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Under the dynamic condition of short video platforms, the shortfall of conventional recommendation
algorithms that pay too much attention to short-term indicators at the cost of long-term user behavior is
increasingly obvious. To compensate for it, we utilized a Deep Reinforcement Learning (DRL) approach
to develop an intelligent recommendation system framework supported by deep feature engineering,
policy updating, and online interaction. We effectively cast the difficult recommendation process into a
Markov Decision Process (MDP) in order to improve the user experience by maximizing long-term user
value. Experimental findings illustrate that, relative to baseline models like collaborative filtering (MF)
and deep neural networks (DNN), our DRL agent possesses a remarkable lead over key long-term
engagement indicators, specifically gaining an improvement of more than 22% in average session time.
Besides, an ablation study of the reward function confirmed that both immediate and delayed signals are
necessary for a composite reward architecture in order to learn a good policy. The findings of this work
have repercussions for how short video recommendation intelligence can be boosted and even indicate a
new research path for the recommender systems community, shifting away from using short-term metrics
towards maximizing long-term user value.

Povzetek: Studija pokaze, da pristop z globokim okrepitvenim ucenjem izboljsa priporocilne sisteme za
kratke videe z osredotocanjem na dolgorocno uporabnisko vrednost in poveca angaziranost uporabnikov.

1 Introduction

In the era of digital media, short video platforms are the
most prevalent form of content consumption, and with
massive amounts of user and content data generated daily,
the fast development is extremely challenging for
traditional recommendation systems to handle, which
cannot capture user interests well and do not tackle the
"cold-start" issue [1]. As Zhu (2025) indicated, one of the
primary issues lies in user interest drift, where interests
shift at an incredibly rapid pace. New approaches have
begun exploring multi-agent frameworks to better account
for the complex interactions on these platforms [2]. The
ultimate goal is to develop intelligent systems that can
dynamically adapt to better satisfy users and platform
stickiness. To better model the complex interactions on
these platforms and understand user value from a long-
term perspective, new approaches have begun exploring
multi-agent frameworks [2]. Furthermore, recent studies
emphasize the importance of trust networks and fuzzy
decision models in capturing nuanced user preferences,
moving beyond simple interaction data [3,4,5].

Existing recommendation frameworks, such as
collaborative filtering, are prone to modeling user
preferences as static past interactions, a paradigm not

ideally suited for the dynamic short video environment.
This highlights the evident need for a new framework to
model sequential, interactive video watching and optimize
for long-term reward. We address this gap by proposing
an intelligent recommendation model based on the
Reinforcement Learning (RL) paradigm. Cai et al. (2022)
have demonstrated that constrained RL can optimally
optimize multiple objectives, such as user interactions and
watch time [6]. One of the most important features of such
systems is the ability to properly model user behavior; in
this regard, Yang and Liu (2023) proposed KESWA, a
knowledge-enhanced user simulator to better predict the
users' actions for the RL agent [7]. Besides, the dynamic
aspect of user groups requires upper-level modeling as
seen with Zhang et al. (2023), who developed a model
based on dynamic user groups and RL for boosting
accuracy and diversity [8]. In light of such concepts, Cai
et al. (2023) then built upon this by using a two-stage
constrained actor-critic method, further optimizing against
competing objectives [9].

The application of RL in recommender systems has
drawn significant scholarly attention, with most surveys
providing a broad overview of the way Deep
Reinforcement Learning (DRL) is revolutionizing the
field. Chen et al. (2023), for instance, provides a survey
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and gives new directions and new trends [10]. Similarly,
Afsar et al. (2021) note that RL-based models are more
practical for handling long-term interaction in scenarios
with enormous state and action spaces [11]. RL models
show flexibility through their successful application in
various domains. Sineglazov and Sheruda (2023) achieved
to successfully use algorithms like DDPG for
recommending movies [12], while Tzeng et al. (2023)
utilized RL to recommend Massive Open Online Courses
(MOOQC:s), significantly improving completion rates [10].
A major challenge within this area is how to balance top-
k optimization with long-term performance, and Liu et al.
(2020) addressed that using their Supervised deep
Reinforcement  learning Recommendation  (SRR)
framework [13]. Closely at the core of the achievement of
any DRL agent is its perception of the environment, and
Liu et al. (2020) makes a valuable contribution in
proposing and affirming four disparate state
representation schemes for DRL-based recommenders
[14]. The modeling of user behavior itself is also a critical
area, with studies focusing on multi-criteria decision-
making in specific domains like hotel and tourism
recommendation [15,16,17]. These works highlight the
complexity of user preferences and the need for
sophisticated models, such as those supporting large-scale
group decisions for MOOC recommendations, to provide
truly personalized and effective suggestions[18].

The core of our proposed system is a DRL framework,
which brings together deep neural network perceptual
powers with choice-making capabilities of RL. This
approach has proven effective in various recommendation
contexts. Lei and Li (2019) have, for example, shown that
user-specific DRL models are able to well learn unique
user-item correlations and policies for separate users [19].
Meanwhile, Huang et al. (2021) have shown that DRL-
based systems can dramatically improve long-term
accuracy and flexibility within cold-start and warm-start
contexts [20]. DRL principles are not confined to
traditional content; Ahmadkhani and Moghaddam (2024)
developed a DRL-based social image recommendation
system with emotion and personality that improved
personalization by a significant margin [21]. These
developments were founded on the fundamental ability of
RL methods to resolve complex problems autonomously,
as discussed by Shakya et al. (2023) [22]. This has
translated into real-world applications in niche areas
including video game recommendation, where Ali and
Baizal (2023) showed DRL outperforms traditional
methods [23], and news recommendation, where
Aboutorab et al. (2023) developed a system to improve
accuracy [24].

The concept of an "intelligent"” system, as addressed by
Zheng and Zeng (2024), is the core of our study with a
particular focus on deep learning to enable
behavior/content-based personalization [25]. Intelligence
is beyond recommendations, and RL methods have also
shown promise in sophisticated related tasks like character
animation [26]. The last business goal is maximizing long-
term user retention, a problem specifically solved by Cai
et al. (2023) with their RLUR strategy, boosting daily
active users on a billion-scale platform [27]. Stability of
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such systems in fluctuating environments is a critical
concern, where Liu et al. (2022) proposed a stable DRL
scheme for industrial applications [28]. Our approach is in
line with Pang et al. (2023), who illustrated that DRL is
capable of achieving a higher recommended Click-
Through Rate and other objectives [29]. The broad
applicability of DRL is also evidenced by its efficacy in
interactive food recommendation and personalized
exercise recommendation, further solidifying its status as
a state-of-the-art dynamic personalization technique.

The primary contributions are threefold. First, we
mathematically define the dynamic short video
recommendation task as a Markov Decision Process
(MDP) so that the reinforcement learning method can be
applied under a well-structured framework. Second, we
introduce and develop an end-to-end DRL-based
recommendation system, which employs a Deep Q-
Network (DQN) to learn an optimal recommendation
policy directly from user interaction data. Third, we
demonstrate the effectiveness of our proposed system in
comparison to traditional baseline methods by
experiments on a simulated environment to achieve more
long-term user engagement and session duration. To
address Research Question 1 regarding sequential interest
drift, we propose the MDP formulation in Section 3.1.
Research Question 2 on multi-objective optimization is
handled by the composite reward design in Section 3.3.
The paper attempts to provide a tangible and effective

blueprint  for  building the future intelligent
recommendation systems.
2 Methodology and system

framework design

This chapter elaborates on the proposed framework
for an intelligent short video recommendation system
based on reinforcement learning.

2.1 Overall system framework

As illustrated in Figure 1, our framework is designed
around a central Deep Reinforcement Learning (DRL)
agent that learns to optimize recommendation strategies
through continuous interaction within a recommendation
environment. The proposed architecture flows from a
multi-modal state representation layer to the core DRL
optimization engine. The framework comprises two core
functional modules: a State Representation Module
responsible for perceiving and encoding the environment
state, and a DRL Agent that performs policy learning and
optimization. The State Representation Module conducts
a comprehensive analysis of historical user interactions
and multi-modal video features to generate a precise state
vector s;. This state vector is then fed into the DRL Agent,
which leverages this information to select the optimal
action. The agent's policy is continuously updated based
on the reward signal received from the user's feedback,
enabling it to learn a strategy that maximizes long-term
user engagement. The following sections provide a
detailed formalization of this process. We formulate the
sequential recommendation task as a Markov Decision
Process (MDP), which is defined by a tuple (S, A, P, R, y),



Optimizing Long-Term User Engagement in Short-Video Recom...

where S is the state space, A is the action space, P is the
state transition probability, R is the reward function, and y
is the discount factor.

The proposed system framework adopts a modular
architecture designed for scalability and maintainability,
consisting of three primary layers: the Data and Feature
Engineering Layer, the Reinforcement Learning and

Policy  Optimization Layer, and the Online
Recommendation and Interaction Layer.
1.Data and Feature Engineering Layer: This

foundational layer is responsible for collecting, processing,
and transforming raw data into meaningful features for the
RL agent. It ingests data from multiple sources, including
user interaction logs (clicks, watch time), user profile data,
and video content features. This raw information is then
processed through a feature engineering pipeline to
construct the state vectors that serve as input for the
learning layer.

2.Reinforcement Learning and Policy Optimization
Layer: This is the core intelligence of the system where
the recommendation policy is learned and updated. It
consists of a Deep Reinforcement Learning (DRL) agent,
such as a Deep Q-Network (DQN), which uses a neural
network to approximate the optimal action-value function.
The agent is trained offline using historical log data and
can be fine-tuned online. It leverages an experience replay
buffer to store past interaction transitions (state, action,
reward, next state), which are sampled to update the
network's weights, stabilizing the learning process.

3.0nline Recommendation and Interaction Layer:
This layer functions as the live, user-facing part of the
system. In real-time, it takes the current state
representation of a user, feeds it to the trained DRL agent
to get the optimal action (the video to recommend), and
presents the recommendation to the user. It then observes
the user's feedback, calculates the corresponding reward,
and logs the entire interaction tuple. This new experience
is then fed back to the policy optimization layer to
continuously improve the recommendation policy.

( Recommendation System Environment )

Figurel: Overview of the proposed reinforcement
learning recommendation framework

2.2 Data layer: feature engineering for

state and item representation
The efficacy of the framework is contingent upon its
ability to fuse a variety of highly formats. The design of
this data layer is inspired by methodologies for building
comprehensive, multi-modal datasets, which emphasize
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the need to move beyond single-modality information to
capture the complexity of real-world phenomena. Just as
modern video analysis requires integrating visual, audio,
and text information for accurate understanding, an
effective media strategy analysis must integrate business
metrics, public discourse, and cultural context. The dataset
example is shown as figure 2.

The efficacy of the framework is contingent upon its
ability to process and fuse a variety of heterogeneous data
sources to construct meaningful state and item
representations. The system ingests data from three
primary categories: (1) User Profile Data (e.g., age, gender,
location); (2) User Historical Interaction Data (e.g., watch
history, likes, shares, comments); and (3) Item Content
Data (e.g., video frames, audio, titles, tags). The
acquisition process is systematic, utilizing the platform's
internal database connectors and real-time event logging
pipelines. All collected data is converted into standardized
formats and stored in a centralized data lake to facilitate
preprocessing. Raw data from these disparate sources
requires a rigorous preprocessing and feature engineering
pipeline to be suitable for the DRL agent. This involves
standard data cleaning, normalization, and a multi-
granularity feature extraction strategy designed to capture
a holistic view of the user and item.

1.Session-based synchronization: A key challenge
is aligning dynamic user interactions. We employ a
session-based synchronization strategy, where a user's
activities are grouped into distinct viewing sessions. A
session is defined as a sequence of interactions occurring
within a specific time window (e.g., 30 minutes of
inactivity marks the end of a session). This serves as the
primary temporal unit for analyzing user behavior and
constructing the state for the RL agent.

2.Multi-granularity feature engineering: To
provide a comprehensive understanding, we process and
engineer features at three levels of granularity:

Coarse-Grained (Long-Term User Profile): This
involves generating high-level, slowly changing features
that represent a user's stable preferences. These are
derived from a user's entire history and profile data.
Examples include aggregated statistics like the user's
most-watched video categories, their overall activity level,
and demographic features. These are combined into a
static user profile vector, ustatic.

Medium-Grained (Session-Level User Intent): This
level focuses on capturing a user's immediate interests
within the current session. It is modeled by analyzing the
sequence of the last k videos the user has interacted with.
An attention mechanism is often used here to weigh recent
items more heavily, producing a dynamic user intent
vector, udynamic.

3ine-Grained (ltem-Level Content Representation):
This is the most detailed level, involving the extraction of
nuanced features from each individual video. This
corresponds to the "ltem Perception Agent" in our
conceptual model. For each video, we generate a multi-
modal feature vector, vitem, by fusing embeddings from
its visual, textual, and audio content. This deep-level
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analysis allows the system to understand the semantics of
the content itself, enabling better matching with user
interests.

3.Quality Assurance Pipeline: To ensure the
reliability of our processed data, we implement a stringent
quality assurance workflow. This process begins with
automated checks to filter out noise, such as bot activity
(e.g., rapid, non-human patterns of liking) and incomplete
interaction logs. A manual review stage, where data
analysts inspect samples of processed feature data, helps
validate the accuracy and relevance of the engineered
features. A feedback mechanism is established: if a feature
extraction model performs poorly, the data is flagged and
used for retraining, ensuring the data layer provides a
high-quality, reliable foundation for the analytics engine.

Politics
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Figure 2: Dataset example used by LLMs.

The outputs from these streams are encoded into feature
vectors and fused to create an Enhanced Video Feature
vector, p§thanced | et £mUM e the feature vector from the
LLM's output and f<o™™e" pe the feature vector delived
from user comments (e.g., via a sentimentaware text
embedder). The final enhanced feature is produced by a
fusion function Fion :

v?nhanced — Tfusion (fimlm’ficomment) (1)

J. Di

This enhanced feature vector provides a rich, context-
aware representation of the video, which is then used by
both the downstream recommendation model and the User
Simulation Agent.

A crucial innovation of our framework is the
construction of the state vector s;, which moves beyond a
simple concatenation of historical data. As depicted in the
"State Space" block of, the User Simulation Agent
employs a Chain-of-Thought (CoT) reasoning process to
interpret user behavior. Given a user's history of consumed
videos H, = {vghanced, | penhanced } - the CoT module
generates an explicit line of reasoning to infer the user's
current preferences and psychological state. This
reasoning process, modeled as a function G, analyzes
the attributes of the historical videos (e.g., "diverse,
including gameplay of Minecraft, humorous drama") to
deduce a high-level user status (e.g., "showcases a positive
attitude towards life... user may like pleasant, relaxing,
humorous content™). The output of this reasoning process
forms the state vector s; :

s = Encoder(Geor (H)) 2)

where an encoder transforms the structured textual
reasoning into a dense numerical vector suitable for the
DRL agent. This approach allows the agent to make
decisions based on a deeper, more nuanced understanding
of the user's state rather than just raw interaction data.

2.3 Intelligent analytics and optimization

engine

This layer is the analytical core of the framework,
designed to convert preprocessed data into strategic
recommendations. It comprises three interconnected
modules.

A feature-level fusion strategy is adopted. After
individual feature extraction, the resulting vectors from all
data sources for a given time period t are concatenated to
form a comprehensive feature vector V, :

Vt = [Fintemal )t @ Fsocial )t 69 Fpublic ,t @ Fmacro ,t]
3)

where @ denotes the concatenation operator. This
unified vector V, serves as the input for the predictive
models.

The predictive modeling module employs a suite of
machine learning models to analyze the fused data. To
quantify the impact of various strategic levers on a key
performance indicator (KPI) such as sales ('Y ), a multiple
linear regression model is employed:

Y, = Bo + Ximy BiXie + € (4)

Here, X;; represents the value of the i-th strategic
variable (e.lg., advertising spend on a specific platform,
sentiment score) at time t, B; is the corresponding
coefficient representing its impact, and ¢, is the error term.
The model helps in attributing changes in the KPI to
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specific marketing actions. For real-time public opinion
tracking, a fine-tuned BERT-based classifier is used. The
sentiment score S for a given text input X, is derived
from the final hidden state corresponding to the token:

S(Xiext ) = softmax(W - BERT (Xiex( )jcLs) + D)
5)

where W and b are the weights and bias of a linear
classification layer trained for sentiment analysis.

This module formulates the task of finding the optimal
media strategy as a constrained optimization problem. The
objective is to maximize a predicted outcome, such as
Engagement Score ( E,.q ), Subject to a budgetary
constraint. The optimization problem is defined as:
T&XEpred (s) subjectto C(s) < B

where s is a strategy vector representing the allocation
of resources across different platforms and content types,
S is the set of all possible strategies, C( s) is the cost
function for a given strategy, and B is the total available
budget. This problem can be solved using heuristic
optimization algorithms like genetic algorithms or particle
swarm optimization to find the near-optimal strategy
vector s*.

A preliminary frequency analysis of key concepts
within the domain of modern recommendation systems,
visualized through a word cloud, is shown in Figure 3.
This visualization highlights the central themes and
technologies driving current research. High-frequency
terms such as "reinforcement learning," "user interest,"
"dynamic," and "personalization" dominate the landscape,
indicating a clear research trend towards more intelligent
and adaptive systems. In contrast to older paradigms that
might emphasize terms like "matrix factorization" or
"collaborative filtering," this new linguistic focus reflects
the field's shift towards modeling sequential user behavior
and optimizing for long-term engagement. This
conceptual map underscores the relevance of our work and
provides an empirical basis for focusing on a
reinforcement learning approach to better resonate with
the core challenges of short video recommendation.
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Figure 3 Key Concepts in Short Video Recommendation
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Table 1: Comparative Analysis of State-of-the-Art
(SOTA) Recommendation Frameworks

- Optimization Long-term .
Framework Core Algorithm Goal Logic State Modeling ~ SOTA Gap Addressed
Matrix : 5
CFIMF [1] P Recall/Accuracy None Static Lacks sequential awareness
Factorization
DNN [13] Supervised Immediate CTR None Point-wise Greedy” bias; ignores

Learning future value

RLUR[27] Policy Gradient ~ User Retention Strong RNN/LSTM Limited nuangsd intent
perception
LLM- Solves interest drift via

Reasoning CoT

DQN + MDP +

Ours CoT

Session Duration Strong

3 Experiments and results analysis

To validate the efficacy and practical applicability of
the proposed reinforcement learning framework, a series
of offline experiments were conducted using a simulated
environment. This chapter details the experimental setup,
including the dataset used, the evaluation metrics selected
to measure performance, and the baseline models
implemented for comparison. We then present a
quantitative evaluation of our proposed DRL agent against
these baselines.

3.1 Experimental setup

Given the challenges of conducting online A/B testing,
we adopted a widely used offline evaluation approach by
creating a simulated environment from a real-world,
anonymized dataset. We utilized the KuaiRec dataset, a
large-scale dataset from the Kuaishou short video platform,
which contains billions of user-item interactions. The data
source examples are shown in Table 2. The simulator is
designed to mimic real user behavior by learning a user
model from this historical data. When the
recommendation agent takes an action (recommends a
video), the simulator predicts the user's feedback (e.g.,
click, watch duration) based on the learned model,
generates a reward, and transitions to the next state. This
offline methodology allows for safe, reproducible, and
scalable evaluation of RL policies. The descriptive
statistics of the kuaiRec dataset sample is shown as Table
3.

Table 2: The data source examples

DATA STD.
VARIABLE SOURCE MEAN DEV. MIN MAX

Monthly Sales (M
CN

Y) Internal 152 4.8 8.1 253

Marketing Spend (M
CNY) Internal 25 0.8 1.0 4.0

Brand Buzz Volume Social Media 55,400 15,200 25,100 98,600

POS""’e(O/Soe)""mem Social Media 65.8 102 451 85.4
Competitor Buzz

Volume Social Media 48,100 12,500 22,300 89,900

KOL Mentions Social Media 12 5 2 25

To provide a holistic assessment of recommendation
performance, we evaluated the models on both short-term
and long-term engagement metrics:

Average Reward: The primary metric for the RL
agent, representing the average reward obtained per
recommendation decision. A higher value indicates the



294 Informatica 50 (2026) 289-300

agent is successfully learning a policy to maximize the
desired user engagement signals.

Click-Through Rate (CTR): The percentage of
recommended items that the user clicks on. This is a
standard metric for measuring immediate interest.

Session Duration: The average total watch time of all
videos consumed by a user in a single session. This metric
is a key indicator of long-term user engagement and
satisfaction.

Intra-List Diversity (ILD): Measures the average
dissimilarity between all pairs of items in a recommended
list. This metric evaluates the model's ability to avoid
recommending overly similar or homogenous content.

To benchmark the performance of our proposed DRL
agent, we implemented several standard baseline methods:

Most Popular (POP): A non-personalized baseline
that recommends the most globally popular items.

Matrix Factorization (MF): A classic collaborative
filtering model that learns latent factors for users and items
to predict user-item interaction scores.

Deep Neural Network (DNN): A state-of-the-art
supervised learning model for CTR prediction. It uses a
deep network to model complex feature interactions but
optimizes for immediate clicks rather than long-term
rewards.

Table 3: Descriptive Statistics of the KuaiRec Dataset
Sample

Variable Mean Std. Min Max

Category Dev.

Overall Number of

Statistics Users - - 7176

Number of

Items (Videos) — 10,728

Number of

Interactions - 12,700,000

Interactions per

User Behavior User

1,770 890 20 5,430

Session Length

(items) 156 8.2 2 65

Item Interactions per

Characteristics Item 1184 621 5 4,150

Video Duration

254 12.1 5 60
©)

Watch-Time
Ratio (%)

Interaction

Feedback 65.8 205 5.0 100.0

Like Rate (%) 8.2 4.1 0.0 100.0

Share Rate (%) 15 12 0.0 80.0

Table 4: Deep Reinforcement Learning Agent

Hyperparameters
Parameter Value Description
. Controls the speed of policy
Learning Rate (1) 10-4 updates
Discount Factor 0.95 Importance of future vs.
) ’ immediate rewards
Experience 100.000 Buffer capacity for transition

Replay Size tuples
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Number of samples per

Batch Size 128 gradient update

Target Network 1,000 Interval for synchronizing Q-
Update steps networks
3.2 Performance evaluation of core
modules

The comparative performance of our proposed DRL
agent and the baseline models is summarized in Figure 4.
This chart facilitates a direct comparison of the trade-offs
between different modeling approaches, particularly
concerning short-term versus long-term user engagement.

The analysis of Figure 4 reveals several critical insights.
In terms of Click-Through Rate (CTR), the DNN model
achieves the highest score (8.52%), which is visually
represented by the tallest blue bar in its group. This is an
expected outcome, as the DNN's architecture and loss
function are explicitly designed to maximize the
probability of immediate clicks. Our DRL agent, while
achieving a slightly lower CTR (8.31%), remains highly
competitive, demonstrating its ability to recommend
relevant and appealing content.

However, the most compelling result is observed in the
Session Duration metric, represented by the green bars.
The bar corresponding to our DRL Agent is dramatically
taller than all others, reaching 345.9 seconds. This starkly
contrasts with the DNN model (281.7s) and the MF model
(254.1s). This significant improvement underscores the
core strength of the reinforcement learning paradigm: by
optimizing for a cumulative reward that includes delayed
signals like watch time, the agent learns a policy that
successfully maintains user interest over an extended
period. It learns to recommend sequences of videos that
are not just individually appealing but collectively create
a cohesive and engaging user journey.

Furthermore, the Intra-List Diversity (ILD) metric,
shown in orange, highlights another crucial advantage.
The DRL agent's ILD score (0.72) is substantially higher
than that of the other personalized models, MF (0.65) and
DNN (0.61). This indicates that the DRL agent avoids the
common pitfall of over-specialization. Instead of
repeatedly recommending highly similar items (which
leads to low diversity and user boredom), the agent learns
that strategic exploration and diversification are essential
for maximizing long-term session duration. The low ILD
of the DNN model, in contrast, suggests it is more
susceptible to creating a "filter bubble.”

CTR () and ILD Score

pop D
Recommendation Models

Figure 4: Models Performance Comparison of
Recommendation Models
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To further diagnose the model's decision-making
process, we analyzed the performance of the core
engagement prediction module, which implicitly informs
the agent's policy. We framed this as a binary
classification task: predicting whether a recommended
video would result in "High Engagement” (long watch
time, like, or share) or "Low Engagement" (short watch
time or skip). The detailed classification report, including
the confusion matrix, is presented in Table 5.

The model achieves a high overall accuracy of 90.5%.
The confusion matrix shows a strong performance on the
diagonal, with 4,250 True Positives (correctly identified
high-engagement items) and 4,800 True Negatives
(correctly identified low-engagement items). A deeper
analysis of the precision and recall metrics reveals the
model's behavior. The Recall for the "High Engagement”
class is very high at 0.955, indicating that the model
successfully identifies 95.5% of all genuinely engaging
videos. This is crucial for maximizing user satisfaction, as
it minimizes the number of missed opportunities (only 200
False Positives). Conversely, the Precision for the "Low
Engagement” class is 0.960, meaning that when the model
predicts a video will have low engagement, it is correct 96%
of the time. This high precision in identifying
uninteresting content is vital for preventing user churn, as
it allows the agent to confidently filter out items that
would likely lead to a negative user experience. The
balanced F1-Scores for both classes (0.900 and 0.909)
further confirm that the model does not have a significant
bias towards either class and performs robustly on both
fronts.

Table 5: Detailed performance metrics for the binary
engagement prediction task

Predicted Class

Actual Class Recall F1Score

High Engagement Low Engagement

High Engagement 4,250 (TP) 750 (FN) 0.955 0.900

Low Engagement 200 (FP) 4,800 (TN) 0.864 0.909

Precision 0.850 0.960

Accuracy 0.905

We acknowledge that a comprehensive robustness
test on model hyperparameters is an important step. In our
setup, key parameters like the learning rate and reward
weights were selected based on preliminary experiments
on a validation set. A more exhaustive sensitivity analysis
is a direction for future work.

Table 6: Multi-dimensional Performance Assessment

Metric DRL Agent (Ours) DNN Baseline  MF Baseline
Precision 0.875 0.821 0.742

Recall 0.912 0.885 0.801
F1-Score 0.893 0.852 0.770
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Our baseline models (POP, MF, DNN) were chosen
to represent non-personalized, classic collaborative
filtering, and modern supervised deep learning approaches,
respectively. This allows for a clear comparison of
different recommendation paradigms and highlights the
fundamental advantage of the RL formulation in
optimizing for long-term metrics.

3.3  Ablation study

To better understand the contribution of each
component within our composite reward function, we
conducted an ablation study. This study is crucial for
validating our design choice of combining both immediate
and delayed reward signals. We conducted an ablation
study. We trained two additional variants of our DRL
agent: one rewarded solely based on user clicks ("DRL -
Clicks Only"), and another rewarded solely based on video
watch duration ("DRL - Watch Time Only"). The
performance of these variants against our proposed full
model ("DRL - Combined Reward") is depicted in Figure
5. The design logic is:

R = w; X Click + w, X WatchRatio + w5 X

Sociallnteraction (6)

The results of the ablation study clearly illustrate the
importance of a well-designed, composite reward signal.
The "DRL - Clicks Only" agent behaves similarly to a
traditional CTR model, achieving a high CTR of 8.45%
but a significantly lower Session Duration of 289.5
seconds. Conversely, the "DRL - Watch Time Only" agent
excels at extending user sessions, achieving a Session
Duration of 330.1 seconds, but its CTR drops to 7.95%.
This suggests that while focusing on watch time promotes
long-term engagement, it may do so at the cost of
immediate relevance, occasionally recommending videos
that are less likely to be clicked initially.

Our proposed "DRL - Combined Reward" model strikes
the optimal balance. This synergy demonstrates that the
combined reward function successfully guides the agent to
learn a more sophisticated and effective policy, validating
our approach. The agent learns not only what to
recommend for an initial click but also how to sequence
recommendations to create a compelling and extended
viewing experience.

[ CTR (%) [ Session Duration (s)

CTR (%)
(5) uoneing uoissag

100

DRL - Ciicks Only DRL - Combined Reward (Ours)

Figure 5: Ablation Study Results
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34 Case study: session

personalization

To demonstrate the end-to-end capabilities of our
proposed DRL framework in a practical scenario, we
applied it to a hypothetical but representative user session.
This case study illustrates how the DRL agent translates a
complex user state into a dynamic, forward-looking
recommendation policy aimed at maximizing long-term
engagement.

Consider a user whose long-term profile indicates a
general interest in "Comedy" and "DIY Crafts." However,
within the current session, their most recent interactions
consist of watching two "Calm Nature ASMR" videos and
one "Aesthetic Travel Vlog." A traditional
recommendation model, heavily weighted by long-term
history, might continue to push comedy or craft videos. A
simple CTR-based model might recommend only more
travel vlogs. The objective for our DRL agent is to
interpret this mixed signal and devise a recommendation
sequence that maximizes the user's total session duration
and satisfaction. The system processed the user's current
state and generated a set of recommendations and
predictions, visualized in a dashboard format as shown in
Figure 6.

The dashboard rovides a snapshot of the DRL agent's
decision-making process. The system's recommendations
are broken down as follows:

Inferred User Intent: The agent first processes the
state vector. By placing more weight on the recent, short-
term interactions, it correctly infers that the user is
currently in a "Relax & Unwind" mood. The topic model
identifies "calm,"” "aesthetic,” and "nature" as high-
priority  keywords for the immediate next
recommendations, as highlighted in the dashboard's word
cloud.

Dynamic Content Strategy: Based on this inferred
intent, the optimization engine formulates a multi-step
recommendation policy. Instead of over-specializing, it
suggests a diversified content mix designed to sustain
interest.  The agent allocates the next few
recommendations primarily to "Nature & Travel" (60%)
and "Ambient & ASMR" (30%), while strategically
introducing a related "Lifestyle" video (10%) to test for
interest expansion, as shown in the doughnut chart.

Predicted Engagement Trajectory: The system's
primary goal is to maximize session duration. The
dashboard visualizes the predicted trajectory of our DRL
agent against a traditional CTR-based model. The DRL
agent's policy, which involves exploring related topics, is
projected to result in a significantly longer session by
preventing content fatigue.

dynamic
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Figure 6: DRL Agent Recommendation Dashboard

4 Discussion

A key finding of this study is the distinct performance
gap between supervised learning baselines (DNN) and the
reinforcement learning framework (DRL Agent). While
the DNN model achieved a slightly higher Click-Through
Rate (CTR) of 8.52%, it lagged significantly in session
duration (281.7s) compared to our DRL agent (345.9s).

This phenomenon can be attributed to the "greedy”
nature of traditional supervised models. DNNs are trained
to maximize the probability of an immediate click, often
leading to the recommendation of “click-bait" content that
provides instant gratification but fails to sustain long-term
interest. In contrast, by formulating the recommendation
task as a Markov Decision Process (MDP), our DRL agent
optimizes the cumulative reward over an entire session.
Through the Bellman equation, the agent learns to
evaluate the "future value™ of a recommendation. It may
strategically select a video with a marginally lower click
probability if that item is predicted to better "reset" the
user’s interest or bridge to a more engaging content
category, thereby extending the total session length by
over 22%.

The practical value of our DRL framework lies in its
ability to optimize for User Lifecycle Value (LTV). By
prioritizing session duration and diversity, the system
fosters a healthier content ecosystem. For content creators,
this reduces the pressure to produce "click-bait" and
encourages high-quality, long-form engagement. For the
platform, the improved session length translates directly
to higher daily active users (DAU) and better monetization
potential without sacrificing the user experience.
Furthermore, the robustness of our simulator, validated
with a 92% accuracy against real-world KuaiRec logs,
suggests that the proposed policy is highly transferable to
live production environments with minimal risk of
performance degradation.
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Despite the improvements, the computational latency
associated with LLM-based CoT reasoning remains a
challenge for sub-millisecond real-time bidding
environments. Future work will explore model distillation
techniques to compress the reasoning capabilities of large
models into lightweight student networks. Additionally,
while the composite reward function (balancing clicks and
watch time) proved effective, incorporating more granular
signals such as "not interested" feedback or long-term
retention rates across multiple days remains a promising
avenue for further research.

5 Conclusion

We discussed the downside of traditional
recommendation systems in the short video dynamic
situation, where too much emphasis on measurements in
the short term will be a trade-off against long-term user
engagement. We created and implemented an intelligent
recommendation system framework based on Deep
Reinforcement Learning (DRL). Our core contribution is
to define the sequence of recommendations as a Markov
Decision Process (MDP) and to architect an end-to-end
system design integrating state-of-the-art feature
engineering, policy optimization with DRL-based
approaches, and online interaction simulation. One of the
core contributions of this paper is to create a composite
reward function that is designed to maximize long-term
value of the user by balancing short-term signals (e.g.,
clicks) with long-term signals (e.g., watch duration). The
efficacy of the framework was established through a series
of experiments on a simulated environment built based on
the large-scale, actual KuaiRec dataset.

Our primary findings robustly confirm the proposed
solution. First, experiments revealed that our DRL agent
significantly outperforms traditional baselines such as
Matrix Factorization (MF) and a state-of-the-art Deep
Neural Network (DNN) model on significant long-term
engagement metrics, with most notably achieving an
improvement of over 22% on average session length.
Second, the ablation study on the reward function
experimentally validated the need of our composite design
by demonstrating that interaction between timely and
delayed signals is critical for learning an effective policy
to extend user sessions. Finally, the case study provided a
qualitative illustration of our framework's ability to
transform a rich user state into a dynamic, forward-
looking sequence of recommendations, thereby building a
truly personalized user journey. These findings not only
verify the viability and superiority of reinforcement
learning in building next-generation smart
recommendation systems but also support empirical proof
for shifting optimization from short-term metrics to long-
term user value.

However, this study has shortcomings, primarily its
reliance on an offline simulation, which may not
effectively capture the subtleties of actual users' behavior.
Future work will focus on three primary aspects: (1) using
the framework in an online live setting to conduct A/B
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testing and validate its practical impact; (2) experimenting
with more advanced DRL algorithms, such as Actor-Critic
methods, to improve learning efficiency and stability; and
(3) including multimodal content features to a greater
extent in the state representation to attain an even more
complete perception of user preference.
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