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ABSTRACT

Robots are widely utilized in industrial settings for tasks such as assembly, handling, and welding. With the
evolving industrial landscape, robots must flexibly adapt to task changes and unforeseen environmental
variations. To address these challenges, researchers are shifting from programming robots for repetitive actions
to enabling them to learn and adapt to diverse missions. Virtual environments have emerged as a solution to
mitigate the cost and time constraints associated with the robot learning process. However, limitations such
as inaccuracies in physics engines and discrepancies between virtual and real domains introduce sim-to-real
gaps, which can result in significant financial losses due to equipment and product damage or even pose risks
to human safety. Consequently, virtual training outcomes cannot be directly applied to real-world environments.
This paper reviews the key challenges that virtual environment technologies must overcome for effective robot

learning and summarizes the latest research trends in the field.
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ADR Automatic Domain Randomization

FEM Finite Element Method

GAN Generative Adversarial Networks

LLM Large Language Model

NCP Nonlinear Complementarity Problem

PCG Procedual Content Generation

PCGRL Procedual Content Generation via
Reinforcement Learning

ROS Robot Operating System

SDF Signed Distance Function

Sim2Real  Simulation-to-Real

TDA Topological Data Analysis
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