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[Abstract]

The Robotic Transformer, based on the Large Language Model (LLM), allows robots to independently solve complex sequence
problems. However, the primitive actions are still derived from high-quality expert data obtained in advance. Expert data consists
of flawless execution of specific actions, but it is time-consuming and expensive to collect, and it is biased because it does not
account for all situations. In this paper, we propose a method based on reinforcement learning to efficiently learn in complex
problem environments using low-bias and high-variance practical data. Additionally, we evaluate the learning using the
Reinforcement Learning via Intervention Feedback (RLIF) algorithm and conduct a domain randomization experiment to assess the
impact of environmental noise. We demonstrate that using low-bias, high-variance practical data can help create a model that
boosts rewards and maintains high scores in new environments compared to training with only expert data. This study contributes

to efficient reinforcement learning in complex and changing environments.
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Table 1. Expert agents

Expert Agent Training Algorithm Expert Level
110EA RLPD 110%
40EA BC 40%
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Table 2. Offline datasets

Dataset Num Min Mean Max
hopper—expert—2 1027 1646 3511 3759
hopper-medium—-2 2186 315 1422 3222
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Table 3. MDP components of environment.

Element Definition

Set of all possible states
{height of the hopper, angle of the (top, thigh joint,
S leg joint, foot joint), velocity of the (torso x—coord,
torso z—coord)of the top,
angular velocity of the (top, thigh hinge, leg hinge,
foot hinge)}
Set of all possible actions
{Torque applied on the (thigh rotor, leg rotor, foot
rotor)}
probability from one state to the next given an action
Value of action
{healty_reward + forward_reward — ctrl_cost}

Reward value paid

N NN
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