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Abstract

Introduction: Task scheduling and energy consumption are important issues in cloud computing. Failure to use an
appropriate scheduling approach in cloud computing may result in high energy consumption and low resource efficiency.
Due to the dynamics and limitations of cloud resources to execute diverse and time-varying requests from users, an effective
scheduling mechanism is required that adapts to dynamic system conditions. Deep learning, an applied method for dealing
with cloud computing resource management problems, has been considered as an innovative idea in recent years. Among the
deep learning algorithms used in this field, we can mention DQL, ERDQL, and DRL-LSTM algorithms, which have achieved
acceptable results in large datasets. However, these algorithms have problems such as unrealistic reward estimation, long-
term training, random sampling of memory, and lack of proper use of state space, which affect the results obtained from their
use in optimization problems.

Method: In this research, an improved deep reinforcement learning algorithm for task scheduling in cloud computing is
proposed to improve the problems of unrealistic reward estimation, long-term training, and random sampling from memory.
Also, the Markov decision process structure in the modeling part is defined in such a way that it can mitigate the problems
of not using the state space properly.

Results: The proposed algorithm has been evaluated with two scenarios including a synthetic dataset and GOCJ (Google
Cloud Jobs) dataset. The results of the evaluations in the simulated environment show that the proposed algorithm has
achieved better results in less time in all evaluated parameters.

Discussion: In this paper, an improved algorithm based on PERDQN is presented. Then, with a proper definition of the
cloud environment based on the Markov decision process, the proposed algorithm is used to schedule tasks on virtual
machines in cloud computing. The results show that using the proposed algorithm, response time, waiting time, throughput,
MakeSpan and the number of SLA violations are improved, which is more significant on a larger scale.
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Algorithm 1: Extended Prioritized Experience Replay Deep Q

Network (EPERDQN)
Input: minibatch k, replay period K, exponents o and 3, update factor

€, budget T
1 Initialize replay memory D, Q-network parameters o, pl=1
2 Fort=1to T do:

3 Observe St and choose action At according to €-greedy
policy
4 Store transition(St,Ar,Rt,Sw+1) in D with maximal priority
Pe=maxi<tPi
If t mod K==0 do:
For j=1to k do:
Sample transition j ~ P(j) = pj /Zip{

o ~N o O

Compute importance-sampling weight wj = (N . P(j))?
/maxi Wi
9 Compute TD-error §; = Rj + vj Quarget(S; ,
argmaxa(Q(Sj , @) — Q(Sj1, Aj)
10 Update transition priority  p; |Ge—
11  End For
12 Update target network in each iteration et=e ‘11 +
€ot1-0 t1)
13 EndIf
14 End For
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execTime = cloudlet.getCloudletLength() /
(vm.getMips()*vm.getNumberOfPes()) ()

completionTime = execTime + waitingTime[vm_id] ())
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type parameter Value
Data Center Number of DC 1
VM-Scheduler Time-Shared
Host Host Number 1
Processing Element 4000 MIPS
RAM 2GB
Storage 1TB
Bandwidth 10 GB/s
VM Number of VMs 4
Processing Element 220-450 MIPS
Memory 512MB
Bandwidth 1GB/s
VMM Xen
Cloudlet Task Number 10
Length of Tasks 2000-10000
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Type Parameter value
Data Center Number of DC 1
VM-Scheduler Time-Shared
Host Host Number 20
Processing Element 177730 MIPS
RAM 16 GB
Storage 2TB
Bandwidth 10 GB/s
VM Number of VMs 5-100
Processing Element (3.5-100) * 10° MIPS
Memory 1-4GB
Bandwidth 1-10 GB/s
VMM Xen
Cloudlet Task Number 100-1000
Length of Tasks (15-900) * 103 MI
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