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Abstract In this paper, we have investigated a heterogeneous cloud-edge environment consisting of multiple edge servers and
cloud servers, where each node has computation, storage and communication capabilities. Due to the uncertainty and dynamics of
the heterogeneous cloud edge environment,dynamic scheduling is required to optimize resource and task allocation. The traditional
deep learning framework only extract the potential features from the input task data, mostly ignoring the network structure infor-
mation characteristics of the cloud-edge environment. To solve this problem, this paper proposes a distributed SAC-GCN algo-
rithm based on the Actor-Critic framework,using the self-evolutionary ability of the experience training of soft actor-critic(SAC)
and the graph-based relationship inference ability of graph convolutional networks (GCN). The proposed SAC-GCN employs an
adaptive loss function to provide effective scheduling strategies for different task migration requirements by capturing dynamic
task information and heterogeneous node resource information. In this paper,we utilize the Bit-brain dataset sourced from the real
world,and carries out a large number of simulations through Cloud-Sim. Experimental results show that compared with the exis-
ting algorithms, the proposed SAC-GCN can reduce the system energy consumption by 4. 81% ,shorten the task response time by
3.46% and the task migration time by 2. 73% .and reduce the task SLA violation rate by 1.5 %.
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Fig. 4 Architecture diagram based on SAC-GCN

4.2.2 Soft Actor-Critic & %
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FHR#AE R 488 Ubuntu, 8 A0 35 — 28 8 £ 27 5% « Python3. 9.
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*2 FHRE

Table 2 Host configuration

Name Processor Core RAM/GB MIPS

SPEC Power(Watts) for different CPU percentage usages

0 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Edge Hitachi HA Intel i3
. 2 8 1800 24.3 30.4 33.7 36.6 39.6 42.2 45.6 51.8 55.7 60.8 63.2
Layer 8000 3.0GHz
Edge DEPO Race Intel i5
4 16 2000 83.2 88.2 94.3 101 107 112 117 120 124 128 131
Layer X340H 3.2GHz
Cloud Dell PowerEdge Intel Xeon X
. 32 48 2000 110 149 167 188 218 237 268 307 358 414 446
Layer R820 2.6 GHz
Cloud Dell PowerEdge Intel Xeon
- R 64 64 2660 210 371 449 522 589 647 705 802 924 1071 1229
Layer C6320 2.3GHz
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Table 3 Hyperparameter settings of each algorithm
# % % A3C-R2N2 SAC-GCN
A HEF o 0.25 0.25
we i B B 4 B B 0.25 0.25
AR EF Y 0.25 0.25
SLV 3 2 % # B F & 0.25 0.25
kKN B - 32
FrinEF o 0. 95 0.95
FowE 2 3] & 0.001~0.01 0.001
MEM%E 1 %5 % - 0.001
MER% 2 %3 % - 0.001
REHETF ¢ - 0.05
8] % A /N /min 5 5
A A H 50 50
EHA 2 50 50
Episode X /s 12 —
W SR L TR B N 1440 1440
K T 2o 288 288
5.2 HiE&E
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R4 AT 55 049 45 A S 808 B A0 08 2 I B b 30 E R A5 AR 4L
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Fig. 5 Parameter sensitivity analysis
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Fig. 7 Comparison of SAC-GCN and A3C-R2N2 rewards
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scheduling algorithms
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