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[Abstract]

Even in a situation where Over-The-Top (OTT) service requests are rapidly increased, an OTT service platform must be able
to reliably provide high-quality video streaming services to users. Although a cloud computing-based OTT service platform has the
advantage of being able to dynamically allocate the resources required for the services, there is a limitation in satisfying the OTT
service quality while allocating cloud resources in a timely manner in a situation where the demand for OTT services is fluctuated
significantly. This paper proposes a new cloud-based OTT resource management method that adaptively adjusts the amount of
allocated and released cloud resources using an LSTM-based deep reinforcement learning model trained with past OTT viewing
data. Through OTT resource allocation simulation based on the deep reinforcement learning, it was verified that the proposed

method can maintain the service quality while minimizing cloud resource waste.
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Table 1. Defining MDP Elements for Reinforcement
Learning
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Table 2. LSTM-based DQN algorithm for OTT resource
allocation

Algorithm 1: Reinforcement Learning Algorithm (DQN)

Initialize replay memory D to capacity N
Initialize action—vale function Q with random weights
For episode = 1, M do
Fort=1, T do
Apply LSTM classifier
input x is the OTT data, output is the action

probability €

With the probability € select a action q,

Execute action a, and observe r,

Set s,,, =35,

Store transition (z,,a,,7,,%,,,) in D

Sample random minibatch of transition
() a7, 2;,,) from D
T if episode terminate at step j+ 1
Set y; = 7+ ymax, Q(ajj+1, a:0) otherwise

Perform a stochastic gradient descent
End for
End for
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Table 3. OTT Service Platform Simulator Development
Environment

Type Environment
Operating System Windows 10
CPU Intel(R) Core(TM) i7-10875H 2.30 GHz
RAM 16.0GB
GPU NVIDIA GeForce RTX 2060
Intel(R) UHD Graphics
Librar Tensorflow 2.6.0
Y Keras 2.6.0
Programming Python 3.8.3
Language
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Table 4. Simulation Parameters

Simulation parameters Values
Neural network LSTM
Activation argument Sigmoid, RelLU
Regression loss MSE
Epochs 500
learning rate 0.001
discount factor 0.95
Start exploration 0.5
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