KIPS Trans. Softw. and Data Eng.
Vol.12, No.9 pp.399~406
ISSN: 2287-5905 (Print), ISSN: 2734-0503 (Online)

ZE OOIHE O] AFRE BFUM HFEE XHole gatd 71 X 2AEY 399

https://doi.org/10.3745/KTSDE.2023.12.9.399

Deep Learning-Based Dynamic Scheduling with Multi-Agents Supporting
Scalability in Edge Computing Environments

JongBeom Lim®

ABSTRACT

Cloud computing has been evolved to support edge computing architecture that combines fog management layer with edge servers.
The main reason why it is received much attention is low communication latency for real-time IoT applications. At the same time, various
cloud task scheduling techniques based on artificial intelligence have been proposed. Artificial intelligence-based cloud task scheduling
techniques show better performance in comparison to existing methods, but it has relatively high scheduling time. In this paper, we
propose a deep learning-based dynamic scheduling with multi-agents supporting scalability in edge computing environments. The proposed
method shows low scheduling time than previous artificial intelligence-based scheduling techniques. To show the effectiveness of the
proposed method, we compare the performance between previous and proposed methods in a scalable experimental environment. The
results show that our method supports real-time IoT applications with low scheduling time, and shows better performance in terms of

the number of completed cloud tasks in a scalable experimental environment.
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Table. 2. Algorithm for Edge Servers
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Input
- Dataset, Cloud tasks, Sys info
Output
- Model global, Sched global
Initialization
- Edges — Sys_info.Get_edge();
- Train < mix_datasets(Dataset, Cloud tasks);
- FPdges learned ~— false,
Pseudocode for active thread
Splits < split_data (Train, Edges.Length();
for all Edge i € Edges do
Split i — get_split(Splits);
distribute(&dge i, Split 1);
end for
if Edges learned == true then
Sched global — schedule(Model global);
end if
Pseudocode for passive thread
for all £dge i € Edges do
Trained i — wait_for(Edge i);
Model global — Model global U Trained i,
end for

Edges learned «— true

1+ Input
- Split i
¢ Output
- Model_partial
¢ Initialization
- Params — Sys_info.Get_params(edge);
*  Pseudocode

Model _partial < perform_train(Split i, Params);

O 00 N O Ut W N

send(Model_partial, Server);
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