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Reinforcement Learning meets the real-world:
Industrial RL applications

MakinaRocks &M%
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* Bellemare, M, Naddaf, Y, Veness, J, & Bowling, M. (2013). The arcade leaming environment: an evaluation

RandomAgent on Breakout-v0. MountainCar-v0.

* Moore, A. (1990). Efficent Memory-Based Learning for Robot Control (Doctoral dissertation,
platform for general agents. Joumal of Artifical Intelligence Research, 47, 253-279 University of Cambridge, Cambridge, United Kingdom).

+ Mott, B, Anthony, St, & The Stella Team. (1990). Stella. Retrieved October 13, 2020, from https.//stella-emu.github.io/

Available from https://gym.openai.com/envs/
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- Learning in distributed environment result
- Algorithm: PPO (MakinaRocks RLocks library)
- Distributed communication: Ray library (8 agents)
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Han, T., Huang, L., Kelly, S., Huizenga, C., & Hui, Z. (2001). Virtual Thermal Comfort Engineering. SAE Transactions, 770, 582-591. Retrieved October 22, 2020, from http://www.jstor.org/stable/44730913
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Actor output o
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Rescaling
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method: clip, iter:0

. State : [0|™ Q|X| sixj |X| E}ZIn}e| X}o| O] action]
2 | ACtion : _cl>_— '—TE(xvel; Yvel)
o Reward : rewardy;s + rewardepergy

1. reward,;; «< — distance
0. 2. rewardenergy € —V°

* Training algorithm : SAC
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3.4 State Representation
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3.4 State Representation
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3.4 State Representation
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3.4 State Representation
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3.4 State Representation
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Data-driven Analysis
1) Finding Window Size
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3.4 State Representation

Data-driven Analysis
2) Finding delay time for action vs. observation
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3.4 State Representation

Data-driven Analysis
2) Finding delay time for action vs. observation
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3.4 State Representation
Data-driven Analysis
2) Finding delay time for action vs. observation
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3.4 State Representation

Data-driven Analysis
2) Finding delay time for action vs. observation
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Actionl, Time lag : O

2) Finding delay time for action vs. observation
1.0

3.4 State Representation

Data-driven Analysis
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Action2, Time lag : O

1.0
—-1.0
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Data-driven Analysis
2) Finding delay time for action vs. observation
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Actionl, Timelag : 0
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2) Finding delay time for action vs. observation
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Curiosity

DOF
EMS
GAIL
HIRO
MDP

ML-Agents

Movelt

MSE
POMDP
POV
PPO
Ray
RLocks
ROS

ROS#
SAC
Sim2Real
Unity3D
UR3

Technique which uses an intrinsic reward function that returns higher values when the agent explore new areas of the
environment.

Degrees of Freedom

Energy Management System

Generative Adversarial Imitation Learning

Hlerarchical Reinforcement learning with Off-policy correction.
Markov Decision Process

Open-source library that enables games and simulations on Unity3D to serve as environments for training intelligent
agents.

Open source software for robot manipulation. Can perform motion planning, manipulation, collision avoidance, control,
inverse kinematics and 3D perception.

Minimum Square Error

Partially Observable Markov Decision Process

Point of View

Proximal Policy Optimization. On-Policy reinforcement learning algorithm.
Universal API for building distributed applications

MakinaRocks Reinforcement Learning framework.

Robot Operating System is an open-source meta-operating system for robots. It contains a set of tools, software and
hardware abstractions such as low-level drivers, inter-process communication, package management. etc.

Set of open source software libraries and tools in C# for communicating with ROS from .NET applications.
Soft Actor-Critic. Off-policy reinforcement learning algorithm

Area of research that aims to transfer the knowledge learned on simulation to real world systems.
Cross-platform game engine developed by Unity Technologies

Compact table-top robot produced by Universal Robots




Appendix B. Simulator 418

73 |

3D

Environment

Unity3D (game engine)
ML-Agents (Unity 3D < - > RL Interface)

ROS# (Unity 3D < - > ROS Interface)

3D Game Scene (Robot Arm, goals, obstacles)

Reinforcement

Learning

Rlocks (MakinaRocks reinforcement learning framework)
Agent, runner, utils, algorithms (HER, GAIL, etc.)

ROS (Robot Operating System)
Motion Planning
Sim2Real
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