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Abstract  As an innovative network architecture, the computing power network (CPN) in-
tegrates distributed computing resources to form a unified, scalable resource pool, enabling users
to dynamically access computing power on demand and achieve efficient resource utilization. Its
core concept is to treat computing power as a service, allowing users to flexibly access it without
needing to concern themselves with the specific configuration of underlying resources. Although
computing power networks offer significant flexibility and scalability, existing technologies still

face challenges when addressing new latency-sensitive tasks (such as virtual reality, autonomous
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driving, and telemedicine). Such tasks require computing and transmission processes to be com-
pleted within strict latency constraints to ensure service quality and user experience. Task re-
sponse latency is composed of computational latency and transmission latency, where computational la-
tency depends on the performance of computing nodes, while transmission latency is influenced by both
the selection of computing nodes and path planning. Therefore, it is necessary to achieve global latency
minimization through the coordinated optimization of computational and network resource scheduling.
However, existing computing network scheduling research mostly inherits from the fields of cloud com-
puting and edge computing, focusing solely on single-resource optimization, such as traffic engineering
(optimizing transmission paths) or task offloading (selecting computing nodes) , and lacks joint optimi-
zation of computing node selection and path planning. This loosely coupled scheduling approach struggles
to simultaneously reduce computational and transmission latency. leading to insufficient overall task
execution efficiency. Additionally, the heterogeneity of computing nodes and the dynamism of
network paths further increase the complexity of collaborative scheduling. To address the short-
comings of existing computing networks in latency-sensitive task scheduling, this paper proposes
a reinforcement learning-based computing network scheduling and control framework (RLMS-
CPN) that deeply integrates computing and transmission resources to achieve intelligent collabo-
rative optimization of node selection and path planning. This framework includes three core inno-
vations: First, a reinforcement learning-based joint scheduling optimization mechanism is de-
signed, which dynamically adjusts resource allocation by real-time monitoring of network status
and node computing power information. Experiments validate that it reduces task response laten-
cy by an average of 22. 61% across four datasets; Second, to address the latency prediction chal-
lenges posed by new devices joining heterogeneous environments, a two-stage fine-tuning strate-
gy (TSFT) based on neural networks is proposed. This strategy uses a small amount of labeled
data for model fine-tuning and enhances the training effect of unlabeled data through pseudo-labe-
ling technology. ultimately achieving an average prediction accuracy of 0. 003 on new devices; Fi-
nally, we innovatively designed the SyncGNN graph neural network structure, which unifies the
modeling of computational and network resource characteristics through feature fusion technolo-
gy. Compared to traditional MLP methods, this approach improves latency performance by
18.75% and effectively solves the decoupling problem between node selection and path planning.
These innovations collectively form a comprehensive intelligent scheduling solution for computing
power networks, significantly enhancing the processing efficiency of latency-sensitive tasks. The
system proposed in this paper achieves the first intelligent collaborative scheduling of computing
power and network resources for Al tasks, providing efficient services for latency-sensitive tasks

by jointly optimizing computational and transmission latency.

Keywords computing power network; latency-sensitive tasks; traffic engineering; task offload-

ing; reinforcement learning
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Background

The problem studied in this paper belongs to the re-
source scheduling related issues in the field of computing
power network. Specifically, it focuses on how to solve the
decoupling problem of computing resource and network re-
source allocation in the computing power network for laten-
cy-sensitive tasks, so as to achieve collaborative scheduling
and meet the low-latency requirements of latency-sensitive
tasks. This paper mainly involves three areas: Traffic engi-
neering mainly focuses on path planning, aiming to improve
network performance by optimizing routing strategies, and is
divided into link-level and path-level traffic engineering.
Among them, the linear programming method can provide the
optimal solution, but the computational cost is high when the
network scale increases. Although the heuristic algorithm re-
duces the complexity, it is not flexible enough. Although the
traffic engineering based on reinforcement learning has potential ,
it faces challenges such as dimension explosion and increased
computational cost. Currently. there is no work to achieve a col-
laborative scheduling system for computing power resources and
network resources for Al tasks. The core goal of task offloading
is to select an appropriate computing power execution node for
computing tasks. However, the existing research has defi-
ciencies in the selection of computing power nodes. Many
methods do not consider the computing characteristics of Al
tasks, resulting in inaccurate estimation of computing laten-
cy. Moreover, they only focus on node selection and ignore
the impact of path planning on the overall performance. For

computing latency prediction, the early models estimated
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computing latency based on FLLOPS, with largeerrors. Although
there have been improvements later, when dealing with a large
number of tasks and devices, they still face the dual challenges of
data efficiency and generalization ability, and have failed to solve
the problem of predicting the computing latency of tasks on new
devices in an open network environment.

In response to the above problems, this paper proposes
a joint scheduling optimization framework. Based on rein-
forcement learning, a joint scheduling optimization frame-
work for computing power network is proposed, which can
collaboratively optimize the selection of computing power
nodes and path planning and minimize the response latency of
tasks. Experiments on six datasets show that compared with
the existing methods, the response latency is reduced by an
average of 22. 61%. A computing latency estimation model is
designed. For the problem of computing latency estimation
of new devices in an open space, a two-stage fine-tuning
strategy model based on neural network is proposed. With
only 50 new samples, a low prediction error of 0.003 is a-
chieved, effectively improving the accuracy of computing la-
tency prediction for new devices. A new graph neural net-
work structure is constructed. A new graph neural network
structure SyncGNN is designed, which effectively integrates
computing resources and network transmission resources, re-
alizes feature fusion, and collaboratively optimizes the selec-
tion of computing power nodes and path planning. Compared
with the traditional multi-layer perceptron, the latency per-

formance is improved by 18. 75%.



