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Abstract

In view of the difficulty of traditional load balancing methods in intelligent utilization of traffic in-
formation contained in historical data, a cloud load balancing method LSTM-TD3 (Long Short
Term Memory and Twin Delayed Deep Deterministic policy gradient algorithm) based on Al
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knowledge analysis is proposed. LSTM-TD3 takes resource utilization, number of server connec-
tions, response time, request history data, etc. as knowledge parameters input. First, it uses LSTM
to predict and model the number of tasks; then, the initialization prediction data is used to
strengthen the learning model TD3 to form an optimized load balancing calculation model based
on Al analysis and evaluation; finally, the load balancing effect of ISTM-TD3 is verified and tested
through actual training and simulation experiments. Experimental results show that compared
with traditional cloud environment load balancing methods such as no load balancing, polling al-
gorithm, Q-learning and TD3 algorithm, the performance of LSTM-TD3 load balancing is improved
by 25.4%, 6.41%, 3.56% and 2.85% respectively, which can achieve better resource load balanc-
ing effect and higher resource utilization.
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Figure 1. Load balancing framework for cloud computing resource requests
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Figure 2. Interaction between agent and environment in reinforcement learning
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Figure 3. TD3 algorithm structure framework
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Figure 4. LSTM-TD3 model structure
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Table 2. Experimental environment configuration
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Paddlepaddle 2.2.2
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Cuda 11.2

Table 3. Parameter settings of nodes
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Figure 5. Reward changes over turn for different algorithms (400 missions)
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Figure 6. Time required by different load balancing policies for different tasks
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YIGRETiNT TD3 #EATHIAG1L, CABTIRFI A2, MRSS A4, ma SEI R] L 17 SR s 30 55 9 RTR 2 40
N BHATAESS BT R A5, R LA T A W d Ak s Ak 5 ST AL TD3, TERL Al 43 BT S 1FAG LAk 13835
PR, S E e S SRR B SRR A B AN G R 5 4 IR AT S PREGHIE . 7R CloudSim4.0 T =
e, X T Q-learning. TD3. LSTM-TD3 A AL E WSSk ah IR, DL A A% Gt 1 B 3h i i 5 A
5 2] SR I R T8 AT 55 BT FE IR I [ o SRR 25 BRI, A EUAE SR 1) = 85 1 4351 77 %, LSTM-TD3
XL T kI . R EE . Q-learning A1 TD3 vk AlHem T 25.4%, 6.41%, 3.56%F1 2.85%, HEl
BT AP GRS B RCR, BRI A 2 .
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