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1950 £F , R £ it X COMPUTING
MACHINERY AND INTELLIGENCEETHS

Baer BB,

We may hope that machines will eventually compete with men in all purely intellectual
fields. But which are the best ones to start with? Even this is a difficult decision. Many
people think that a very abstract activity, like the playing of chess, would be best. It can
also be maintained that it is best to provide the machine with the best sense organs that
money can buy, and then teach it to understand and speak English. This process could
follow the normal teaching of a child. Things would be pointed out and named, etc.
Again I do not know what the right answer is, but I think both approaches should be tried.
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Legged Gym Isaac Lab MuJoCo Playground

izt
(Unity RL Playground/OmniSim)
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Legged Gym ETHzurich a 22

F&RHFBA: HRMELIIET 2 (ETH Zurich) #J Robotic Systems Lab

T—

o CitHub g SRR
https://github.com/leggedrobotics/legged_gym EEEE e E
legged_gym ey =

i Isaac Gym Environments for Legged Robots

I
i 7 A5 Watched ¢ 1.8k Starred ¥ 429 Forks

: Primary language: Python ® License: Other
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o GitHub
https://github.com/isaac-sim/lsaacLab

IsaaclLab

Unified framewaork for robot learning built on NVIDIA Isaac Sim

S 41 Watched ¥ 3k Starred ¥ 1.4k Forks

| robotics robot-learning isaac-sim omniverse-kit-extension

| Primary language: Python @ Website: https://isaac-sim.github.io/lsaacLab
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DeepMind : CAMBRIDGE
F&RBEPBA: MMMNKRFEEZT DR AdkDeepMind, ZREZKFE. SIF
O GitHub
https://github.com/google-deepmind/mujoco_playground

mujoco_playground

An open-source library for GPU-accelerated robot learning and sim-to-real transfer.

o 15 Watched ¥y 786 Starred ¥ 82 Forks

Primary Ianguage .Jupyter Motebook @  License: Apache-2.0 license
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Unity ML-Agents Q Unitye

F%&BBA: Unity Technologies
O GitHub

https://github.com/Unity-Technologies/ml-agents
ml-agents

The Unity Machine Learning Agents Toolkit (ML-Agents) is an open-source project that enables
games and simulations to serve as environments for training intelligent agents using deep
reinforcement learning and imitation learning.

7 555 Watched ¥ 17.8k Starred ¥ 4.2k Forks
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https: //glthub Com/loongOpen/Umty RL- Playground
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Stepping reflex in babies |

Cerebrum

Cerebellum

| know how to swim
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SuperPADL: Scaling Language-Directed Physics-Based
Control with Progressive Supervised Distillation )

3

Jordan Juravsky'?, Yunrong Guo!, Sanja Fidler'®, Xue Bin Peng!*
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