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Abstract  With the rapid advancement of edge computing and artificial intelligence technologies,

Deep Neural Networks (DNNs) have been extensively deployed in edge environments to provide
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intelligent services to end-users. However, a critical challenge arises due to the inherent contra-
diction between the limited computational and storage resources of edge servers and the increas-
ingly diverse and dynamic demands of users. Efficient service deployment and model selection in
such resource-constrained and demand-heterogeneous scenarios have become a significant prob-
lem. Existing studies often neglect the critical impact of inference accuracy on overall service
quality, which leads to suboptimal system performance when handling dynamically changing sys-
tem states and user requirements. This oversight can result in resource underutilization, service
degradation, and an inability to satisfy multiple objectives simultaneously. Addressing this chal-
lenge requires a holistic approach that jointly considers prediction of user demand, resource con-
straints, model performance, and service quality requirements. To tackle this problem, this paper
proposes a novel inference-accuracy-aware service deployment and model selection framework for
edge environments, referred to as Service Deployment and Model Selection (SDMS). The core i-
dea of SDMS is to optimize both the deployment of services across edge nodes and the selection of
DNN models for inference tasks to maximize service utility while satisfying latency and accuracy
constraints. Specifically, the proposed approach consists of two key components. First, a self-at-
tention mechanism is employed to predict the distribution of user request traffic in future time
slots, capturing temporal correlations and dynamic patterns in user demands. This prediction is
then combined with a pruning-based search strategy to identify near-optimal service deployment
schemes, thereby ensuring that limited edge resources are allocated efficiently to meet expected
demand. Second. a novel guidance-based Deep Reinforcement Learning (DRL) framework is de-
signed, which is enhanced by Deep Imitation Learning (DIL). By incorporating expert knowledge
and historical experience into the learning process, the DIL-guided DRL agent can significantly
accelerate convergence and rapidly approach near-optimal decisions for model selection and re-
source allocation. This integration of imitation learning and reinforcement learning allows the
framework to adaptively balance multiple objectives, including service latency, inference accura-
cy, and overall system throughput, under dynamically changing conditions. The proposed SDMS
framework is extensively evaluated using real-world user traffic traces and DNN inference data-
sets. A comprehensive set of experiments is conducted to assess its effectiveness in various realis-
tic scenarios, including varying traffic patterns, heterogeneous model characteristics, and differ-
ent resource availability levels. Experimental results demonstrate that the SDMS method consist-
ently outperforms existing baseline approaches in terms of service utility, latency, and accuracy
satisfaction rates. In particular, the framework exhibits a robust ability to maintain high infer-
ence accuracy while meeting strict latency requirements, effectively achieving a balance among
multiple conflicting objectives. In summary, the SDMS method provides a systematic and effec-
tive solution for inference-accuracy-aware service deployment and model selection in edge compu-
ting environments. By leveraging predictive modeling, pruning-based optimization, and imita-
tion-guided reinforcement learning, the framework can dynamically adapt to user demand fluctua-
tions and resource constraints, thereby enhancing the quality of service delivered to end users.
The proposed approach offers a valuable reference for the design of intelligent edge systems where
both computational efficiency and inference accuracy are critical for user satisfaction and overall
system performance. The contributions of this work demonstrate the potential of combining ad-
vanced Al techniques with edge resource management to address real-world challenges in next-

generation intelligent services.
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Background

With the rapid development of edge computing and arti-
ficial intelligence technologies, Deep Neural Networks (DNNs)
have been widely applied in edge environments to provide
more intelligent service quality. However, when facing the
contradiction between limited edge resources and diverse user
demands, it has become a challenging problem to achieve ef-
ficient service deployment and model selection. For latency-
aware service deployment, existing studies commonly target
a single computation-intensive service, ignoring the diverse
service types and model configurations, making them hard to
fit in the dynamic demands of intelligent applications in real-
world edge environments. Although some studies further
consider diverse services and model types, they focus on gen-
eral indicators such as inference latency and energy consump-
tion, which ignore the key impact of DNN inference accuracy
on service experience and cannot achieve a good balance be-
tween inference accuracy and latency. For accuracy-aware
service deployment, most existing studies use heuristics or
control theory, which are difficult to adapt to dynamic edge
environments and diverse services. Although some studies
introduce Deep Reinforcement Learning (DRL) for making
decisions, they target small-scale states and action spaces.
With the increase in service types and model scale, they face
low exploration efficiency and convergence difficulty.

To address the above important challenges, this paper

ation, and resource optimization.

Lin Jin-Hui, M. S. candidate. His research interests in-
clude mobile edge computing, service deployment, and mod-
el selection.

MIN Ge-Yong,Ph. D. , professor. His research interests
include computer networks, wireless communications, and
parallel and distributed computing.

LI Jie, Ph. D. , professor, IEEE Fellow. His research
interests include big data and artificial intelligence, block-

chain, and edge computing.

proposes an inference accuracy-aware Service Deployment and
Model Selection (SDMS) method in edge environments.
First, the self-attention mechanism is used to predict the dis-
tribution of user request traffic in future time-slots, and then
the service deployment plans are optimized by integrating a
pruning search strategy. Next, a new guided Deep Reinforce-
ment Learning (DRL) f{ramework based on Deep Imitation
Learning (DIL) is designed to rapidly approximate the opti-
mal decisions of model selection and resource allocation by
incorporating expert experience. Using real-world user com-
munication traffic and DNN inference datasets, extensive ex-
periments are conducted to validate the effectiveness of the
proposed SDMS method. The results show that the SDMS
method achieves better service profits, latency, and accuracy
satisfaction rates than other benchmark methods across vari-
ous scenarios. Therefore, this paper offers a scalable and
practical solution for intelligent service deployment and mod-
el selection in edge systems.
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