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Robotic Manipulation Learning in Simulation

Project Overview: (Authorised)

This project introduces fundamental robot learning techniques

for manipulation tasks using ManiSkill as the simulation
environment. We will first learn how to interact with the
simulation environment, then explore Reinforcement Learning (RL)
and Behavior Cloning (BC) algorithms to train robots on object

manipulation tasks (e.g., picking, stacking, or assembly).

Presentation Overview:

This presentation focuses on exploring robotic manipulation
learning within simulation environments, using
the ManiSkill platform as the core experimental framework. The

work is structured into four main parts:

1. Running and Rendering Simulation Environments -

Setting up CPU/GPU configurations, rendering



RGB/Depth/segmentation images, converting depth data
into 3D point clouds, and visualizing multi-task
environments.

2. Reinforcement Learning (RL) Experiments — Training both
state-based and vision-based RL agents on tasks
like PushCube-v7, analyzing the influence of key hyper
parameters (num_envs, num_steps, total timesteps) on
performance, efficiency, and stability.

3. Demonstration Data Analysis — Collecting, labelling, and
visualizing successful and failed trajectories for various
manipulation tasks (e.g., Peg Insertion, Cube Stacking,
Triangle Drawing), with implications for imitation learning
and reward design.

4. Summary & Limitations — Synthesising workflow mastery,
experimental insights, and challenges encountered, such as

GPU acceleration issues and computational constraints.
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Overall, the presentation provides a complete experimental
workflow from environment preparation to RL training, data
analysis, and interpretation, aiming to deepen understanding of
learning dynamics in robotic manipulation and offer practical

strategies for RL hyper parameters tuning.



Part 1: Set up the environment (CPU / GPU)
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1. Setup Environment
2. PeglnsertionSide-v1: Create an Environment and Run It

Utilize the "PeglnsertionSide-v1" environment within mani_skill,
execute a complete episode under the obs_mode="state" setting, and
measure the FPS (Frames Per Second) of the simulation, which
represents the number of simulation steps executed per second.
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# Visualize point clouds of multtple tasks

tasks = ["Stac :
for task in tasks
visualize_hand_camera_pointcloud(task)
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Part 2: Reinforcement Learning
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PPO (Proximal Policy Optimization)
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!mkdir -p /usr/share/vulkan/icd.d

lwget -q https://raw.githubusercontent.com/haosulab/ManiSkill/main/docker/nvidia_icd.json
1wget -q https://raw.githubusercontent.com/haosulab/ManiSkill/main/docker/10_nvidia.json
!mv nvidia_icd.json /usr/share/vulkan/icd.d

inv 16_nvidia.json /usr/share/glvnd/egl_vendor.d/10_nvidia.json

lapt-get update & apt-get install -y --no-install-recommends libvulkan-dev

The ObjeCtive of the code Ipip install --upgrade mani_skill tyro torch
. . # Install ManiSkill and the necessary libraries
below is to configure GPU ’

. . . eoe

support and install ManiSkill,

. twget https://raw.githubusercontent.cc ain/examples/bas po/ppo.py -0 ppo
preparlng to run I'elevant twget https://raw.githubuserconte ain/examples/bas 0/ppo_rgb.py -0

. . ppo_rgb.py
robot]c learnlng or #0btain two predefined sample scripts from the remote repository to facilitate the execution of thes
. . scripts in the local environment or the environment for learning, testing, or further development.

reinforcement learning tasks ece
on Colab, from IPython.display import Video

# Import the Video class provided by IPython for embedding and
displaying video content in Google Colab.

Through Video, it is easy to insert local or network video files
into the notebook and preview or play them.

d_ext tensorboard
tensorboard --logdir runs

# Used for loading and starting the TensorBoard tool
to visualize the machine learning training process
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!python ppo.py --env_id="PushCube-v1" --exp-name="state-pushcube" \

--num_envs=1280 --update_epochs=8 --num_minibatches=32 \

--total_timesteps=2000_000 --eval_freq=8 --num-steps=128
#--env_1id="PushCube-v1": The push cube task with the specified training environment as ManiSkill.
--exp-name="state-pushcube": Experiment name, used for saving logs and videos.
--num_envs=1280: The number of parallel environments (significantly accelerating training).
--update_epochs=8: The number of iterations during each strategy update.
--num_minibatches=32: The number of small batches of data divided.
--total_timesteps=2000_000: Total training steps (2 million).
--eval_freq=8: Conduct an assessment (generate a video) every 8 updates.
--num-steps=128: Conduct an assessment (generate a video) every 8 updates.
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2)  Visual-Based RL
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Ipython ppo_rgb.py --env_id="PushCube-v1" --exp-name="rgb-pushcube" \
--total_timesteps=1500_000 ---num_envs=1024 --update_epochs=5 --num_minibatches=32 --

eval_freq=10 --num-steps=128

#Train a reinforcement learning model based on RGB visual input using the PPO (Proximal Policy

Optimization) algorithm to solve the PushCube-v1 (PushCube) task in the ManiSkill environment

Ipython ppo_rgb.py --env_id="PushCube-v1" \
--evaluate --checkpoint=runs/rgb-pushcube/ckpt_41.pt \
--num_eval_envs=1 --num-eval-steps=100#Evaluate: Generate more evaluation trajectories
and then use trajectory playback tools to play them back to show what the actual visual input
looks like and how trained reinforcement learning (RL) agents utilize these inputs to solve tasks.

Ipython -m mani_skill.trajectory.replay_trajectory \
--traj-path=/content/runs/rgb-pushcube/test_videos/trajectory.h5 --use-env-states \
--render-mode="sensors" --save-video --allow-failure# Re-run the trajectory we generated above

using the playback tool and save a video using the sensor rendering mode.

Video("runs/rgb-pushcube/test_videos/1.mp4", embed=True, width=256)
# Directly embed and play the test videos generated during the training process
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