversy content.
Recall serves as a key metric for the recognition rate of negative feedback videos. The reasoning score is calculated using real

user feedback reasons only when the judgment is correct.

. Binary Judgment Explain

Model Size Acc  Precision Recall F1_Score | Class_Acc
GPT-40 (Hurst et al. 2024) - 0.575 0.396 0.796 0.521 0.502
DeepSeek (Guo et al. 2025) - 0.608 0.331 0.626 0.433 0.476
LLaMa (Grattafiori et al. 2024) 70b | 0.601 0.303 0.233 0.264 0.155
Qwen2.5VL (Yang et al. 2024a) 7b | 0.528 0.359 0.733 0.482 0.435
Qwen3 (Yang et al. 2025a) 32b | 0.548 0.368 0.708 0.484 0.425
SASRec (Kang and McAuley 2018) - 0.448 0.230 0.358 0.279 -
MLLM-MSR (Ye et al. 2025) 70 | 0.545 0.355 0.632 0.455 -
Video-R1 (Feng et al. 2025a) 7b | 0.573 0.390 0.748 0.513 0.494
VideoChat-R1 (Li et al. 2025) 76 | 0.561 0.384 0.775 0.516 0.512
Our ENF 7b | 0.612 0.404 0.782 0.533 0.543

Table 3: Prediction of implicit user negative feedback: simulating user video-watching behavior. Despite the greater diffi-
culty of implicit behavior prediction due to significant noise, our method still achieves the best results.

Agent and Reason Agent are trained with 4 80G GPUs us-
ing the constructed dataset, which contains approximately
2,000 instances for training and evaluation. We use 16 im-
ages and the video title as the video feature inputs, the group
size GG is set to 8 and the learning rate is le-6. Evaluation
metrics include binary accuracy, precision, recall, and F1-
score for negative feedback prediction, as well as the ac-
curacy of feedback reason classification. For explicit neg-
ative feedback, we employ GPT-40 to assess the relevance
between the model’s explanations and users’ real feedback
reasons, with relevance scores ranging from O to 1.

Main Results

We next present predictions for both users’ explicit and im-
plicit negative feedback. Explicit feedback is typically trig-
gered by overtly controversial contents in videos, which
could not be recognized by traditional embedding-based
methods. Therefore, we employ the Video Agent to ana-
lyze concrete multimodal content directly. These negative
videos are mixed with randomly selected normal videos at
an approximate ratio of 1:4, and the Video Agent is tasked
with predicting whether a video is potentially controversial,
along with providing explanations. The results are shown
in Tab. 2. In terms of video content understanding, while
GPT-40 achieves the highest prediction accuracy, existing
models generally lack sensitivity to controversial content,
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leading to low recall rates for negative feedback videos. In
contrast, our method, leveraging the S-GRPO approach that
learns from easy to difficult tasks, attains the highest Recall
(0.808) and F1 Score (0.750). Although the increased recall
slightly reduces precision, the method also delivers the most
accurate results in both reason classification and explana-
tion (with +8.6% and +13.5% improvements over GPT-4o0,
respectively). This capability is critical for identifying prob-
lematic videos and mitigating poor user experiences.

In terms of implicit negative feedback prediction, we
adopt a personalized user perspective. By analyzing user
profiles and historical behaviors, we infer their psycholog-
ical preferences and employ the Reason Agent to predict
users’ attitudes toward videos (e.g., whether they will fast-
skip). As shown in Tab. 3, predicting implicit feedback is
far more challenging than explicit feedback: the highest ac-
curacy is only 61.2%, and precision rates are generally low.
This may stem from real-world user behaviors being influ-
enced by multiple factors with significant noises, resulting
in inherent randomness. We also evaluated traditional meth-
ods such as SASRec (Kang and McAuley 2018), however,
these methods exhibit poor discriminative performance in
cold-start scenarios that require fine-grained item differen-
tiation. In addition, among LLM-based methods, GPT-40
achieves the highest recall rate, but directly applying such
large models in a zero-shot setting will yield unsatisfactory



SFT RL S-GRPO‘ Acc F1_Score Class_Acc Reasoning

X X X |osls 0423 0.296 0.229
X VvV 0830 0686 0.592 0.492
v X X 0851 0615 0.346 0.312
v VX 0845 0667 0.412 0.339
v VvV 0861 0.750 0.654 0.537

Table 4: Ablation. Training Processes on Video Agent.

Profile Video

Agent Agent S-GRPO | Acc F1_Score Class_Acc
X X X 10528 0482 0.435
X v v 1059 0518  0.508
v oo X v 10573 0513 0.504
v v X 10535 0488 0.522
v v v 0612 0533 0.543

Table 5: Ablation. Training Processes on Reason Agent.

performance. For the training of smaller 7b models, our ENF
framework outperforms previous video-reasoning methods
in both fast-skip prediction and reason classification, vali-
dating its effectiveness. This ability to attribute reasons for
implicit negative feedback significantly enhances user intent
understanding, not only aiding in identifying issues and im-
proving existing recommendation systems, but also advanc-
ing next-generation explainable recommendations.

Ablations

In this section,we conduct an ablation study by designing
different variants of our models. For the Video Agent, we
ablate the training of our generated CoT process as SFT
data, the RL process and our proposed S-GRPO reward. As
shown in Tab. 4, all ablated models perform worse than the
full Video Agent across all benchmarks. Specifically, the
SFT process enables the model to acquire user-side prior
knowledge for cold-start, removing this component leads
to a noticeable performance drop, particularly in prediction
accuracy. The RL process further encourages the model to
think deeply and diversely, thereby enhancing overall perfor-
mance. Moreover, without our progressive S-GRPO train-
ing, the model tends to focus solely on binary judgment and
struggles to distinguish between classification tasks and the
underlying reasons for controversial factors.

For the Reason Agent, we ablate three designs: the Pro-
file Agent, the initialization with the Video Agent, and the
S-GRPO mechanism. As presented in Tab. 5, the Profile
Agent provides richer psychographic features for more com-
prehensive user modeling; the Video Agent offers empirical
priors learned from explicit user negative feedback, which
aids in predicting implicit negative feedback; and S-GRPO
ensures performance balance between binary judgment and
classification-reasoning tasks. All modules collectively con-
tribute to the improvement of the final performance.
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MovieLens Steam
Method Acc F1_Score Acc F1_Score
GPT-40 0.584 0.600 0.634 0.662
RecAgent | 0.581 0.621 0.627 0.650
AgentdRec | 0.691 0.698 0.689 0.679
SimUSER | 0.791 0.777 0.791 0.794
Ours 0.815 0.808 0.803 0.805

Table 6: User preference alignment across MovieLens and
Steam datasets.

Method | Avg_Timet Fast-skip Rate| Dislike Rate|
Base RS ‘ 47.6% 23.7% 0.61%
Base RS + ENF ‘ 53.8% 14.3% 0.35%

Table 7: Performance evaluation in the real-world scenario.

Generalization on other Datasets. To evaluate the per-
formance of our method in other domains, we further
conduct evaluation on MovieLens (Harper and Konstan
2015) and Steam (Kang and McAuley 2018) following
Agent4Rec (Zhang et al. 2024a) to simulate users’ pref-
erences toward items. Tab. 6 shows that, previous meth-
ods (Bougie and Watanabe 2025; Wang et al. 2025a) only
prompt frozen LLMs for the prediction, which heavily rely
on LLM’s pre-training performance, and also suffer from
inherent hallucinations. In contrast, our method achieves
higher prediction accuracy through RL-based alignment
with user preferences.

Testing on Business Platform. We further evaluate ENF
in real-world video recommendation scenarios on Tencent
News. For selected users, we use their behavioral data from
previous days as the reference and assess performance over
the subsequent few days. The original recommendation sys-
tem (labeled Base RS) generates candidate videos, while our
ENF framework predicts user attitudes towards these videos
and filters out those likely to trigger negative feedback. Eval-
uation metrics include the average watch time, fast-skip rate,
and dislike rate of recommended videos. As observed, our
method yields significant improvements across these three
metrics, with 13.0%, 39.7% and 42.6% improvements over
the baseline, respectively. This validates the effectiveness of
our approach in enhancing user satisfaction.

Conclusion

In this paper, we conduct research on users’ negative feed-
back in recommendation systems. We first construct a
benchmark dataset with real reasons for negative feedback,
and propose the ENF Agentic framework with three hierar-
chically structured agents for multimodal behavior analysis
and interpretable predictions. Leveraging the S-GRPO train-
ing paradigm, we improve prediction accuracy and achieve
reliable explanations to finally improve recommendations.
As a pioneering effort, this work offers novel insights into
negative feedback and advances next-generation explainable
recommendations, and we hope to inspire more exploration.
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