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Introduction
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Introduction

« BXTZRobot Simulator® iERE
— ARy FRRT7OBTCHEFICYTZE 2L —> 3 VR AT IFEHFA
DIGANRER T, RGBEIRIZMAHL S L mEE kBT A KD
5 71 % [Handa et al.2023]
—- B DGPUY I 2 L — & (Issac ¥ Mujoco’'s MIX73: &) (213,
BWHIIRIB S EICERDIRAEZY I 2L —2 3T eI L
VR T T O BRBED R L

=>GPUZ AL &K YBIENLZS I 2 L—2 3 VBIE TManiskill3] ZiRs




Agenda

LTO&EY TRNMLET

Introduction

Related Work

ManiSkill3‘s Features

Limitation

Conclusion




Related Work & @ LL 8
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& & ¥ P s ® &
Feature <+ s < Nig O ¥ o
GPU Parallelized v v X X X X X
Simulation
GPU Parallelized v v X X X X X
Rendering
Heterogeneous v X X X X X X
GPU Parallelized
Simulation
Large Scale v X v v X X X
Demonstrations
Realistic  Object v v v v v X X
Physics
Photorealistic v v v X v X X
Rendering
Room-Scale v v v X v v v
Scenes
Visual RL Base- v v X X X v v
lines
Trajectory re- v X X X X X X
play/conversion
Task Categories 12 5 2 1 2 1 1
Interactive GUI v v X X X v X

Table 1: Comparison of major features across different open-source robotics frameworks/tools
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ManiSkill3 vs Issac Lab
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CartpoleBalanceBenchmark-v1: FPS with 1x 640x480 Depth Cameras CartpoleBalanceBenchmark-v1: FPS with 1x 640x480 RGB Cameras
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Figure 3: GPU Simulation+Rendering of RGB/Depth speeds of the Cartpole environment with a
640x480 resolution camera in ManiSkill3 and Isaac Lab. Annotated numbers indicate GPU memory
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ManiSkill3 vs Issac Lab
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Figure 20: Comparison of ManiSkill3 (Top row) and Isaac Lab (Bottom row) parallel rendering
640x480 RGB+Depth image outputs of the Franka Panda arm.
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Description

Values are the product of proper system identification
Values are realistic, but have not been properly identified

Stable, but some values are unrealistic

Conditionally stable, can be significantly improved
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ManiSkill

drawer = cabinet.find_link_by_name(“drawer")

qpos = drawer.joint.qpos

drawer_pos = drawer.pose.p

handle_mesh_local_pos = drawer.generate_mesh(
filter=lambda _, shape: shape.name == “handle",
mesh_name="handle"

)[@].bounding_box.center_mass

target_gripper_pos = drawer_pos +

handle_mesh_local_pos

success = qpos > 0.5

IsaacLab

drawer_link_idx = cabinet.find bodies(*drawer*)[8]
[0]

joint_idx =
cabinet.find_joints("cabinet_handle_joint")[0]

# note IsaaclLab also does not have a usable API for
# sampling meshes so they hardcode mesh positions
handle_mesh_local_pos = torch.tensor([0.3, 0.81,
0.6])

handle_mesh_local_pos =
drawer_local_grasp_pos.repeat((self.num_envs, 1))
gpos = cabinet.data.joint_pos[:, joint_idx]
drawer_pos = cabinet.data.body pos_w[:,
drawer_link_idx]

target_gripper_pos = drawer_pos +
handle_mesh_local_pos

success = qpos > 0.5

IsaacGymEnvs

# calls to self.gym, self.cabinet_dof_indexes, etc.

are computed/setup

# elsewhere and excluded as they take up a lot of

space and are hard to read

rigid_body_tensor =

self.gym.acquire_rigid_body_state_tensor(self.sim)

rigld_body_states =

gymtorch.wrap_tensor(rigid_body_tensor).view(self.nu

m_envs, -1, 13)

dof_state_tensor =

self.gym.acquire_dof_state_tensor(self.sim)

drawer_handle =

self.gym.find_actor_rigid_body_handle(
self.env_ptr, cabinet_actor, "drawer")

# note IsaacGymEnvs does not have a usable API for

# sampling meshes so they hardcode mesh positions

handle_mesh_local_pose = gymapi.Transform()

handle_mesh_local_pose.p =

gymapi.Vec3(*get_axis_params(0.01, grasp_pose_axis,

0.3))

handle_mesh_local_pos = to_torch(
[drawer_local_grasp_pose.p.x,

drawer_local_grasp_pose.p.y,
drawer_local_grasp_pose.p.z],
device=self.device

).repeat((self.num_envs, 1))

cabinet_dof_state = dof_state_tensor.view(num_envs,

-1, 2)[:, self.cabinet_dof_indexes)

cabinet_dof_pos = cabinet_dof_state[..., 0]

qpos = cabinet_dof_pos[:, 3] # hardcoded index for

the drawer joint

drawer_pos = rigid_body_states[:, drawer_handle][:,

0:3]

target_gripper_pos = drawer_pos +

handle_mesh_local_pos

success = qpos > 8.5
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Limitation
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CartpoleBalanceBenchmark-v1: rgb FPS vs Number of Parallel Envs. 1x128x128 Camera CartpoleBalanceBenchmark-v1: rgb FPS vs Number of Parallel Envs. 1x512x512 Camera
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Limitation
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