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. Cloud Computing

. Fog Computing

. Task Scheduling

Deep Reinforcement Learning
Online

. Huristic

. Machine Learning

. Deep Learning
10. Experience Replay
11. Target Network
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1. Internet of Things
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9. Grid Computing

10. Computation Offloading
11. Resource Allocation

12. Edge Computing

13. Fully Connected

14. Stacked Auto Encoder
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1. Agent

2. Environment

3. Cumulative Reward
4. Gateway

5. State

6. Action

7. Finish Time

8. Makespan Time
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9. Prioritized Experience Replay
10. Markov Decision Process
11. End Devices

12. Access Point

13. Fog Node

14. Virtualization

15. CPU

16. Memory

17. Storage

Cloud Resources

Cloud Layer
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1. Internet of Vehicles

2. Asynchronous Advantage Actor-Critic
3. Natural Policy Gradient

4. Vehicular Networks

5. Double Deep Q-Learning

6. Mobile Edge Computing

7. Fog Radio Access Networks

8. Transfer Learning
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10. Service Delay

11. Immediate Reward
12. Feedback

13. Transmission

14. Propagation

15. Point to Point
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1. Cycle

2. Core

3. Clock Speed

4. Cycle Per Second
5. Resource Pool

6. Deep Q-Network
7. Approximate

8. Resource Usage
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1. Transmission Rate
2. Link
3. Propagation Speed
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