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With the rapid development of live-streaming e-com-
merce, achieving accurate and personalized product 
recommendations in a dynamic, real-time, multi-user 
environment poses a serious challenge to traditional 
methods. These methods struggle to effectively inte-
grate global collaborative signals and accurately mod-
el the dynamic evolution of user interests. This study 
proposes a personalized recommendation optimiza-
tion framework that combines a Q-value mixing net-
work algorithm for multi-agent reinforcement learn-
ing (QMIX). The framework introduces a multi-user 
information fusion module built on a graph attention 
network (GAT) and recurrent neural network (RNN), 
which constructs unified team-level state representa-
tions from heterogeneous local agent observations. 
Building on this fused representation, a Soft Ac-
tor-Critic (SAC)-based deep reinforcement learning 
mechanism with dual gate recurrent unit encoders 
models users' short-term interaction dynamics and 
long-term preference stability, enabling continuous 
strategy optimization. Experiments on the Movi-el-
ens-100K and Amazon datasets demonstrate that the 
proposed model achieves Accuracy@20 values of 
0.2051 and 0.0803, respectively, outperforming strong 
baselines including OneRec and DSETRec across 
Accuracy@20, Recall@20, F1@20, and cumulative 
reward metrics. The proposed framework offers a 
scalable and effective solution for multi-user colla- 
borative recommendation in live-streaming commerce 
scenarios.
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1.	Introduction

In recent years, live streaming e-commerce, as 
an emerging form of e-commerce, has quickly 
become an important platform for promoting 
consumption upgrades due to its advantages 
such as real-time interaction, scene immersion, 
and vivid product display. However, with the 
rapid growth of user scale and number of prod-
ucts, how to achieve accurate and personalized 
product selection recommendations in a com-
plex multi-user and multi-product interactive 
environment has become a key issue to im-
prove user experience and platform efficien-
cy [1]. Traditional recommendation systems 
mostly rely on methods such as collaborative 
filtering, content recommendation or sequence 
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models. Although these methods can mine user 
preferences to a certain extent, in a dynam-
ic, real-time, high-dimensional live broadcast 
e-commerce environment, it is often difficult to 
fully integrate the collaborative relationship and 
global status information among multiple users, 
resulting in limited recommendation effects [2]. 
Q-value mixing network algorithm for multi-
agent reinforcement learning (QMIX), as a typ-
ical multi-agent reinforcement learning frame-
work, achieves non-linear fusion of global state 
and local observations by introducing a hybrid 
network, ensuring the consistency of the team's 
overall goal and individual decision-making. It 
has demonstrated excellent performance in col-
laborative control and multi-task decision-mak-
ing [3-4].
Based on this, this study innovatively builds a 
live broadcast e-commerce personalized prod-
uct selection and recommendation optimization 
model that integrates multi-user information 
mining. The new model realizes dynamic fu-
sion and representation extraction of multi-user 
information through graph attention network 
(GAT) and recurrent neural network (RNN), 
and builds unified team status characteristics. 
The study then introduces a deep reinforcement 
learning mechanism, combined with user short-
term interaction sequences and long-term pref-
erence feedback, to achieve dynamic modeling 
of user interests and continuous optimization of 
recommendation strategies. This research aims 
to propose a multi-user information fusion and 
personalized recommendation optimization 
framework based on the QMIX algorithm. This 
can solve the problems of dynamic changes in 
user interests and low efficiency of multi-user 
collaborative recommendation in live e-com-
merce scenarios.

2.	Literature Review

With the rapid development of live stream-
ing e-commerce, traditional recommendation 
methods face significant challenges in cop-
ing with dynamic changes in user interests, 
mining multi-user collaborative relationships, 
and balancing global-local decision-making. 
For example, in the current study, Li W. et al. 
proposed a new method that integrates deep 
learning models and neural matrix factoriza-
tion models to automatically mine potential 
relationships between users. Research results 

showed that the new method could improve 
the recommendation recall rate of the recom-
mendation system and reduce the loss function 
[5]. This showed that the user recommendation 
effect of the recommendation system could be 
significantly improved through deep learning 
models. To improve the personalized recom-
mendation effect, user experience, and product 
sales, Messaoudi F. et al. proposed a recom-
mendation system based on deep neural collab-
orative filtering. Research results showed that 
the new system could recommend personalized 
products based on user experience and could ef-
fectively increase user click-through rates [6]. 
This showed that the recommendation effect of 
the recommendation system could be signifi-
cantly improved through deep learning network 
models. In view of the increasingly important 
trend of intelligent decision-making technology 
in complex multi-agent collaborative tasks, Jin 
W. et al. conducted a systematic review of cur-
rent research on multi-agent collaborative deci-
sion-making. The research focused on discuss-
ing these two types of methods and elaborating 
on their classification, advantages and disad-
vantages. Finally, this study further looked into 
the future research directions and key challeng-
es in the field of multi-agent collaborative deci-
sion-making, providing an important reference 
for the development of this field [7]. Bodapati 
J. D. et al. proposed a hybrid recommendation 
method that combines collaborative filtering, 
content recommendation and deep learning. 
The experiment was based on the H&M dataset 
for multi-modal feature fusion and model con-
struction. The results showed that this method 
was better than the traditional model in key in-
dicators such as accuracy and recall. This pro-
vided effective personalized recommendation 
solutions for areas such as fashion retail [8].
In personalized recommendations for live 
e-commerce, deep learning methods and multi-
agent methods can significantly improve the 
recommendation effect. In the study of Din N. 
M. U. et al., focusing on the key role of deep 
reinforcement learning in medical tasks such as 
diagnosis, treatment planning, and personalized 
care, they systematically analyzed its innova-
tive applications and potential challenges in the 
fields of cancer detection, drug development, 
robotic surgery, and personalized recommenda-
tion of user products. The research pointed out 
that although DRL had advantages in processing 
dynamic high-dimensional data, its application 
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To this end, this study proposes a new model 
using the QMIX algorithm to improve the user 
information fusion effect.

3.	Research Methodology

3.1.	User information fusion method based 
on improved QMIX algorithm

The QMIX algorithm, because of its structured 
and goal-oriented fusion mechanism, enables 
the algorithm to pass through a centralized mix-
ing network. It performs non-linear, state-de-
pendent dynamic fusion of the local observa-
tion information and global state information 
of each agent, rather than simple addition. This 
fusion method can fully mine global informa-
tion during the training phase and accurately 
evaluate the value of the team's joint actions. At 
the same time, it ensures the consistency of the 
fused team goals and individual decision-mak-
ing goals through monotonicity constraints 
and ensures that the decentralized execution 
strategy can directly serve the overall optimal 
[11-12]. Therefore, this study uses the QMIX 
algorithm and RNN as the main algorithm 
structure of the information fusion model. The 
entire agent algorithm is composed of an RNN, 
and the value function is observed by obtaining 
user historical information and team informa-
tion. Figure 1 shows the overall structure of the 
QMIX algorithm.

in personalized recommendation of user prod-
ucts still faces practical problems such as scar-
city of annotation data. To this end, by critically 
reviewing existing methods and identifying re-
search gaps, this work provided theoretical sup-
port and technical direction for the development 
of the next generation of trustworthy, efficient, 
and fair artificial intelligence medical solutions 
[9]. To predict users' future interaction behav-
iors more accurately, Wang W. et al. proposed 
a guided diffusion recommendation framework 
called LeadRec to address the limitations of ex-
isting diffusion models that fail to fully utilize 
sequence information and lack directionality in 
the generation process. Through comparative 
experiments on three public datasets, this study 
showed that the LeadRec framework shows 
better recommendation performance than exist-
ing methods. This verified its effectiveness in 
improving personalization effects in sequential 
recommendation scenarios [10].
In summary, although traditional models can 
significantly improve recommendation effects, 
traditional methods lack criticism on the ap-
plicability of various models under practical 
constraints such as real-time, scalability and 
cold start of live broadcast e-commerce. In ad-
dition, they fail to establish the evolutionary 
logic and complementary relationship frame-
work between methods such as deep learning, 
multi-agent learning and diffusion models, etc., 
resulting in traditional research being unable to 
better integrate and analyze user information. 

Figure 1. Overall structure of improved QMIX algorithm.
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In Figure 1, the entire algorithm contains three 
main structures, information fusion network, 
intelligent agent network and hybrid network. 
Among them, the information fusion network 
is mainly responsible for integrating the glob-
al information status of all users and output-
ting unified fusion representation parameters. 
Therefore, when making decisions, the entire 
intelligent agent network does not only rely on 
its own local observation information but uses 
both local observation and global fusion infor-
mation as input. This enables each agent's de-
cision-making to be based on a global perspec-
tive that integrates all user information. Finally, 
the hybrid network coordinates and synthesizes 
the output of each agent to ensure that decen-
tralized decision-making is consistent with the 
overall optimal goal based on fused informa-
tion, achieving a complete closed loop from 
multi-user information fusion to collaborative 
decision-making. Among them, the intelligent 
agent network consists of a transformation ma-
trix, underlying parameters, and a tower struc-
ture, as shown in Figure 2. 
In Figure 2, the intelligent agent network first 
maps the heterogeneous observation states of 
different agents to a unified state representation 
space through the Projection layer transforma-

tion matrix. Then, these unified representations 
are input to the Shared-Bottom layer, allowing 
all parameter data to learn common features and 
patterns from all agents, thereby accelerating 
training and enhancing the overall generaliza-
tion ability of the model. Finally, the processing 
flow enters the parallel Tower layer. Each agent 
has an independent tower network and further 
learns differentiated and refined strategies that 
adapt to its own action space and tasks. Finally, 
it realizes the personalized decision-making of 
the agent under a unified framework. To ensure 
that the entire user information can be retrieved 
and fused in the information fusion network, 
the agent's attention coefficient is introduced 
into the model for projection analysis, as shown 
in Equation (1), which is the attention coeffi-
cient formula [13-15].

' '        [ ]h T
ij h i jg s e e=                     (1)

In Equation (1), h
ijg  represents the attention co-

efficient of the agent node i and the agent node j 
in the hth attention. T

hs  represents the transpose 
of the learnable weight vector of the hth atten-
tion head. '

ie  and '
je  represent the agent i and 

the agent j of the transformation feature vector. 
' '[ ]i je e  represents the joint feature vector after 

Figure 2. Intelligent agent network.
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splicing the feature vectors of two agents. The 
calculation formula of learning weight vector 
transpose is shown in Equation (2) [16-17].
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normalized denominator. Ni represents the 
neighbor set of agent i. z means traversing all 
neighbors of i. The weighted summation of the 
neighbor sets of all agents yields the formula 
shown in Equation (3).
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After weighted summation, the final eigenvec-
tor calculation formula of the feature body is 
shown in Equation (4) [18-19].
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In Equation (4), ci represents the final feature 
vector of agent i after fusing all attention head 
information. H represents the total amount of 
attention. The pooling process that combines all 
user information is shown in Equation (5).
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In Equation (5), eall represents the global feature 
vector of the team that integrates the information 
of all agents. zi represents the final feature vector 
of the ith agent. Fusion and calculation of all the 
above formulas are as shown in Equation (6).
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Equation (6) is the team global feature integra-
tion expression of the average pooled features 
of all fused agent information feature vectors. 
The final hybrid network monotonically fuses 
all agents as shown in Equation (7) [20-21].

1 1 2 2( ( , ), ( , ), , ( , ); )tot all all N N all tA Mix A e e A e e A e e s= 

(7)
In Equation (7), Atot represents the team’s joint 
action function. Mix represents the hybrid net-
work function. AN(eN, eall) represents the indi-
vidual action function of the ith agent. eN rep-
resents the local observation of the agent. The 
fusion structure of the entire hybrid network is 
shown in Figure 3.

Figure 3. Fusion structure of hybrid network.
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As shown in Figure 3, the hybrid network struc-
ture contains a parameter generation network 
and an inference network. Among them, the 
parameter generation network receives team 
characteristics and global status that represent 
global environmental information as input and 
dynamically generates weight matrices and bias 
vectors. These generated parameters are then 
configured on-the-fly to the inference network, 
which is a feedforward neural network of re-
current networks. The inference network takes 
the individual values output by each intelligent 
agent network as direct input, uses the dynamic 
parameters provided by the parameter genera-
tion network to perform forward calculations, 
and finally outputs a team joint value that sat-
isfies the monotonicity constraint. The hybrid 
network performs centralized fusion optimiza-
tion by leveraging global information during 
the training phase while ensuring deployment 
execution time. The end user information fu-
sion network is shown in Figure 4.
In Figure 4, the system first obtains all agent user 
information from the environment for joint ob-
servation. Then, the graph is processed through 
the GAT, the user information of each agent is 
integrated, and a unified team global feature 
is generated. On this basis, each agent uses an 
RNN to calculate its individual value based on 

its own local observations, action history and 
global characteristics. Each agent determines 
its actions independently by running the strat-
egy. After all agents perform joint actions, the 
environment returns to the team reward and 
next moment state. Finally, the system stores 
the observation, status, action, reward, next sta-
tus, graph structure and other information at the 
current moment as a piece of experience data 
into the experience playback buffer.

3.2.	Optimization model for 
personalized product selection and 
recommendation for live broadcast 
e-commerce based on user 
information

After the QMIX algorithm model completes 
the fusion of user information, it perceives the 
user's status through recommended informa-
tion, analyzes the user's interests and hobbies 
based on the user's perceived changes, and then 
implements the user's personalized product 
recommendations. To this end, this study uses 
deep reinforcement learning to implement per-
sonalized product selection recommendations 
for live streaming e-commerce users based on 
user fusion information. The intelligent recom-
mendation optimization system uses the user's 

Figure 4. End user information fusion network.
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current browsing data as a representation of his 
recent status and then infers the user's short-
term interest preferences by analyzing this sta-
tus. Among them, the agent captures user infor-
mation changes through the gated loop unit of 
reinforcement learning. As shown in Equation 
(8), it is the update gate state formula [22-23].

1( )n b n b nb W d U kσ −= +                  (8)

In Equation (8), n represents the current mo-
ment. bn means update gate. σ represents activa-
tion function. Wb represents the update gate input 
weight matrix. dn represents the input vector. Ub 
represents the cyclic update gate weight matrix. 
kn–1 stands for forgotten memory. The reset gate 
calculation method is shown in Equation (9).

1( )n r n r nr W d U kσ −= +                  (9)

In Equation (9), rn represents the reset gate. Wr 
represents the reset gate input weight matrix. Ur 
represents the update gate cycle weight matrix. 
The gated forgotten memory formula is shown 
in Equation (10) [24-25].
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In Equation (10), tahn represents the candi-
date hidden state. New encoders are introduced 
during model training. The main purpose of the 
encoder is to ensure that the model can effec-
tively capture sparse but critical user high-scor-
ing feedback behaviors, avoid the instability of 
reinforcement learning model training caused 
by frequent fluctuations in short-term interests, 
and thereby achieve the memory and update of 
users' long-term, stable preferences. Figure 5 
shows the final recommendation model frame-
work.
In Figure 5, the gated recurrent unit (GRU) 
module in the deep reinforcement learning 
model is responsible for processing the recent 
interaction sequence between the user and the 
product, capturing and outputting the state 
that represents the user's short-term interest. 
It is then input to the MLP network, which is 
used to generate recommended actions and 
estimate their individual values. The system 
obtains feedback from users after performing 
recommendations and inputs these feedback se-
quences into an independent GRU module on 
the right. The output of the GRU is then aggre-
gated through the average pooling layer to fi-
nally form a stable state representation that can 

Figure 5. The final recommendation model framework.
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reflect the user's long-term preferences. Mean-
while, to ensure that the model can be more 
stable throughout the process, algorithm train-
ing through random strategies is studied. This 
training method can improve the stability of the 
model and consider the best user information 
search in all model states [26]. Figure 6 shows 
the model training process.
In Figure 6, during the entire model training, the 
system will first initialize, create an experience 
replay buffer pool, randomly set the parameters 
in the SAC algorithm, and then randomly se-
lect users. A product that sets its initial state and 
gets feedback from users watching the item. 
Then, observations are made through the mod-
el, and user status actions are obtained based 
on the policy network. According to the prede-
termined matching rules, the system selects the 
most suitable products from the set of candidate 
products for recommendation, and at the same 
time obtains user feedback information in real 
time. The user status is updated according to 
the Markov decision process through product 
recommendation feedback, and the interactive 
experience tuples are stored in the buffer pool. 
Then small batches of training data are sampled 
from the buffer pool, and the parameters of 
each network in SAC are updated by optimiz-

ing the corresponding value function and policy 
loss respectively. If the current user's interac-
tion sequence has not terminated, return to the 
observation state step and continue execution. 
Otherwise, return to the user selection step to 
process the next user, and loop until all users 
complete training. The entire recommendation 
optimization process first fuses user informa-
tion by improving the QMIX algorithm. Then, 
the deep reinforcement learning model is used 
to retrieve and analyze user information, there-
by realizing the optimization of personalized 
product selection and recommendation for live 
e-commerce based on user information mining. 
Compared to the standard QMIX algorithm, this 
study mainly achieves two core improvements: 
First, a global attention mechanism (GAT) is in-
troduced into the decision input of the agents to 
construct a multi-user information fusion mod-
ule, and global user state features are used as 
auxiliary inputs, enabling the distributed deci-
sion-making of each agent to perceive overall 
collaborative information. Second, the hybrid 
network is transformed from a static structure to 
a dynamic parameter generation network, using 
the team state to generate weights and biases in 
real time, enabling the joint Q-value estimation 
to adaptively adjust with environmental chang-
es. In the global embedding dimension, group 

Figure 6. Model training process.



125A Multi-Agent Reinforcement Learning Framework for Personalized Product Recommendation... 

information is extracted from the interaction 
data of all users through GATs, generating glob-
al features as auxiliary inputs for each agent. In 
the new training dimension, a dynamic param-
eter generation network is introduced to output 
the weights and biases of the hybrid network 
based on real-time team status, and incorporate 
graph structure information into experience re-
play, enabling the training process to adapt to 
dynamic changes in interactive contexts. In the 
new objective and new constraint dimensions, 
the Bellman error minimization objective and 
monotonicity constraint of standard QMIX are 
used. Overall, the modification list focuses on 
data fusion and dynamic adaptability enhance-
ment at the architecture layer, rather than refac-
toring the learning task itself.
The research interprets the reinforcement learn-
ing framework as a hierarchical architecture: 
each agent in the system corresponds to a user, 
and all users share the environment and make 
independent decisions. The observation of each 
agent is their personal historical interaction se-
quence and short-term interest representation, 
while the state contains the global team charac-
teristics fused by the GAT. The action is to select 
recommended products from the candidate set, 
the reward is user feedback, and the termina-
tion condition is to reach the preset interaction 
steps or user exit. In this framework, the QMIX 
module serves as the multi-agent coordination 
layer, fusing the individual Q-values of all users 
through a hybrid network and ensuring mono-
tonicity constraints, while the SAC algorithm 
serves as the internal policy learner for each 
user agent, responsible for generating person-
alized recommendation policies. The two are 
jointly optimized during centralized training, 
sharing an experience replay buffer containing 
graph structure information, thus achieving the 
unity of multi-agent collaboration and individ-
ual policy learning. 

4.	Results and Discussion

4.1.	Analysis of the effects of personalized 
product selection recommendations

This study uses two public datasets, Moviel-
ens-100K and Amazon, for comparative anal-
ysis, and uses a combination of offline and 

simulated online testing to evaluate the model. 
This study uses the user's rating of the product 
(1-5 points) in the dataset as a feedback signal. 
Among them, all interactions with click behav-
ior are counted as positive feedback, and the 
record with the highest score of 5 points is spe-
cifically defined as high-scoring feedback that 
represents the user's special love. The Mov-
ielens-100K dataset covers nearly a thousand 
users and more than a thousand products, with 
100,000 interaction records. Among them, the 
proportion of high-score feedback is relatively 
high. The Amazon dataset is larger, with thou-
sands of users and thousands of products, the 
total number of interactions exceeds 150,000, 
and the number of high-scoring feedback is 
relatively high. Although Movielens-100K 
and Amazon are static datasets that cannot ful-
ly capture the dynamics of live e-commerce, 
they can serve as appropriate benchmarks for 
evaluating the core capabilities of the model in 
collaborative filtering and sequential interest 
modeling. These features are the foundation of 
any recommendation system used in dynamic 
environments. To ensure transparency and re-
producibility, this section details the evaluation 
setup employed in the experiments. Candidate 
Generation: For each user, the candidate set 
consists of one positive item and 2,000 random-
ly sampled negative items. Evaluation Metrics: 
All metrics are reported as averages over test 
users. The primary metrics include Accura-
cy@K: proportion of users for whom the actu-
al item appears in the top-K recommendations 
(K=20). Recall@K: proportion of correctly rec-
ommended items relative to all positive items. 
F1@K: harmonic mean of Accuracy@K and 
Recall@K. NDCG@K: normalized discounted 
cumulative gain, accounting for ranking posi-
tions. Hit Rate@K: proportion of users with at 
least one hit in the top K list. The "recommen-
dation accuracy" reported in Figure 7 refers 
specifically to top 1 hit rate (i.e., Accuracy@1), 
measuring whether the model places the target 
item at the top of the candidate list. To assess the 
robustness of observed differences, paired boot-
strap resampling (1,000 iterations) is applied to 
compute 95% confidence intervals for all met-
rics. Statistical significance between models is 
determined by whether the confidence interval 
of the metric difference excludes zero. This 
study compares and analyzes the recommenda-
tion accuracy of Discrete Sequential Set Rec-
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In Figure 8(a), in the dataset Movielens-100K 
test, the regression reward value of different 
models gradually increases with the increase 
of user interaction time. Among them, the re-
gression reward value of the model used in this 
study is the highest, reaching a maximum of 
736, while the regression reward value of the 
OneRec model is relatively low. Its highest 
value is only 512, which is 224 lower than the 
research model. In Figure 8(b), in the Amazon 
test of the dataset, the regression reward value 
of the model used in the research is significant-
ly reduced. Among them, the highest value is 
only 711. The regression reward value of the 
OneRec model is also lower among several 
models. Among them, the highest value is only 
416, which is about 295 lower than the research 
model. In summary, the regression reward val-
ue of the model used in the research on different 
model tests is higher, which shows that there is 
a better test effect in the overall model agent 
running interaction detection. This study com-
pares and analyzes the running test results of 
different models, as shown in Table 1. In addi-
tion to the three metrics reported, complementa-
ry evaluation on NDCG@20 and Hit Rate@20 
yields consistent patterns: the proposed model 
achieves NDCG@20 of 0.2156 on Movielens 
and 0.0934 on Amazon, and Hit Rate@20 of 
0.1923 and 0.0765 respectively, outperforming 
all baselines.

ommendation (DSETRec), OnePiece model, 
and One Recommendation (OneRec) from a set 
perspective. Among them, two datasets are ana-
lyzed, and the number of test products is 1,000. 
The comparative analysis is shown in Figure 7.
In Figure 7(a), in the dataset Movielens-100K 
test, the test accuracy of different models fluc-
tuates up and down as the number of products 
increases. Among them, the test accuracy of the 
research model is the highest, reaching a max-
imum of 92.6%. OnePiece’s recommendation 
accuracy is the lowest among several models. 
Its highest value is only 74.8%, which is 17.8% 
lower than the recommended model used in the 
study. In Figure 7(b), in the Amazon compari-
son of the dataset, the recommendation accura-
cy of the research model can reach up to 92.5%, 
while the recommendation accuracy of the 
OnePiece model is only 66.7%, which is 25.8% 
lower than the research model. This shows that 
among the different model recommendation 
tests, the recommendation model used in this 
study performs better. This is because the re-
search model uses multi-agent algorithms and 
deep reinforcement learning, which improves 
the model's ability to extract and integrate user 
information. The study conducts reward regres-
sion analysis on different models, as shown in 
Figure 8. Among them, the higher the regres-
sion reward value directly indicates the better 
the overall performance of the agent in the ex-
periment.

(a) Movielens-100K                                                                        (b) Amazon

Figure 7. Comparison of accuracy of product recommendation on different datasets.
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In Table 1, on the Movielens dataset, different 
models show significant differences in Accu-
racy@20, Recall@20, and F1@20 indicators. 
Among them, the Accuracy@20 of the research 
model is the highest, reaching 0.2051. The per-
formance of the OnePiece model is relatively 
low, with an Accuracy@20 of only 0.1804, 
which is about 0.0247 lower than the model 
used in the research. On the Amazon dataset, 
the overall indicators of each model decline 

compared with Movielens. The Accuracy@20 
of the research model is 0.0803, and the Accu-
racy@20 of the DSETRec model on this dataset 
is 0.0674, which is about 0.0129 lower than the 
research model. In summary, under different 
datasets and evaluation indicators, the models 
used in the study all show better comprehensive 
recommendation performance. This shows that 
it has better stability and generalization ability in 
capturing user preferences and item associations.

Table 1. Comparison of test results for different model operations.

Methods

Movielens-100K Amazon

Accuracy@20 Recall@20 F1@20 Accuracy@20 Recall@20 F1@20

DSETRec 0.1852 0.1046 0.1195 0.0674 0.0663 0.0621

OnePiece 0.1804 0.1028 0.117 0.0642 0.0635 0.0608

OneRec 0.1826 0.1039 0.1183 0.0681 0.0672 0.0635

Research the use 
of models 0.2051 0.1185 0.1332 0.0803 0.0792 0.0748

(a) Movielens-100K                                                                       (b) Amazon

Figure 8. Comparison results of regression reward values for different models.
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4.2.	Comparison of model ablation 
experiment and model interaction test

This study conducts online evaluation in a sim-
ulation environment, using warm start experi-
mental settings for e-commerce datasets, and 
taking the user's first 15 clicks at the current 
moment as the initial state. Moreover, 2,000 
non-interacted items are randomly selected 
as negative samples, which together with the 
positive samples form an alternative set. The 
recommendation system pushes one product at 
each moment, with a total of 20 steps in each 
round of interaction. Training and testing use 
80% and 20% of user data, respectively. In 
terms of the model, a graph embedding network 
is used to map the heterogeneous graph into a 
32-dimensional vector, the node neighborhood 
sampling size is 5, and the discount rate is set 
to 0.85. Research builds a simulated online 
recommendation service environment, with 
hardware configuration of Intel Xeon Gold 
6248R (24 cores, 2.7 GHz) CPU and 128 GB 
of memory, software using Ubuntu 22.04, Py-
Torch 2.1.0, and TorchServe, and caching can-
didate sets and storage features using Redis and 
MySQL respectively. Using JMeter for load 
testing, the number of threads increases from 
50 to 800, with 30 cycles per thread. After 200 
rounds of preheating, response time, through-
put, and resource utilization are collected. The 
construction of the candidate set is consistent 
with offline evaluation. Each request extracts 

2000 non-interacting items and real target items 
to form a candidate set. The model outputs the 
item with the highest Q value to ensure response 
time QPS. The indicators such as concurrent 
support can be replicated. This study compares 
DSETRec, OnePiece, and OneRec algorithm 
models for user interaction, as shown in Fig-
ure 9. The shorter the user interaction time, the 
higher the product utilization rate of the entire 
model. It analyzes the actual application effect 
of the model through changes in user interac-
tion time. 
In Figure 9(a), in the dataset Movielens-100K 
test, the user interaction time of the research 
model is lower than that of other models. For 
several models, as the reward value increases, 
their user interaction time increases. Among 
them, the OnePiece model has more user inter-
action time among the compared models. The 
number of interactions reaches the maximum 
at 1.5 reward value, 38 user interaction times, 
which is an increase of 36 times compared to 
the research model. In Figure 9(b), in the Ama-
zon test of the dataset, the user interaction time 
of the research model can reach up to 3 times, 
which is 26 times lower than the OnePiece mod-
el. In summary, in different model tests, the user 
interaction time of the model used in the study 
is less, and the overall product recommendation 
utilization rate is higher. This study compares 
the model testing accuracy after introducing 
different modules, as shown in Figure 10.

(a) Movielens-100K                                                                       (b) Amazon

Figure 9. Comparison of user interaction times.
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In Figure 10(a), the test accuracy of the model 
used in different ablation experiments has been 
significantly improved after introducing differ-
ent network modules. Among them, the accu-
racy of the research model increases by 28.7% 
compared with the deep reinforcement learning 
model. In Figure 10(b), in different data tests, 
the performance of traditional models is also 

lower than that of research models. Among 
them, the accuracy of the research model in-
creases by 29.5% compared with the deep rein-
forcement learning model. In summary, the op-
erating accuracy of the model used in the study 
is higher than that of other models. This study 
analyzes the actual test results of the model as 
shown in Table 2.

Table 2. The actual operational performance of the model.

Metric category Specific metric Model performance  
(measured/simulated)

Response performance
Average response time (P95) 0.18 seconds

Recommendation load delay 
(P99) 0.32 seconds

Throughput & concurrency
Query throughput (QPS) 520 QPS

Concurrent users supported 680

Resource efficiency
CPU usage (normal) 50%

Memory usage 2.5 GB

Recommendation quality
NDCG@10 0.872

Click-through rate (CTR) 6.20%

System stability Availability (SLA, 7-day) 99.70%

Diversity & fairness Product category coverage 78.20%

(a) Movielens-100K                                                                       (b) Amazon

Figure 10. Test accuracy ablation experiment.
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In Table 2, the recommended model proposed 
in this study shows superior performance suit-
able for actual deployment. Among them, the 
average response time of the research model 
is 0.18 seconds, the query throughput is 520 
QPS, and it can support 680 concurrent users. 
Meanwhile, the resource usage efficiency is 
high, with a CPU usage of 50% and a memory 
consumption of 2.5 GB. In terms of recommen-
dation quality, the model NDCG@10 reaches 
0.872, and the simulated click-through rate is 
6.2%, reflecting good user interest matching ca-
pabilities. The system has availability of 99.7% 
and a product category coverage of 78.2%. It 
has achieved a good balance between response 
speed, recommendation accuracy, system sta-
bility and operating economy. It is suitable for 
high-concurrency live broadcast e-commerce 
scenario applications. To verify the statistical 
significance of the observed differences, paired 
bootstrap resampling (1,000 iterations) is con-
ducted on all metrics. The 95% confidence 
intervals for the proposed model’s advantage 
over the best baseline (OneRec) on Movielens 
Accuracy@20 are [0.0182, 0.0315], confirming 
statistical significance. Similar results are ob-
tained for other metrics and datasets.

5.	Conclusion

This study proposes a personalized product 
recommendation framework for live-streaming 
e-commerce that integrates an improved QMIX. 
The key innovations include: (1) a multi-user in-
formation fusion module leveraging GATs and 
RNNs to produce unified team-level state rep-
resentations from distributed user observations; 
and (2) a dynamic hybrid network that replaces 
QMIX's static mixing structure with an adaptive 
parameter generation mechanism driven by re-
al-time team states. On top of this fusion back-
bone, a SAC-based deep reinforcement learn-
ing module with dual GRU encoders captures 
both short-term interaction dynamics and long-
term user preferences, enabling continuous and 
stable recommendation strategy optimization. 
Experiments on the Movielens-100K and Am-
azon benchmark datasets confirm that the pro-
posed model consistently outperforms baseline 
methods, including OneRec, OnePiece, and 
DSETRec, across all primary evaluation met-
rics, achieving Accuracy@20 values of 0.2051 
and 0.0803 on the two datasets respectively and 

reducing user interaction time by up to 26 steps 
compared to the strongest baseline.
However, this study still has several limitations 
that need to be pointed out. The static offline 
datasets used for evaluation (Movielens-100K 
and Amazon datasets) failed to capture the re-
al-time interactivity, content update frequency, 
and user behavior volatility characteristics in re-
al-time streaming environments. Therefore, the 
results should be considered as reference con-
clusions rather than direct predictions of actual 
production effects. In addition, the multi-com-
ponent architecture of this model leads to high 
training costs, and its computational efficiency 
in large-scale online deployment environments 
has not yet been verified by empirical studies.
Future research will focus on two main direc-
tions: First, to conduct pilot deployments and 
online A/B testing of the framework on real 
live-streaming e-commerce platforms to verify 
its effectiveness in real-world scenarios; sec-
ond, to reduce service latency through model 
compression and inference acceleration tech-
nologies, thereby expanding the framework's 
applicability in resource-constrained deploy-
ment scenarios.
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