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Motivation

1. In the future digital society, a significant number of computing
devices will be dispersed at different sites close to users, and provide
them with various personalized services through global networks.
Computing force network (CFN) is proposed as a promising
paradigm that leverages ubiquitous computing resources distributed
in the network. However, accommodating network and computing
resources jointly and efficiently is still a challenge.

2. In designing a resource allocation approach for CFEN, it is of
paramount importance to consider multi-dimensional resources,
obtain optimization results in time, and solve the generalization
problem of existing algorithms based on deep reinforcement learning.



Main idea

1. To optimize network resources and computing resources jointly in
CFN, we propose a graph neural network (GNN) based deep
reinforcement learning (DRL) architecture, which can obtain
optimization decisions in a timely manner.

2. For the DRL agent which learns to maximize the objective
function, we devise a multi-dimensional reward function that
accommodates network and computing resources.

3. By taking advantage of GNN, we integrate the message passing
neural network (MPNN) in the internal DRL neural network. The
proposed method can operate and generalize over diverse network
topologies, even if the structure changes.



Scenario

CFN aims to connect the ubiquitous resources distributed in the
terminal, edge, and cloud to provide ultra-low-latency and real-time
computing services for diverse applications across the network.

CFN consists of five entities: clients, computing nodes, ingress
nodes, egress nodes, and intermediate nodes.
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Architecture of the computing force network (CFN)
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Method

1. To improve the expressiveness and generalization of the resource
allocation approach, we propose to combine a deep Q-learning
network (DQN) with GNN, in which hidden states can be introduced
to learn edge features and can be adopted flexibly to reason
different relations in links and nodes.

2. MPNN, as a general framework of GNN, can be adopted as the
internal neural network in the DQN agent. We encode hidden states
in MPNN, denoted as h=(x,, X,, ..., X)). The values x, to x; represent
network states and the action of bandwidth allocation. The
computing resources are stored in x, to xg, including the computing
type, load, and node assigned for the service request.



Method

3. The design details of the proposed DRL agent are as follows:
» Environment: The environment refers to the data plane in CFEN.

» Agent: The agent serves as the decision-maker, interacts with the
environment, and observes the consequences by trial and error. In a
centralized CFN, the control plane can work as the agent to collect states,
make decisions, and deploy an action to the data plane.

» State: The state refers to the state of links and nodes.

 Action: The action space in the CFN scenario involves path selection,
service scheduling (choosing eligible computing nodes), and allocation of
bandwidth resources for the traffic.

« Reward: The reward function is devised by considering optimizing both
network resources (bandwidth) and computing resources (computing
power).



Major results
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Conclusions

1. Faced with the challenge of resource allocation in a computing
force network (CFN), this paper proposes a graph neural network
(GNN) based deep reinforcement learning (DRL) architecture to
accommodate network resources and computing resources jointly
and efficiently.

2. In the proposed architecture, we leverage the model-free DRL
framework to devise a multi-dimensional reward function that
integrates network and computing resources. We combine GNN
with the DRL agent to improve the method’s generalization. Finally,
a trained agent can obtain optimization decisions in real time and
can adapt well to the updated topology.
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