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xi



Kalyan Sunkavalli, Hao Su). The dissertation author was the primary investigator and author of

this paper.

Chapter 4, in full, is a coauthored/unpublished technical report: “Building a General

Embodied AI Simulation Framework” (Fanbo Xiang, Stone Tao, Xiaodi Yuan, Ang Li, Yulin

Liu, Zhiao Huang, and Hao Su). The dissertation author was the primary investigator and author

of this material.

xii



VITA

2014-2018 Bachelor of Science, University of Illinois Urbana-Champaign

2018-2020 Master of Science, University of California San Diego

2020-2024 Doctor of Philosophy, University of California San Diego

PUBLICATIONS

[1] Weihang Chen, Jing Xu, Fanbo Xiang, Xiaodi Yuan, Hao Su, and Rui Chen. General-
purpose sim2real protocol for learning contact-rich manipulation with marker-based visuo-
tactile sensors. IEEE Transactions on Robotics, 40:1509–1526, 2024.

[2] Jiayuan Gu, Fanbo Xiang, Xuanlin Li, Zhan Ling, Xiqiang Liu, Tongzhou Mu, Yihe Tang,
Stone Tao, Xinyue Wei, Yunchao Yao, Xiaodi Yuan, Pengwei Xie, Zhiao Huang, Rui Chen,
and Hao Su. Maniskill2: A unified benchmark for generalizable manipulation skills. In
The Eleventh International Conference on Learning Representations, 2023.

[3] Xiaoshuai Zhang, Rui Chen, Ang Li, Fanbo Xiang, Yuzhe Qin, Jiayuan Gu, Zhan Ling,
Minghua Liu, Peiyu Zeng, Songfang Han, Zhiao Huang, Tongzhou Mu, Jing Xu, and
Hao Su. Close the optical sensing domain gap by physics-grounded active stereo sensor
simulation. IEEE Transactions on Robotics, 39(3):2429–2447, 2023.

[4] Pengwei Xie, Rui Chen, Siang Chen, Yuzhe Qin, Fanbo Xiang, Tianyu Sun, Jing Xu, Guijin
Wang, and Hao Su. Part-guided 3d rl for sim2real articulated object manipulation. IEEE
Robotics and Automation Letters, 8(11):7178–7185, 2023.

[5] Ziyuan Liu, Wei Liu, Yuzhe Qin, Fanbo Xiang, Minghao Gou, Songyan Xin, Maximo A.
Roa, Berk Calli, Hao Su, Yu Sun, and Ping Tan. Ocrtoc: A cloud-based competition and
benchmark for robotic grasping and manipulation. IEEE Robotics and Automation Letters,
7(1):486–493, 2022.

[6] Kaichun Mo, Yuzhe Qin, Fanbo Xiang, Hao Su, and Leonidas Guibas. O2o-afford:
Annotation-free large-scale object-object affordance learning. In Aleksandra Faust, David
Hsu, and Gerhard Neumann, editors, Proceedings of the 5th Conference on Robot Learning,
volume 164 of Proceedings of Machine Learning Research, pages 1666–1677. PMLR,
08–11 Nov 2022.

[7] Tongzhou Mu, Zhan Ling, Fanbo Xiang, Derek Yang, Xuanlin Li, Stone Tao, Zhiao Huang,
Zhiwei Jia, and Hao Su. Maniskill: Generalizable manipulation skill benchmark with
large-scale demonstrations. In NeurIPS Datasets and Benchmarks, 2021.

xiii



[8] Fanbo Xiang, Zexiang Xu, Milos Hasan, Yannick Hold-Geoffroy, Kalyan Sunkavalli, and
Hao Su. Neutex: Neural texture mapping for volumetric neural rendering. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pages
7119–7128, June 2021.

[9] Anpei Chen, Zexiang Xu, Fuqiang Zhao, Xiaoshuai Zhang, Fanbo Xiang, Jingyi Yu, and
Hao Su. Mvsnerf: Fast generalizable radiance field reconstruction from multi-view stereo.
In Proceedings of the IEEE/CVF International Conference on Computer Vision (ICCV),
pages 14124–14133, October 2021.

[10] Fanbo Xiang, Yuzhe Qin, Kaichun Mo, Yikuan Xia, Hao Zhu, Fangchen Liu, Minghua
Liu, Hanxiao Jiang, Yifu Yuan, He Wang, Li Yi, Angel X. Chang, Leonidas J. Guibas, and
Hao Su. Sapien: A simulated part-based interactive environment. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), June 2020.

xiv



ABSTRACT OF THE DISSERTATION

Building a Simulation Platform for Embodied AI

by

Fanbo Xiang

Doctor of Philosophy in Computer Science

University of California San Diego, 2024

Professor Hao Su, Chair
Professor Sicun Gao, Co-Chair

Embodied AI, the study of intelligent agents that interact with their surroundings to

solve challenging tasks, is a crucial step toward building robotic agents that match or surpass

human capabilities. While simulators offer scalable, reproducible, and safe methods for studying

embodied AI, existing simulation frameworks often fall short in terms of features, extensibility,

and the availability of simulation assets. In this dissertation, I present our efforts to advance

simulation frameworks that improve performance and reduce sim-to-real domain gaps, as well

as our methods for collecting 3D assets through annotation and 3D capture.

One of the most significant challenges in developing simulation environments for embod-
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ied AI and manipulation tasks is the scarcity of high-quality simulation assets. To this end, we

create a large-scale articulated object dataset, PartNet-Mobility, and develop an accompanying

simulator, SAPIEN, to support the simulation and rendering for articulated body manipula-

tion environments. PartNet-Mobility and SAPIEN have enabled research on various problems,

including part motion prediction and generalizable articulation manipulation.

The lack of content in embodied AI simulations has motivated our exploration of 3D

capture techniques to obtain assets by capturing real-world objects. We have developed the

first neural capture technique capable of disentangling 2D appearance maps from 3D geometry,

bringing neural capture closer to producing content directly usable in embodied AI simulators.

In addition, our method can be extended to capture spatially-varying material parameters under

controlled lighting conditions, an essential feature for accurately rendering captured objects.

Finally, we provide significant enhancements to the SAPIEN simulator, transforming it

into a comprehensive embodied AI simulation platform. This platform now includes a many-

world rendering architecture that achieves state-of-the-art performance, heterogeneous parallel

simulation to support the study of generalizable manipulation with fast GPU simulation, physics-

grounded simulation for depth sensors with small sim-to-real domain gaps, and various usability

features such as graphical interfaces and virtual reality support.
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Chapter 1

Introduction

Embodied Artificial Intelligence (Embodied AI) studies intelligent agents with a “body”.

The goal is to create agents capable of solving challenging tasks that require interaction with

the physical world. This field represents a crucial step toward developing general intelligent

agents that can match or surpass human abilities, an ultimate aspiration of artificial intelligence.

While this goal seems overly far-reaching and all-encompassing at first, rapid advancements

in computer vision, natural language processing, reinforcement learning, and other fields have

demonstrated superhuman performance on crucial tasks foundational to embodied AI, such as

object recognition, language understanding, and playing interactive games. These breakthroughs

have propelled embodied AI to the forefront of AI research.

In this chapter, I first introduce the formulation of embodied AI and the motivation

behind developing embodied AI simulators and assets. I then outline the key challenges in

creating simulation frameworks, collecting assets, and constructing task environments. Finally, I

summarize the work that will be discussed in the subsequent chapters.

1.1 Embodied AI Background

1.1.1 Problem Formulation

In the field of embodied AI, researchers commonly model tasks with the Markov deci-

sion process (MDP), popularized by reinforcement learning and control theories. A discrete
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Markov decision process is a 4-tuple (S,A,T,R) where S is the state space; A is the action

space; T : S ×A→ ∆(S) is the probabilistic transition function where ∆(X ) denotes the set

of all probability distributions over set X . R : S ×A×S → R is the reward function. In

practice, agents cannot observe the full state space S, and thus the observation space O and

conditional observation function O : s → ∆(O) are introduced, forming the partially-observable

MDP (POMDP). Additionally, discount factor γ is introduced to favor immediate rewards; time

horizon H is introduced to limit the maximum episode length; and ρ ∈ ∆(S) represents the initial

state distribution.

A policy for a POMDP is a probabilistic function π : O → ∆(A). Starting from the

initial state s0 ∼ ρ , we obtain a trajectory following environment transition and the policy:

o0 ∼ O(s0),a0 ∼ π(o),s1 ∼ T (s0,a0),o1 ∼ O(s1), . . . ,sH ∼ T (sH−1,aH−1), known as a rollout

of the policy π . The goal of solving a POMDP is to find the optimal policy that maximizes the

expected return Eπ

[
∑

H−1
t=0 γ tR(st ,at ,st+1)

]
. The reward function implicitly defines the goal of

the embodied AI task.

1.1.2 Embodied AI Simulators

Simulators and virtual environments have played a central role in the development

of embodied AI and relevant reinforcement learning algorithms. The starting point of deep

reinforcement learning, Deep Q-Network [91], is developed based on Atari game environments.

Other influential deep RL algorithms, including Proximal Policy Optimization (PPO) [125],

Deep Deterministic Policy Gradient (DDPG) [74], and Soft Actor-Critic (SAC) [45], are all

developed and benchmarked with Gym [10] environments based on the rigid body simulator

MuJoCo [144].

An embodied AI simulator for robotics tasks typically consists of 2 core components, a

physical engine and a rendering engine. The physical engine models the environment dynamics

(generating next state st+1 based on current state st and action at) and provides sensory obser-

vations (ot from st) that can be easily computed from the simulation state, such as robot joint
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positions, force/torque readings, and contact points. The rendering engine generates observations

from image sensors such as RGB cameras and LiDARs, which are complex to compute and

require specialized rendering software and hardware.

Simulators present several clear advantages over real-world robotic systems. First,

training agents in the real world demands substantial physical resources, including robot hardware

and experimental spaces, as well as expert human operators to continuously fix hardware issues

and repeatedly reset the environment to an initial state. Next, simulators are not limited by

the speed of real-world physics and could significantly accelerate policy training with modern

computing hardware. Moreover, simulators provide privileged ground-truth information useful

for model training and evaluation unobtainable in the real world, such as exact object poses and

ground-truth depth images.

Simulator usage in the field of embodied AI can be classified into three 3 categories.

Firstly, they serve as testbeds for developing and benchmarking learning algorithms, as demon-

strated by the examples discussed above. Most Gym environments used to train RL algorithms

may not closely resemble real-world robotic setups, but they address general challenges in MDPs,

thereby facilitating the development of general RL algorithms. Since the trained agents are not

intended for deployment in the real world, these simulations should prioritize performance over

realism while maintaining the key challenges of the problem setups. This approach allows for

faster training and quicker iterations on algorithm design while avoiding oversimplifying the

problem. Secondly, simulators are used as a model, or digital twin of the real world environment

in many recent works in locomotion [106, 138] and manipulation [103, 19]. In these works, a

replica of the real-world environment is created in virtual space, and agents trained in simulation

are then deployed in the real world. Since it is infeasible to perfectly model the real world in

a simulation, the training and deployment process of agents must be adapted to minimize the

impact of the domain gap—a process known as sim-to-real. Common sim-to-real approaches

include domain randomization where simulation parameters are randomized to train a more

robust policy, system identification where simulation parameters are identified with real data,
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and fine-tuning in the real world. In this application, the realism of the simulation is crucial,

as it directly influences the domain gap and the difficulty of the sim-to-real process. Finally,

some simulators such as Gazebo [64] are specifically designed to replicate real-world robotic

setups, allowing for safe testing of algorithm deployments without using real hardware, and for

reverse-engineering black-box systems.

1.2 Challenges in Simulation Framework Construction

The construction of simulation frameworks faces a wide range of challenges, as it

involves integrating and unifying knowledge from physical simulation, rendering, 3D asset

acquisition, and machine learning to achieve goals such as simplifying the design of learning

environments, accelerating algorithm prototyping, scaling up interactive data collection, and

minimizing sim-to-real domain gaps. In this section, I detail major challenges in simulation

framework construction from the following aspects: engine architecture, physical simulation,

rendering, and asset acquisition.

1.2.1 Engine Architecture

Simulation framework is the key software that implements low-level physics and ren-

dering engine and connects them to high-level embodied AI environment. The design of the

simulation framework directly affects features, client APIs, and modeling procedures accessible

by developers for high-level learning environments. The RLBench [58] environment relies on the

CoppeliaSim [117] framework, which supports Bullet [28] and ODE [132] as physical simulators

and implements OpenGL-based renderer. CoppeliaSim, and consequently RLBench, provides

an excellent interactive UI for creating and exploring environments but requires extensions to

be implemented in Lua and C++, which can make customization challenging for the largely

Python-based learning community. ThreeDWorld [37], AI2-THOR [65] and VirtualHome [109]

rely on the Unity game engine for rendering, using Unity’s built-in renderer, and for physical

simulation through NVIDIA PhysX [100] and various community plugins. Unity offers con-
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venient scene authoring tools and a large creator community, but it is designed primarily for

game creation rather than embodied AI, missing many crucial performance optimizations, such

as GPU simulation and batched rendering. Habitat [121] does not rely on an external simulation

framework and directly uses Bullet physics and an in-house OpenGL renderer. This design offers

high performance but is more challenging to extend and maintain since the low-level system

is tailored to a specific application. Recently, NVIDIA offered the GPU simulation framework

IsaacSim used by IsaacLab [90] and BEHAVIOR-1K [70]. However, the system integrates with

a closed ecosystem, restricts modifications to the simulation and rendering engines, and supports

a limited range of hardware.

Analysis of existing systems reveals several important dimensions to consider in the

design of a simulation framework for embodied AI. First, the framework needs to support easy

modifications to adapt to the rapidly growing field. Second, it should provide user-friendly

graphical and programming interfaces accepted by the learning community. Third, it should be

designed and optimized specifically for the field of embodied AI. Finally, it is essential to select

physical and rendering engines whose features align with intended use cases.

1.2.2 Physical Simulation

Physical simulation in embodied AI typically refers to collision checking, kinematics

computation, and dynamics computation. In general, simulating physical phenomena of higher

fidelity or complexity requires more computation, and thus designers of simulation frameworks

and environments need to consider what level of physics to simulate. For example, Habitat [121]

is designed for training agents to navigate static scenes, and only collision checking is imple-

mented. ALFRED [127] introduces high-level instruction following into navigation and supports

interacting with objects with discrete commands such as pick and place, where objects are tele-

ported to and from the agent. Habitat 2 [137] and ManipulaTHOR [33] add dynamic simulation

to robots and objects but do not simulate complex contact forces such as friction. IsaacGym [81]

and robosuite [171] are designed to study dynamic locomotion and manipulation and support
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full rigid body dynamics. SoftGym [75] and PlasticineLab [54] enable the study of deformable

material and fluids by bringing particle dynamics into embodied AI simulators.

1.2.3 Rendering

Rendering is the process of synthesizing images from synthetic models, materials, and

lighting. Different embodied AI applications demand varying rendering workloads. For example,

environments designed to validate the feasibility of algorithms with visual inputs favor speed over

photorealism. However, when deploying visual policies in the real world, the sensor simulation

should be as realistic as possible. Therefore, an embodied AI simulation framework should

support a wide range of rendering modes, including both fast rasterization and realistic ray

tracing. While mature rendering solutions exist in the game and movie industries, these solutions

are optimized for rendering a single scene. Embodied AI environments are commonly used in

batches with hundreds or thousands of scenes, necessitating a redesign of the rendering system to

achieve good performance. Finally, versatility is another important consideration for renderers,

as 3D object representation and capturing continuously evolve, the renderer also needs to be

updated to support these new techniques.

1.2.4 Asset Acquisition

Obtaining simulation assets, including 3D object models, visual materials, scene layouts,

and part semantics, is one of the most significant challenges in embodied AI simulation frame-

works. Even with highly advanced physical and rendering technology, the tasks supported by

the simulator are ultimately limited by what asset is available. While there exists large-scale 3D

object datasets such as ShapeNet [18] and Objaverse [31], the models vary greatly in geometry

and visual quality. These models also lack physical material and part-motion information, which

are necessary for realistic physical simulation.

An alternative approach to simulation asset acquisition is by capturing real-world ob-

jects. This direction is especially promising given the rapid advancements in neural capturing
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techniques [89, 97, 63] and the increasing availability of 3D scanning software and hardware

on consumer devices. However, applying 3D captures in embodied AI simulators faces several

challenges. First, many capture methods utilize non-conventional 3D representations that do

not directly map to existing simulation and rendering software. Methods for converting these

representations into conventional ones with minimal loss of quality, or novel simulation and

rendering methods that can directly accept these representations, need to be researched. Second,

3D capturing methods may only capture the color or lighting of the scene without disentangling

visual material from lighting, which is necessary for rendering them under different lighting

conditions.

1.3 Overview of Techniques and Contributions

To address the challenges discussed above, I introduce three works in this dissertation,

covering 3D dataset construction, asset capture, and simulation framework construction to create

a fully-featured simulation platform to support current and future research in embodied AI.

The first work (Chapter 2) details our effort to create the first embodied AI simulation

framework to support generalizable manipulation of articulated objects. Most importantly,

we address the lack-of-content problem by collecting the first large-scale simulation-ready

articulated object dataset PartNet-Mobility, including part annotation, visual textures, motion

axis, and motion ranges for more than 2k objects. The dataset has made many research problems

feasible, including motion axis prediction and generalizable part manipulation. Accompanying

the dataset, we developed the first prototype of our simulation framework, SAPIEN, where we

integrated CPU-based rigid and articulated object physical simulation, implemented rasterized

and ray-traced rendering with limited customization support, and provided a robotic interface

through the Robot Operating System (ROS).

The second work (Chapter 3) handles 3D asset acquisition through neural capturing.

We were motivated by the fact that the popular neural capture method NeRF [89] relies on 3D
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volumetric representations, while most simulation and rendering techniques use 2D surface

representations. In this work named NeuTex, we took the first step towards bridging 3D and

2D representations by explicitly disentangling object geometry represented as 3D volume from

object appearance represented as a 2D texture map. This work is the first to recover surface-aware

texture parametrization and enables 2D appearance editing. In addition, we provide an extension

to capture 2D visual material parameters, such as albedo and roughness, under controlled lighting

conditions. This allows the captured objects to respond to different lighting conditions.

The third work (Chapter 4) is a technical report for the latest progress on our simulation

platform SAPIEN after years of continuous development and maintenance. This report covers

techniques developed to support multiple published research and new systems that achieve

state-of-the-art simulation and rendering performance and sim-to-real capabilities. In particular,

we discuss various new features that significantly improve the performance, realism, or usability

of the current SAPIEN system, including the heterogeneous parallel simulation where we

support efficient simulation of significantly different environments in parallel using GPU-based

physical simulator, a novel many-world rendering architecture that achieves the highest rendering

throughput, deformable body simulators based on material-point method and the finite-element

method to support more manipulable material types, physics-grounded active stereo and LiDAR

sensor simulations that show minimal sim-to-real domain gaps, cross-platform software support,

and convenient user interfaces including GUIs and virtual reality (VR). Our platform could

bring boosts in performance, simplification in architecture, and improvements in sim-to-real for

embodied AI tasks in general.
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Chapter 2

Building a Simulator for Generalizable
Articulated Object Manipulation

Building home assistant robots has long been a goal for vision and robotics researchers.

To achieve this task, a simulated environment with physically realistic simulation, sufficient

articulated objects, and transferability to the real robot is indispensable. Existing environments

achieve these requirements for robotics simulation with different levels of simplification and

focus. We take one step further in constructing an environment that supports household tasks for

training robot learning algorithm. Our work, SAPIEN, is a realistic and physics-rich simulated

environment that hosts a large-scale set of articulated objects. SAPIEN enables various robotic

vision and interaction tasks that require detailed part-level understanding.We evaluate state-of-the-

art vision algorithms for part detection and motion attribute recognition as well as demonstrate

robotic interaction tasks using heuristic approaches and reinforcement learning algorithms. We

hope that SAPIEN will open research directions yet to be explored, including learning cognition

through interaction, part motion discovery, and construction of robotics-ready simulated game

environment.

2.1 Introduction

To achieve human-level perception and interaction with the 3D world, home-assistant

robots must have the capability to use perception to interact with 3D objects [29, 164, 114]. For
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Figure 2.1. Robot-object Interaction in SAPIEN. We show the ray-traced scene (top) and
robot camera views (bottom): RGB image, surface normals, depth and semantic segmentation of
motion parts, while a robot is learning to operate a dishwasher.

a robot to help put away groceries, it must be able to open the refrigerator by locating the door

handle, pulling the door and fetching the target objects.

One direct way to address the problem is to train robots by interacting with the real

environment [83, 13, 69]. However, training robots in the real world could be very time con-

suming, costly, unstable, and potentially unsafe. Moreover, a slight perturbation in hardware or

environment setup can result in different outcomes in the real world, thus inhibiting reproducible

research. Researchers, therefore, have long used simulated environments for tasks such as

navigation [120, 157, 121, 4, 11, 154, 44, 157] and control [64, 117, 144, 28].

Constructing simulated environments for robot learning with transferability to the real
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Table 2.1. Comparison to other Simulation Environments. Habitat [121] is a representative
for navigation environments, which include Gibson [157, 156], Minos [120] and others; they
primarily use static physics but are starting to add interactions very recently. AI2-THOR [65]
is a representative for game-like interactive environments; these environments usually support
navigation with limited low-level object interactions. OpenAI Gym [10] and RLBench [58]
provide interactive environments, but the use of commercial software limits their customizability.

Environment Level Physics Rendering Tasks Interface

Habitat [121]* Scene Static+ Real Photo Navigation, Vision Python, C++
AI2-THOR [65]* Scene-Object Dynamic Unity Navigation+, Vision Python, Unity
OpenAI Gym MuJoCo [10] Scene-Object Dynamic OpenGL(fixed) Learning, Robotics Python
RLBench[58] Scene-Object Dynamic V-REP, PyRep Learning, Vision, Robotics Python, V-REP

SAPIEN Scene-Object-Part Dynamic Customizable Learning, Vision, Robotics Python, C++

world is a non-trivial task. It faces challenges from four main aspects: 1) The environment needs

to reproduce the real-world physics to some level. As it is still infeasible to simulate real-world

physics exactly, any physical simulator needs to decide the level-of-details and accuracy it

operates on. Some approximate physics by simulating rigid bodies and joints[100, 144, 28];

some handle soft deformable objects [144, 28]; and others simulate fluid [144, 122]. 2) The

environment should incorporate the simulation of real robots, including the behaviors of real

robotics manipulators, sensors and controllers [95]. Only this can enable seamless transfer to the

real-world after training. 3) The environment needs to produce physically accurate renderings to

mitigate the visual domain gap. 4) Most importantly, the environment requires sufficient content,

scenes and objects for the robot to interact with, since data diversity is critical for training and

evaluating learning-based algorithms. The content also determines how much we shall address

challenges in the previous tasks: data with soft objects such as cloth requires deformable body

simulation; translucent objects require special rendering techniques, and specific robot requires a

specific interface.

Existing environments achieve these requirements for robotics simulation with different

levels of simplification and focus. For example, OpenAI Gym [10] provides an interactive

and easy-to-use interface; Gibson [157] and AI Habitat [121] use photorealistic rendering for

semantic navigation tasks. A more detailed discussion of popular environments can be found in
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Sec 2.2. These environments can support the benchmarking and training of down-stream tasks

such as navigation, low-level control, and grasping. However, from the perspective of tasks,

there still lacks environments that target at object manipulation of daily objects, a basic skill of

household robots. In a household environment, a great portion of daily objects are articulated and

require manipulation: bottles with caps, ovens with doors, electronics with switches and buttons.

Notably, RLBench [58] provides well-defined robotics tasks and realistic controller interface

with detailed manipulation demonstration, but it lacks diversity in its simulated scenarios.

We take one step further in constructing an environment that supports the manipulation

of diverse articulated objects. Our system, SAPIEN, is a realistic and physics-rich simulated

environment that hosts a large set of articulated objects. At the core of SAPIEN are three

main components: 1) SAPIEN Engine, an interaction-rich and physics-realistic simulation

environment integrating PhysX physical engine and ROS control interface; this engine supports

accurate simulation of rigid body and joint constraints for simulation of articulated objects. 2)

SAPIEN Asset, including PartNet-Mobility dataset, which contains 14K movable parts over

2,346 3D articulated models from 46 common indoor object categories, richly annotated with

kinematic part motions and dynamic interactive attributes; 3) SAPIEN Renderer, with both

fast-frame-rate OpenGL rasterizer and more photorealistic ray-tracing options. We demonstrate

that SAPIEN enables a large variety of robotic perception and interaction tasks by benchmarking

state-of-the-art vision algorithms for part detection and motion attribute recognition. We also

show a variety of robotic interaction tasks that SAPIEN supports by demonstrating heuristic

approaches and reinforcement learning algorithms.

2.2 Related Work

Simulation Environments.

In recent years, there has been a proliferation of indoor simulation environments pri-

marily designed for navigation, visual recognition and reasoning [120, 154, 157, 121, 4]. Static

environments, based on synthetic scenes [154] or real-world RGB-D scans [4] and reconstruc-
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tions [120, 157, 121], are able to provide images that closely resembles reality, minimizing

the domain gap in the visual aspect. However, they usually offer very limited or no object

interactions, failing to capture the dynamic and interactive nature of the real world.

To allow for more interactive features in environments, researchers leverage partial

functionalities of game engines or physics engine to provide photorealistic rendering together

with interactions [115, 94, 65, 109, 11, 161, 38, 67]. When agents interact with objects in these

environments, it is via high level state changes triggered by explicit commands (e.g. “open

refrigerator”), or proximity (e.g. refrigerator door opens when the robot or robot arm is next to

the trigger region). In addition, the underlying physics is often over-simplified, for instance, to

directly exert force and torque. While they allow for research on high-level object interactions,

they cannot close the gap between high-level instructions and low-level dynamics since they

fail to include accurate simulation of articulated robots and objects. This limits the use of such

simulators for learning of detailed low-level robot-object interactions.

Finally, there are environments that integrate full-featured physics engines. These envi-

ronments are favored in continuous control and reinforcement learning tasks. OpenAI Gym [10],

RLLAB [32], DeepMind Control Suite [140] and DoorGym [146] integrate MuJoCo physical

engine to provide RL environments. Arena [135], a platform that supports multi-agent envi-

ronments, is built on top of Unity [60]. PyBullet [28], a real-time physics engine with Python

interface, powers a series of projects focusing on robotics tasks [167, 80]. Gazebo [64], a

high-level visualization and modeling package, is widely used in robotics community [88, 55].

Recently, RLBench [58], a benchmark and physical environment for robot learning, uses V-

REP [117] as the backend to provide diverse tasks for robot manipulation. Our environment,

SAPIEN engine, is directly based on the open-source Nvidia PhysX API [100], which has

comparable performance and interface with PyBullet, and avoids the unnecessary complication

introduced by game engine infrastructures, or any barriers from commercial software such as

MuJoCo and V-REP. Table 2.1 provides a brief summary of several representative environments.

One bottleneck of these robotic simulators is their limited rendering capability, which
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Table 2.2. Comparison of Articulated Part Datasets. *RBO is collected in real-world with
long video sequences.

Dataset #Categories #Models #Motion Parts

Shape2Motion[151] 45 2,440 6,762
RPM-Net[163] 43 949 1,420

Hu et. al.@ [50] - 368 368
RBO*[84] 14 14 21

Ours 46 2,346 14,068

creates a gap between simulation and the real world. Another limitation of many of these

environments, including RLBench [58] and DoorGym [146], is that they are very task-centric,

designed to work for only a few predefined tasks. The SAPIEN simulator, equipped with 2,346

3D interactive models from 46 object categories and flexible rendering pipelines, provides robot

agents a virtual environment for learning a large set of complex, diverse and customizable robotic

interaction tasks.

Simulation Content.

Navigation environments typically use datasets providing real-world RGB-D scans [157,

17, 136], and/or high-quality synthetic scenes [134]. Simulation environments that leverage

game engines [115, 94, 11, 38, 65] come with manually designed or procedurally generated game

scenes. For environments with detailed physics and reinforcement learning support [10, 140, 32],

they usually support very few scenarios with simple objects and robot agents. Notably, RL-

Bench [58] provides a relatively large robot learning dataset with varied tasks. To address the lack-

of-content problem, our work provides a large-scale simulation-ready dataset, PartNet-Mobility

dataset, that is constructed from 3D model datasets including PartNet [92] and ShapeNet [18].

There are also shape part datasets with part articulation annotations. Table 2.2 summarizes

recent part mobility datasets. The RBO dataset [84] is a collection of 358 RGB-D video

sequences of humans manipulating 14 objects which are reconstructed as articulated 3D meshes.

The meshes have detailed part motion parameters and have realistic textures. Other datasets
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Figure 2.2. SAPIEN Simulator Overview. The left box shows SAPIEN Renderer, which takes
custom shaders and scene information to produce images such as RGB-D and segmentation.
The middle box shows SAPIEN Engine, which integrates PhysX simulator and ROS control
interface that enables various robot actions and utilities. The right box shows SAPIEN Asset,
which contains the large-scale PartNet-Mobility dataset that provides simulatable models with
part-level mobility.

annotate 3D synthetic CAD models with articulation information. Hu et. al.@ [50] introduced a

dataset of 368 mobility part articulations with diverse types. RPM-Net [163] provides another

dataset with 969 objects and 1,420 mobility units. Shape2Motion [151] provides a dataset of

2,440 objects and 6,762 movable parts for mobility analysis, but it does not provide RGB textures

and motion limits that hinders physical simulation. Compared to these datasets, our dataset

contains comparable number of objects (2,346), but with much more movable part annotations

(14,068). Besides, our models have textures and motion range limits, which are crucial for the

dataset to be simulatable.

2.3 SAPIEN Simulation Environment

SAPIEN aims to integrate state-of-the-art physical simulators, modern graphics rendering

engines, and user-friendly robotic interfaces into a unified framework (Figure 2.2), to support a

diverse set of robotic perception and interaction tasks. We develop the environment with C++ for

efficiency and provide Python wrapper API for ease-of-use at the user end. Below we detailedly

introduce the three main components: SAPIEN engine, SAPIEN asset and SAPIEN renderer.
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2.3.1 SAPIEN Engine

We use the open-source Nvidia PhysX physical engine to provide detailed robot-object

interaction simulation. The system provides Robot Operating System (ROS) supports that are

easy-to-use for end-stream robotic research. We provide both synchronous and asynchronous

modes of simulation to support reinforcement learning training and robotics tasks.

Physical Simulation.

We choose PhysX 4.1 [100] to provide rigid body kinematics and dynamics simulation,

since it is open-source, simplistic, and provides functionalities designed for robotics. To simulate

articulated bodies, we provide 3 different body-joint systems: kinematic joint system, dynamic

joint system, and PhysX articulation. The kinematic joint system provides kinematic objects with

parent-child relations, suitable for simulating very heavy objects that are not affected by small

forces. Dynamic joint systems use PhysX joints to drive rigid bodies towards constraints, suitable

for simulating complicated objects that do not require accurate control. PhysX articulation is a

system specifically designed for robot simulation. It natively supports accurate force control,

P-D control and inverse dynamics with the cost of relatively low speed.

ROS Interfaces.

Robot Operating System (ROS) [116] is a generic and widely-used framework for

building robot applications. Our ROS interface bridges the gap between ROS and physical

simulator, as well as providing a set of high-level APIs for interacting with robots using physics.

It supports three levels of abstractions: direct force control, ROS controllers and motion planning

interface.

At the lowest level, forces and torques are directly applied on joints, similar to OpenAI

Gym [10]. This control method is simple and intuitive, but challenging to transfer to real

environments due to the differences between real-world dynamics and simulation, and between

the continuous nature of real-robots and the discretized approximation in simulations.

For high-level control, we provide joint space and Cartesian coordinate space control
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APIs. We build controllers (Figure 2.2) based upon [26] and implement the standard ROS

control interface. Researchers often want to specify movement at a higher level of abstraction,

for example, to move the robot arm to a desired 6-DoF pose with specific path constraints.

Thus, at the highest level, we provide motion planning support based on the popular MoveIt

framework [27], which can generate motion plans that effectively move the robot around without

collision.

Synchronous and Asynchronous Modes.

The SAPIEN Engine (see Figure 2.2 middle) can support both synchronous and asyn-

chronous simulation modes. In synchronous mode, the simulation step is controlled by the client,

which is common in training reinforcement learning algorithm [10]. For example, the agent

receives observations from simulated environments and uses a customized policy model, often a

neural network, to generate the corresponding action. Then the simulation runs forward for a

step. In this synchronous mode, the simulation and client algorithms are integrated together.

However, for real-world robotics, the simulation and client response need to be asyn-

chronous [64] and separated. The simulation should run independently, like the real world, while

the client uses the same API as a real robot to interact with the simulation backend. To build

such a framework, we create multiple sensors and controllers following the ROS API. After

simulation starts, the client receives information from sensors and uses the controller interface

(see Figure 2.2) to command robots via TCP/IP communication. The timestamp is synchronized

from simulation to the client side, acting as a proxy for the real-world clock time. Under the

framework, the simulated robots can use the same code as their real counterparts because most

real robot controllers and sensors have exactly the same interface as our simulator API. This

provides one important advantage: it enables robot researchers to migrate between simulated

robots and real robots without any extra setup.
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Figure 2.3. SAPIEN Enables Many Robotic Interaction Tasks. From left to right, we show
five examples: faucet manipulation, object fetching, object lifting, chair folding, and object
placing.

Table 2.3. Statistics of PartNet-Mobility Dataset. #M and #P shows the number of models and
movable parts respectively.

All Bottle Box Bucket Cabinet Camera Cart Chair Clock Coffee DishWsh. Dispenser Door Eyegls Fan Faucet
#M 2,346 57 28 36 345 37 61 80 31 55 48 57 36 65 81 84
#P 14,068 114 94 74 1,174 341 232 1,235 106 374 112 162 103 195 172 228

Chair Fridge Globe Kettle Keybrd Knife Lamp Laptop Lighter MicWav Monitor Mouse Oven Pen Phone Pliers
#M 26 44 61 29 37 44 45 56 28 16 37 14 30 48 17 25
#P 58 118 130 66 3,593 149 165 112 86 85 93 61 214 97 271 59

Pot Printer Remote Safe Scissors Stapler Stcase Switch Table Toaster Toilet TrashCan USB Washer Window
#M 25 29 49 30 47 23 24 70 101 25 69 70 51 17 58
#P 53 376 1,490 202 94 69 101 195 420 116 229 208 103 144 195

2.3.2 SAPIEN Asset

SAPIEN Asset is our simulation content, shown in the right box in Figure 2.2. It contains

the large-scale ready-to-simulate PartNet-Mobility dataset, the simulated robot models and scene

layouts.

PartNet-Mobility Dataset.

We propose a large-scale 3D interactive model dataset that contains over 14K articulated

parts over 2,346 object models from 46 common indoor object categories. All models are

collected from 3D Warehouse* and organized as in ShapeNet [18] and PartNet [92]. We annotate

3 types of motions: hinge, slider, and screw, where hinge indicates rotation around an axis (e.g.

doors); slider indicates translation along an axis (e.g. drawers), and screw indicates a combined

hinge and slider (e.g. bottle caps, swivel chairs). For hinge and slider joints, we annotate the

motion limit (i.e. angles, lengths). For screw, we annotate the motion limits and whether the

*https://3dwarehouse.sketchup.com/
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2 degrees of freedom are coupled. Each joint has a parent and a child, and the collection of

connected bodies and joints is called an articulation. We require the joints of an articulation to

follow a tree structure with a single root, since most physical simulator handles tree-structured

joint system well. Next, for each movable part, we assign a category-specific semantic label.

Table 2.3 summarizes the dataset statistics.

SAPIEN Asset Loader

Unified Robot Description Format (URDF) is a common format for representing a

physical model. For each object in the SAPIEN Asset, including PartNet-Mobility models and

robot models, we provide an associated URDF file, which can be loaded in simulation. For

accurate simulation of contact, we decompose meshes into convex parts [82, 52]. We randomize

or manually set the physical properties, e.g. friction, damping, density, to appropriate ranges.

For robot models, we also provide C++/Python APIs to create a robot piece by piece to avoid

complications introduced by URDF.

2.3.3 SAPIEN Renderer

SAPIEN Renderer, shown in the left box of Figure 2.2, renders simulated scenes with

OpenGL 4.5 and GLSL shaders, which are exposed to the client application for maximal cus-

tomizability. By default, the rendering module uses a deferred lighting pipeline to provide RGB,

albedo, normal, depth, and segmentation from camera space, where lighting is computed with

Oren–Nayar diffuse model [153] and GGX specular model [148]. Our customizable render-

ing interface can suit special rendering needs, and even allow completely different rendering

pipelines. We demonstrate this by replacing the fast OpenGL framework with our ray tracer

coded with Nvidia OptiX [104] to produce physically accurate images at the cost of rendering

time (see Figure 3.1).
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Table 2.4. Movable Part Detection Results. (AP% with IoU threshold 0.5) 2D and PC denote
2D images and point clouds as different input modalities for the two algorithms. We show the
detailed results for four objects categories and summarize the mAP over all categories.

Cabinet Table Faucet Fan All

Algorithm Inputs
rot.
door

body drawer
trans.
door

drawer body wheel door caster switch base spout rotor frame mAP

Mask-
RCNN [46]

2D (RGB) 62.0 94.2 66.4 27.7 54.3 88.0 3.4 6.3 0.0 52.5 47.9 99.7 54.4 67.5 53.0
2D (RGB-D) 61.7 93.0 63.0 26.3 58.6 89.9 1.4 13.2 0.0 52.1 55.8 98.9 39.4 67.4 52.8

PartNet
InsSeg [92]

PC (XYZ) 20.6 65.9 35.1 9.8 15.7 71.3 1.7 1.0 0.0 34.4 55.9 64.2 50.9 74.8 36.1
PC (XYZRGB) 17.4 64.3 23.6 5.0 16.4 81.8 1.3 2.0 1.0 29.9 64.1 78.0 42.0 63.5 37.1

2.3.4 Profiling Analysis

The SAPIEN engine can run at about 5000Hz on the manipulation task we will describe

in Sec. 2.4.2 and can render at about 700Hz with OpenGL mode. Tests were performed on a

laptop with Ubuntu 18.04, on 2.2 GHz Intel i7-8750 CPU and an Nvidia GeForce RTX 2070

GPU.

2.4 Tasks and Benchmarks

We demonstrate the versatile abilities of our simulator by demonstrating robotic percep-

tion and interaction tasks.

2.4.1 Robotic Perception

SAPIEN simulator, equipped with the PartNet-Mobility dataset, provides a platform for

several robotic perception tasks. In this paper, we study the tasks of movable part detection and

part motion estimation, which are two important vision tasks supporting downstream robotic

interaction.

Movable Part Detection

Before interacting with objects by parts, robotic agents need to first detect the parts of

interest. Therefore, we define the task of movable part detection as follows. Given a single 2D

image snapshot or 3D RGB-D partial scan of an object as input, an algorithm should produce
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Mask R-CNN PartNet InsSeg Ground Truth

Figure 2.4. Movable Part Detection Results. The left column shows the results of Mask
R-CNN [46], where each bounding box indicates a detected movable part. The middle and
the right columns show the results of PartNet InsSeg [92] and the ground truth point clouds
respectively, where different parts are in different color.

several disjoint part masks associated with their semantic labels, each of which corresponds to

an individual movable part of the object.

Leveraging the rich assets from the PartNet-Mobility dataset and the SAPIEN rendering

pipeline, we evaluate two state-of-the-art perception algorithms for object or part detection. Mask

R-CNN [46] takes a 2D image as input and uses a region proposal network to detect a set of 2D

part mask candidates. PartNet-InsSeg [92] is a 3D shape part instance segmentation approach

that uses PointNet++ [112] to extract geometric features and proposes panoptic segmentation

over shape point clouds.

We render each object in the PartNet-Mobility dataset into RGB and RGB-D images
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from 20 randomly sampled views, with resolution 512×512. The camera positions are randomly

sampled over the upper hemisphere to ensure space coverage. Simple ambient and directional

lighting without shadows are provided for RGB rendering. With known camera intrinsics, we lift

the 2.5D RGB-D images into 3D partial scans for PartNet-InsSeg experiments. We use all 2,346

objects over 46 categories from the PartNet-Mobility dataset for this task. We use 75% of data

(1,772 shapes) for training and 25% (574 shapes) for testing. For quantitative evaluation, we

report per-part-category Average Precision (AP) scores as commonly used for object detection

tasks and average across all part categories to compute mAP for each algorithm.

Table 2.4 shows the quantitative results of Mask R-CNN on RGB and RGB-D settings

and PartNet-InsSeg on the XYZ (depth-only) and XYZRGB (RGB-D images) settings. We

observe that both methods perform poorly on detecting small parts (e.g., table wheel and table

caster), and the phenomenon is less severe for object categories that have relatively balanced

sizes (e.g., fan and faucet). Small movable parts (e.g., button, switch, and handle) often play

critical roles in robot-object interaction, and will demand more well-designed algorithms in the

future. Figure 2.4 visualizes the Mask-RCNN and PartNet-InsSeg part detection results on two

example RGB-D partial scans.

Table 2.5. Motion recognition results. H acc. and S acc. denotes classification accuracy for
hinge and slider respectively. Ho err. denotes average distance from predicted hinge origin to
ground truth axis. Ha/Sa denotes average hinge/slider angle difference from predicted axis to
ground truth. door err. is average angle difference from predicted door pose to ground truth.
drawer err. is average length difference from predicted drawer pose to ground truth.

Setting Algorithm H acc. S acc. Ho err (m) Ha err (◦) Sa err. (◦) door err. (◦) drawer err. (m)

RGB-D ResNet50 95.5% 95.5% 0.168 18.9 6.35 14.4 0.0645
RGB-pc PointNet++ 95.4% 95.5% 0.195 18.5 7.75 20.8 0.0918

Motion Attributes Estimation

Estimating motion attributes for articulated parts gives strong priors for robots before

interacting with objects. In this section, we perform the motion attributes estimation task that

jointly predicts the motion type, motion axis, and part state for articulated parts.
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We consider two types of rigid part motions: 3D rotation and translation. Some parts,

such as bottle cap, may have both rotation and translation motions. For translation motions, we

use a 3-dim vector to represent the direction. For rotation motions, we parameterize the outputs

as two 3-dim vectors to specify rotation axis direction and a pivot point on the axis. We define

relative positions of the articulated part with respect to its semantic rest positions as part states.

For example, the rest position for drawers and doors is when they are closed. However, defining

part rest states has intrinsic ambiguities. For example, round knobs with rotation symmetry do

not present a detectable rest position. Thus, we use a subset of 640 models over 10 categories,

which consists of 779 doors and 529 drawers for this task, following the same train and test splits

used in the previous section.

We evaluate two baseline algorithms, ResNet-50 [47] and PointNet++ [112], that deals

with the input RGB-D partial scans using either 2D or 3D formats. For ResNet-50, we input

RGB-D images augmented with target part mask (5-channel in total). For PointNet++, we

substitute the 5-channel image with its camera-space RGB point cloud. We train both networks

to output a 14-dim motion vector m =
(
Tr,Tt , pr

1, pr
2, pr
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r
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r
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Tr and Tt respectively output the probability of this joint being rotational and translational,
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3) and (dr

1,d
r
2,d

r
3) indicate pivot point and rotation axis for hinge joints, (dt
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represents the direction of a proposed slider axis, and finally, xdoor and xdrawer regress the part

poses for doors and drawers respectively. The part pose is a number normalized within [0,1]

indicating the current joint position.

We summarize the experimental results in Table 2.5. The classification of different

motion types achieves quite high accuracy, and the axis prediction for sliders (translational joints)

achieves lower error than for hinges (rotational joints). In our experiments, ResNet50 achieves

better performance than PointNet++. This could be explained by the much higher number of

network parameters in ResNet. However, intuition suggests that such 3D information should be

more easily predicted directly on 3D data. Future research should focus more on how to improve

3D axis prediction with 3D grounding.
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Figure 2.5. Robotic Interaction tasks. We study two robotic interaction tasks: door-opening
and drawer-pulling.

2.4.2 Robotic Interaction

With the large-scale PartNet-Mobility dataset, SAPIEN also supports various robotic

interaction tasks, including solving low-level control tasks, such as button pushing, handle

grasping, and drawer pulling, and planning tasks that require long-horizon logical planning

and low-level controls, e.g., removing the mug from a microwave oven and then putting it on a

table. Having both diverse object categories and rich intra-class instance variations allows us

to perform such tasks on multiple object instances at category levels. Figure 2.3 shows a rich

variety of robotic interaction tasks that SAPIEN enables.

In SAPIEN, we enable two modes for robotic interaction tasks: 1) using perception

ground-truth (e.g., part mask, part motion information, and 3D locations) to accomplish the task.

In this way, we factor out the perception module and allow algorithms to focus on robotic control

and interaction tasks; 2) using the raw image/point-cloud as inputs, the method needs to develop

its own perception, planning and control modules, which is our end-goal for the home-assistant
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robots to achieve. Also, this mode enables end-to-end learning for perception and interactions

(e.g., learning perception with a specific interaction target).

Door-opening and Drawer-pulling.

We perform two manipulation tasks: door-opening and drawer-pulling, as shown in Figure

2.5. We use a flying gripper (Kinova Gripper 3 [15]) that can move freely in the workspace. All

dynamics properties except gravity, (e.g. contact, friction, and damping) are simulated in our

environment. We perform our drawer-pulling tasks on 108 cabinet instances and door-opening

tasks on 77 cabinet instances.

In our tasks, if the gripper can move a given joint (e.g. slider joint for drawer, hinge joint

for door) through 90% of its motion range, then it will be regarded as a success. If the agent

cannot move the joint to the given threshold or move in the opposite direction, then it fails. The

input of the agent consists of point clouds, normal maps and segmentation masks captured by

three fixed cameras mounted on the left, right and front of the arena respectively. The agent can

also access all information about its self (e.g. 6 DoF pose).

Heuristic Based Manipulation.

To demonstrate our simulator in manipulation tasks, we first use manually designed

heuristic pipelines to solve the tasks. For drawer-pulling, we use point cloud with ground-truth

segmentation to detect a valid grasp pose for drawer handle. Then we use velocity controller to

pull it to the joint limit. Using ground-truth visual information, we can achieve a 95.3% success

rate. As for the door-opening task, we first open the door with a small angle using a similar

approach (grasp a handle at first). Then we use Position Based Visual Servoing (PBVS) [56]

to track and clamp the edge of the door. Finally, the door is opened by rotating the edge. This

method (PBVS) achieves an 81.8% success rate for door opening.

Learning Based Manipulation.

We also demonstrate the above two tasks using reinforcement learning. We test the

generalizability of the RL agent by training on limited objects and testing on unseen objects with
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different size, density, and motion properties. We adopt Soft Actor-Critic(SAC) [45], which is

one of the SOTA reinforcement learning algorithms, trained on 2,4,8,16 doors or drawers, and

test on the rest unseen models.

We provide three different state representations: 1) raw state of the whole scene (raw-

exp), consisting of current positions and velocities of all the parts; 2) mobility-based representa-

tion (mobility-exp), with 6D pose of motion axis and average normal, and current joint angles

and velocities of the target part; 3) visual inputs (visual-exp), where we set a front-view camera

capturing RGB-D images for the object every time step, augmented with segmentation mask for

the target part.

We use the same flying gripper and initialize it on the handle. The grasp pose is generated

by the heuristic method as described in the above section. During training, agents receive positive

rewards when the target part approaches the joint limit with the opening door/drawer, while

obtaining negative rewards when the gripper falls off the handle. We interact with multiple

objects simultaneously during training, and use a shared replay buffer to collect experiences to

train SAC. After 1M interaction steps, we evaluate the performance on the unseen objects, each

for 20 episodes.

For doors, the evaluation metric is the average achieved degree. For drawers, we report

the success rate of opening 80% of joint limits. Table 2.6 shows our experimental results. For

door-opening, the RL agent tends to overfit the training objects, as when the number of training

objects grows, the performance drops. However, training on more scenarios will improve the

generalization capability with increased test performance. For drawer-pulling, although the

performance follows the same pattern as the door, it is relatively stable across the number of

training objects. This is because drawers are relatively easier to pull out, as the movement for

the gripper almost follows the same pattern every time step.

Among all the representations, mobility-exp gives the best performance. For doors,

visual-exp representation also performs close to mobility-exp; however for drawers, raw-exp is

better than visual-exp. This is because the camera is fixed during the interaction. For drawer-
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Table 2.6. SAC results on door and drawer opening.

Tasks
Door

(Final Angle Degree)
Drawer

(Success Rate)
2 4 8 16 2 4 8 16

raw-exp train 85.4 70.5 50.5 38.4 0.84 0.82 0.77 0.75
test 14.7 18.7 21.2 27.3 0.61 0.63 0.66 0.66

mobility-exp train 88.7 78.6 59.2 41.1 0.83 0.81 0.79 0.78
test 22.9 27.3 27.5 32.8 0.65 0.65 0.69 0.68

visual-exp train 90.2 65.2 56.7 32.1 0.80 0.72 0.69 0.63
test 21.7 24.5 28.1 29.6 0.59 0.60 0.61 0.60

opening, the visual features remain almost the same every time step from the front view, so it

provides little information about state changing. These observations lead us to some interesting

future work. First, we need proper vision methods to encode the geometric information of the

scene, which may change during interaction procedures. Second, although these tasks are not

hard for heuristic algorithms, RL-based approaches fail to perform well on all the objects. Future

works may study how to enhance the transferability and efficiency of RL on the tasks.

2.5 PartNet-Mobility Annotation System

We developed a web interface (Figure 2.7) for mobility annotation. This tool is a question

answering (QA) system, which proposes questions based on current stage of annotation. It

exploits the hierarchical structures of PartNet to propose objects without relative mobility, and

generates new questions based on past annotations. Using this tool, annotators will not miss

any movable parts if they answer every question correctly, and they will not face any redundant

questions by design. The output mobility annotations are guaranteed to satisfy tree properties

suitable for simulation.

The annotation procedure has the following steps:

• We start with a PartNet semantic tree, and traverse the tree nodes. Annotators are prompted

with questions asking if current subtree has relative motion. If it does not, all parts in this
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Figure 2.6. Diverse manipulation tasks supported by SAPIEN.
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Figure 2.7. Annotation interface. 1) Part Tree: PartNet semantic tree that proposes fixed parts.
2) Motion tree: annotated movable parts. 3) Question: auto-generated exhaustive questions. 4)
Visualization for current question and for motion axis annotation.

tree will be fixed together; otherwise, the same question is asked again on the child nodes

of this subtree.

• When the PartNet semantic tree traversal is finished, annotators are asked to choose parts

that are fixed together.

• Next, annotators are asked to choose parts that are connected with a hinge (rotational)

joint. They will then choose parent-child relation, and annotate axis position/motion limit

with our 3D annotation tool.

• Next, annotators are asked to choose parts that are connected with a slider (translational)

joint. They will similarly choose motion parameters and decide if this axis also bears

rotation (screw joint).

• Finally, annotators will annotate each separate object in the scene as “fixed base”, “free””,

or “out lier”.

The procedure is summarized in the following pseudo-code block.
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Algorithm 1. Annotating PartNet-Mobility dataset
1: Propose fixed parts based on PartNet tree
2: for There are parts can be fixed together do
3: Select a group of relatively fixed parts
4: end for
5: for Rotation relationship exists do
6: Select parent and child
7: Pick rotation axis
8: Input motion range
9: end for

10: for Translation relationship exists do
11: Select parent and child
12: Pick translation axis
13: Input motion range / whether it can also rotate
14: end for
15: Choose whether root nodes are fixed/free

2.6 Movable Part Segmentation and Motion Recognition

Movable Part Segmentation: complete results

Table 2.7 shows the movable part segmentation results for all categories in PartNet-

Mobility dataset.

Motion Recognition: experiment details

For this task, we normalize the [0,2π] hinge joint range to [0,1]. For sliders, we normalize

by the maximum motion range over the dataset to make the motion range prediction within [0,1].

Algorithm.

The baseline algorithm we use is a a ResNet[47] classification and Regression network.

The input is the ground truth RGB-D image and the segmentation mask for the target movable

part. The output has 7 terms: T̂r ∈ {0,1}, whether this part has a rotational joint.

T̂t ∈ {0,1}, whether this part has a translational joint.

p̂r ∈ R3, pivot of a predicted rotational axis.

d̂r ∈ [−1,1]3, direction of a predicted rotational axis.
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Table 2.7. Movable part segmentation results for all categories

Bottle Box Bucket Cabinet Camera Cart Chair
Algorithm Setting tr. lid body rot. lid rot. lid body handle body door body door drawer lens button body knob wheel body wheel seat leg

Mask- RGB 0.0% 57.4% 69.3% 49.3%65.7% 2.7% 91.7% 62.0% 94.2% 27.7% 66.4% 26.7% 20.9%79.0% 4.8% 54.6% 95.6% 25.1% 97.0% 88.3%
RCNN RGB-D 13.9% 68.3% 67.8% 51.5%66.5% 1.6%100.0% 61.7% 93.0% 26.3% 63.0% 26.4% 17.0%92.6% 8.1% 55.3% 93.9% 23.1% 99.0% 85.2%
PartNet XYZ 24.5% 47.7% 53.5% 27.6%46.2% 63.4% 99.7% 20.6% 65.9% 9.8% 35.1% 17.0% 0.0%51.4% 0.0% 6.2% 71.7% 1.2% 93.0% 86.4%
InsSeg XYZRGB 5.9% 41.3% 54.8% 24.2%36.8% 60.7% 98.9% 17.4% 64.3% 5.0% 23.6% 10.5% 0.0%46.1% 1.0% 9.4% 77.3% 1.9% 95.7% 89.2%

Chair Clock CoffeeMachine Dishwasher Dispenser Display Door
Algorithm Setting knob caster lever hand body button lid body lever knob container rot. Door body lid body rot. screen base button frame rot. door

Mask- RGB 0.0% 2.5% 20.0% 11.4%61.4% 14.7% 73.4%65.7% 0.0% 43.0% 100.0% 70.4% 90.0%74.9%90.1% 74.4% 34.7% 0.0% 39.4% 40.7%
RCNN RGB-D 0.0% 3.6% 13.4% 12.5%68.3% 10.4% 61.4%67.4% 1.0% 35.6% 98.0% 66.8% 87.8%73.2%88.1% 71.3% 33.4% 0.0% 35.7% 54.6%
PartNet XYZ 0.0% 1.0% 0.0% 0.0%77.0% 0.0% 43.6%62.4% 0.0% 0.0% 94.0% 50.5% 67.0%49.1%57.6% 66.1% 37.1% 0.0% 49.2% 35.3%
InsSeg XYZRGB 0.0% 1.0% 0.0% 0.0%79.4% 0.0% 81.2%45.8% 0.0% 0.0% 85.1% 58.2% 73.3%27.4%39.5% 58.2% 39.1% 0.0% 34.6% 24.6%

Eyeglasses Fan Faucet FoldingChair Globe Kettle Keyboard KitchenPot Knife
Algorithm Setting leg body rotor frame switch base spout seat leg sphere frame lid body base key lid body blade body blade

Mask- RGB 51.2% 85.2% 54.4% 67.5% 52.5% 47.9% 99.7% 90.6% 46.1% 98.0% 71.1% 75.2% 99.4%15.0%17.5% 99.0% 94.5% 11.7% 88.5% 33.4%
RCNN RGB-D 49.2% 84.9% 39.4% 67.4% 52.1% 55.8% 98.9% 93.8% 47.2% 96.0% 69.6% 94.1%100.0% 8.8% 5.1% 100.0% 95.0% 10.0% 77.8% 34.5%
PartNet XYZ 62.1% 93.8% 50.9% 74.8% 34.4% 55.9% 64.2% 91.2% 79.4% 83.0% 77.6% 71.1% 74.1% 6.8% 1.0% 94.6% 94.4% 3.1% 80.1% 9.4%
InsSeg XYZRGB 80.6% 92.4% 42.0% 63.5% 29.9% 64.1% 78.0% 86.3% 75.6% 79.0% 82.0% 87.2% 90.7% 4.0% 1.0% 93.5% 95.0% 5.0% 82.7% 10.1%

Lamp Laptop Lighter Microwave Mouse Oven
Algorithm Setting base rot. bar head base screen wheel button body rot. lid door body button button wheel body door knob body tr. tray button

Mask- RGB 54.6% 14.6% 64.5% 51.9%93.1% 35.0% 80.8%96.8% 97.0% 53.8% 94.0% 0.0% 0.0%46.5%98.0% 54.0% 49.9%86.8% 1.0% 0.0%
RCNN RGB-D 48.8% 10.8% 69.5% 47.2%92.8% 57.2% 94.1%89.2% 92.1% 49.5% 97.1% 0.0% 1.0%45.3%95.2% 53.4% 42.3%93.3% 1.0% 0.0%
PartNet XYZ 51.8% 8.8% 38.5% 93.0%97.7% 1.0% 0.0%77.4% 80.9% 25.9% 45.8% 0.0% 1.0% 0.0%76.0% 23.1% 0.0%36.6% 1.0% 0.0%
InsSeg XYZRGB 50.6% 9.3% 39.7% 89.8%96.1% 9.5% 61.4%82.5% 84.9% 24.3% 48.7% 0.0% 1.0% 1.0%61.1% 26.9% 0.0%49.1% 0.0% 0.0%

Pen Phone Pliers Printer Refrigerator Remote Safe Scissors Stapler
Algorithm Setting cap body button button base leg button body body door button base knob button body door leg body lid base

Mask- RGB 94.1% 91.0% 52.8% 18.4%51.4% 79.9% 2.8%87.1% 83.0% 60.7% 35.6% 75.2% 34.1% 0.0%88.5% 68.5% 34.2% 32.1% 60.2% 84.6%
RCNN RGB-D 94.1% 96.2% 57.6% 12.8%50.2% 78.7% 1.5%72.3% 81.2% 55.0% 25.6% 78.2% 24.5% 0.0%92.1% 74.6% 57.4% 33.6% 75.0% 90.5%
PartNet XYZ 67.9% 98.0% 53.0% 1.0%38.0% 37.9% 0.0%34.8% 30.0% 16.2% 1.0% 63.2% 0.0% 0.0%40.5% 30.5% 20.6% 31.7% 49.2% 76.7%
InsSeg XYZRGB 15.0% 96.2% 25.4% 0.0%27.0% 46.0% 0.0%48.5% 40.2% 27.7% 1.0% 75.9% 0.0% 0.0%60.8% 42.3% 36.4% 28.5% 83.3% 89.5%

Suitcase Switch Table Toaster Toilet
Algorithm Setting rot. handle body tr. handle wheel caster frame lever button slider drawer body wheel door caster knob slider body button lever lid

Mask- RGB 25.5% 81.7% 74.3% 6.2% 0.0% 85.9% 24.3%73.6% 60.8% 54.3% 88.0% 3.4% 6.3% 0.0% 40.1% 39.0% 90.1% 5.9% 51.6% 98.3%
RCNN RGB-D 36.4% 97.3% 70.0% 18.1% 0.0% 74.0% 26.0%65.8% 22.8% 58.6% 89.9% 1.4% 13.2% 0.0% 40.6% 33.0% 94.1% 4.0% 36.4% 98.0%
PartNet XYZ 3.7% 53.7% 63.6% 1.4% 0.0% 52.3% 2.3% 4.9% 1.0% 15.7% 71.3% 1.7% 1.0% 0.0% 0.0% 9.9% 79.3% 0.0% 0.0% 69.3%
InsSeg XYZRGB 4.3% 53.2% 64.5% 2.0% 0.0% 53.5% 1.0% 2.1% 1.7% 16.4% 81.8% 1.3% 2.0% 1.0% 2.6% 20.3% 72.9% 0.0% 0.0% 89.6%

Toilet TrashCan USB WashingMachine Window All
Algorithm Setting body lid seat button pad lid body door wheel rotation body lid door knob button body window frame mAP

Mask- RGB 95.3% 64.3% 61.1% 8.9% 43.4% 68.1% 85.6%35.9% 73.7% 59.8% 65.7% 71.3% 52.0% 6.8% 4.4% 53.5% 55.9%12.2% 53.0%
RCNN RGB-D 91.8% 64.4% 62.5% 3.0% 37.1% 69.7% 84.9%29.7% 69.3% 74.4% 62.8% 68.6% 41.4% 4.0% 0.0% 73.3% 48.7%13.4% 52.8%
PartNet XYZ 83.2% 17.6% 1.4% 0.0% 12.7% 67.1% 57.7%12.1% 5.5% 30.0% 27.1% 22.2% 22.4% 0.0% 0.0% 30.5% 22.6%83.5% 36.1%
InsSeg XYZRGB 86.5% 25.1% 5.2% 0.0% 21.8% 75.4% 73.5% 3.9% 5.0% 23.9% 42.9% 12.2% 14.5% 0.0% 0.0% 22.9% 24.0%85.2% 37.1%

d̂t ∈ [−1,1]3, direction of a predicted translational axis.

x̂door ∈ [0,1], predicted joint position for a door.

x̂drawer ∈ [0,1], predicted joint position for a drawer.

In the following, letters without hat indicates their corresponding ground-truth labels.

In our experiment, we modify the input layer of a ResNet50 network to accept 5 channels,

and output layer to output 13 numbers. In addition, we apply tanh activation to produce d̂r, d̂t ,

and sigmoid activation to produce x̂door, x̂drawer. The loss has 7 terms:

Axis alignment loss, measured by cosine distance:

Ldr = ∑
Tr=1

1−| dr · d̂r

||dr||||d̂r||
| Ldt = ∑

Tt=1
1−| dt · d̂t

||dt ||||d̂t ||
|

31



Pivot loss, measured by the distance from predicted pivot to ground truth joint axis:

Lp = ∑
Tr=1

||p̂r −pr − ((p̂r −pr) ·dr)dr||22

Joint type prediction loss:

LTr =−∑Tr log T̂r +(1−Tr) log(1− T̂r)

LTt =−∑Tt log T̂t +(1−Tt) log(1− T̂t)

Joint position loss, L2 loss between predicted position and ground truth position.

Ldoor = ∑
valid hinge

(xdoor − x̂door)
2

Ldrawer = ∑
valid slider

(xdrawer − x̂drawer)
2

The final loss is a summation of all the losses above:

L = Ldr +Ldt +Lp +LTr +LTt +Ldoor +Ldrawer

This objective is optimized on mini-batches using proper masking based on H and S values.

We repeat this experiment with PointNet++[112] operating on 3D RGB-point cloud

produced by the same images. For each image, we sample 10,000 points from the partial point

cloud (create random copies if the total number of points is less than 10,000). Figure 2.8 shows

the network structure for the motion recognition tasks.
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Figure 2.8. Vision Tasks. Show 2 vision task definitions: inputs + outputs.

2.7 Conclusion

We present SAPIEN, a simulation environment for robotic vision and interaction tasks,

which provides detailed part-level physical simulation, hierarchical robotics controllers and

versatile rendering options. We demonstrate that SAPIEN enables a large variety of robotic

perception and interaction tasks.

2.8 Terminology

SAPIEN Engine

• Articulation: An articulation is composed of a set of links connected together with

transnational or rotational joints [100]. The most common articulation is a robot.

• Kinematic/Dynamic joint system: Both joint systems are an assembly of rigid bodies

connected by pairwise constraints. Kinematic system does not respond to external forces

while dynamic objects do.

• Force/Joint/Velocity Controller: Controller which can control the force/position/velocity

of one or multiple joints at once. Like real robot, controller may fail depending on whether

the target is reachable.
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• Inertial Measurement Unit(IMU): A sensor which can measure the orientation, accelera-

tion and angular velocity of the mounted link.

• Trajectory Controller: A controller which receive trajectory command and execute to

move through the trajectory points. Note that trajectory consist of a sequence of position,

velocity and acceleration, while path is simply a set of points without a schedule for

reaching each point [56].

• End-effector: End-effector is a manipulator that performs the task required of the robot,

The most common end-effector is gripper.

• Inverse Kinematics: Determine the joint position corresponding to a given end-effector

position and orientation [128].

• Inverse Dynamics: Determining the joint torques which are needed to generate a given

motion. Usualy, the input of inverse dynamics is the output of inverse kinematics or motion

planning.

SAPIEN Renderer

• GLSL is OpenGL’s shading language with describes how the GPU draws visuals.

• Rasterization is the process of converting shapes to pixels. It is the pipeline used by most

real-time graphics applications.

• Ray tracing is a rendering technique by simulating light-rays, reflections, refractions, etc.

It can achieve physically accurate images at the cost of rendering time. OptiX is Nvidia’s

GPU based ray-tracing framework.
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Chapter 3

Simulation Asset Acquisition by Neural
Capturing

Recent work [89, 8] has demonstrated that volumetric scene representations combined

with differentiable volume rendering can enable photo-realistic rendering for challenging scenes

that mesh reconstruction fails on. However, these methods entangle geometry and appearance

in a “black-box” volume that cannot be edited. Instead, we present an approach that explicitly

disentangles geometry—represented as a continuous 3D volume—from appearance—represented

as a continuous 2D texture map. We achieve this by introducing a 3D-to-2D texture mapping

(or surface parameterization) network into volumetric representations. We constrain this texture

mapping network using an additional 2D-to-3D inverse mapping network and a novel cycle

consistency loss to make 3D surface points map to 2D texture points that map back to the original

3D points. We demonstrate that this representation can be reconstructed using only multi-view

image supervision and generates high-quality rendering results. More importantly, by separating

geometry and texture, we allow users to edit appearance by simply editing 2D texture maps.

3.1 Introduction

Capturing and modeling real scenes from image inputs is an extensively studied problem

Research partially done When F. Xiang was an intern at Adobe Research.
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in vision and graphics. One crucial goal of this task is to avoid the tedious manual 3D modeling

process and directly provide a renderable and editable 3D model that can be used for realistic

rendering in applications, like e-commerce, VR and AR. Traditional 3D reconstruction methods

[123, 124, 62] usually reconstruct objects as meshes. Meshes are widely used in rendering

pipelines; they are typically combined with mapped textures for appearance editing in 3D

modeling pipelines.

However, mesh-based reconstruction is particularly challenging and often cannot synthe-

size highly realistic images for complex objects. Recently, various neural scene representations

have been presented to address this scene acquisition task. Arguably the best visual quality

is obtained by approaches like NeRF [89] and Deep Reflectance Volumes [8] that leverage

differentiable volume rendering (ray marching). However, these volume-based methods do

not (explicitly) reason about the object’s surface and entangle both geometry and appearance

in a volume-encoding neural network. This does not allow for easy editing—as is possible

with a texture mapped mesh—and significantly limits the practicality of these neural rendering

approaches.

Our goal is to make volumetric neural reconstruction more practical by enabling both

realistic image synthesis and flexible surface appearance editing. To this end, we present

NeuTex—an approach that explicitly disentangles scene geometry from appearance. NeuTex

represents geometry with a volumetric representation (similar to NeRF) but represents surface

appearance using 2D texture maps. This allows us to leverage differentiable volume rendering

to reconstruct the scene from multi-view images, while allowing for conventional texture-editing

operations (see Fig. 3.1).

As in NeRF [89], we march a ray through each pixel, regress volume density and radiance

(using fully connected MLPs) at sampled 3D shading points on the ray, accumulate the per-point

radiance values to compute the final pixel color. NeRF uses a single MLP to regress both density

and radiance in a 3D volume. While we retain this volumetric density-based representation for

geometry, NeuTex represents radiance in a 2D (UV) texture space. In particular, we train a
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a)

e) f ) g)

b) c) d)

Figure 3.1. NeuTex is a neural scene representation that represents geometry as a 3D volume
but appearance as a 2D neural texture in an automatically discovered texture UV space, shown
as a cubemap in (e). NeuTex can synthesize highly realistic images (b) that are very close to
the ground-truth (a). Moreover, it enables intuitive surface appearance editing directly in the
2D texture space; we show an example of this in (c), by using a new texture (f) to modulate the
reconstructed texture. Our discovered texture mapping covers the object surface uniformly, as
illustrated in (d), by rendering the object using a uniform checkerboard texture (g).

texture mapping MLP to regress a 2D UV coordinate at every 3D point in the scene, and use

another MLP to regress radiance in the 2D texture space for any UV location. Thus, given any 3D

shading point in ray marching, our network can obtain its radiance by sampling the reconstructed

neural texture at its mapped UV location.

Naively adding a texture mapping network to NeRF (and supervising only with a ren-

dering loss) leads to a degenerate texture mapping that does not unwrap the surface and cannot

support texture editing (see Fig. 3.3). To ensure that the estimated texture space reasonably

represents the object’s 2D surface, we introduce a novel cycle consistency loss. Specifically, we

consider the shading points that contribute predominantly to the pixel color along a given ray,

and correspond to the points either on or close to the surface. We train an additional inverse

mapping MLP to map the 2D UV coordinates of these high-contribution points back to their

3D locations. Introducing this inverse-mapping network forces our model to learn a consistent

mapping (similar to a one-to-one correspondence) between the 2D UV coordinates and the 3D
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points on the object surface. This additionally regularizes the surface reasoning and texture space

discovery process. As can be seen in Fig. 3.1, our full model recovers a reasonable texture space,

that can support realistic rendering similar to previous work while also allowing for intuitive

appearance editing.

Our technique can be incorporated into different volume rendering frameworks. In

addition to NeRF, we show that it can be combined with Neural Reflectance Fields [7] to

reconstruct BRDF parameters as 2D texture maps (see Fig. 3.7), enabling both view synthesis

and relighting.

Naturally, NeuTex is more constrained than a fully-volumetric method; this leads to our

final rendering quality to be on par or slightly worse than NeRF [89]. Nonetheless, we demon-

strate that our approach can still synthesize photo-realistic images and significantly outperform

both traditional mesh-based reconstruction methods [124] and previous neural rendering methods

[130, 129]. Most importantly, our work is the first to recover a meaningful surface-aware texture

parameterization of a scene and enable surface appearance editing applications (as in Fig. 3.1

and 3.6). This, we believe, is an important step towards making neural rendering methods useful

in 3D design workflows.

3.2 Related Work

Scene representations. Deep learning based methods have explored various classical scene

representations, including volumes [59, 155, 111, 129], point clouds [110, 2, 149], meshes

[61, 150], depth maps [76, 53] and implicit functions [24, 87, 99, 166]. However, most of them

focus on geometry reconstruction and understanding and do not aim to perform realistic image

synthesis. We leverage volumetric neural rendering [89, 7] for realistic rendering; our method

achieves higher rendering quality than other neural rendering methods [129, 130].

Mesh-based reconstruction and rendering. 3D polygonal meshes are one of the most popular

geometry representations, widely used in 3D modeling and rendering pipelines. Numerous
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Rendering Loss
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3)

5)

6) 7)4)
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Figure 3.2. Overview. We present a disentangled neural representation consisting of multiple
MLPs for neural volumetric rendering. As in NeRF [89], for geometry we use an MLP (4) Fσ

to regress volume density σ at any 3D point x = (x,y,z). In contrast, for appearance, we use
a texture mapping MLP (1) Fσ to map 3D points to 2D texture UVs, u = (u,v), and a texture
network (3) Ftex to regress the 2D view-dependent radiance in the UV space given a UV u and a
viewing direction d= (θ ,φ). One regressed texture (for a fixed viewing direction) is shown in (5).
We also train an inverse mapping MLP (2) F−1

uv that maps UVs back to 3D points. We leverage a
cycle loss (Eqn. 3.12) to ensure consistency between the 3D-to-2D mapping Fuv and the 2D-to-
3D F−1

uv mapping at points on the object surface. This enables meaningful surface reasoning and
texture space discovery, as illustrated by (6, 7). We demonstrate the meaningfulness of the UV
space learned by Fuv (6) by rendering the object with a uniform checkerboard texture. We also
show the result of the inverse mapping network (7) by uniformly sampling UVs in the texture
space and unprojecting them to 3D using F−1

uv , resulting in a reasonable mesh.

traditional 3D reconstruction techniques have been proposed to directly reconstruct a mesh from

multiple captured images, including structure from motion [123], multi-view stereo [36, 66, 124],

and surface extraction [79, 62]. Recently, many deep learning based methods [147, 165, 139, 21,

25] have also been proposed, improving the reconstruction quality in many of these techniques.

In spite of these advances, it is still challenging to reconstruct a mesh that can directly be used to

synthesize photo-realistic images. In fact, many image-based rendering techniques [12, 6, 48]

have been presented to fix the rendering artifacts from mesh reconstruction; however, they often

leverage view-dependent texture maps [30], which cannot be easily edited. We instead leverage

volumetric neural rendering to achieve realistic image synthesis; our approach explicitly extracts

surface appearance as view-independent textures, just like standard textures used with meshes,

allowing for broad texture editing applications in 3D modeling and content generation.

Neural rendering. Recently, deep learning-based methods have proposed to ameliorate or

completely bypass mesh reconstruction to achieve realistic neural renderings of real scenes
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for view synthesis [170, 159, 130, 129], relighting [160, 107, 23], and many other image

synthesis tasks [78]. In particular, NeRF [89], Deep Reflectance Volumes [8] and other relevant

works [7, 77] model a scene using neural volumetric representations (that encode geometry

and appearance) and leverage differentiable volume rendering [85] to synthesize highly photo-

realistic images. However, these volume representations do not explicitly reason about the 2D

surface of a scene and are essentially “black-box” functions that cannot be easily modified after

reconstruction. In contrast, we introduce a novel neural scene representation that offers direct

access to the 2D surface appearance in volumetric neural rendering. Our representation has

disentangled geometry and appearance components, and models appearance as a 2D neural

texture in a auto-discovered texture space. Unlike previous volumetric neural rendering methods,

this allows for easy texture/appearance editing.

Learning textures. Texture mapping is a standard technique widely used with meshes. Here,

surface appearance is represented by a 2D texture image and a 3D-to-2D mapping from every

mesh vertex to the texture space. Textures can be easily controlled and edited by artists as needed

to create diversities of scene appearance. Recently, many deep learning based methods leverage

texture-based techniques to model geometry or appearance in a scene [49, 42, 142]. Many works

learn a 2D texture for a mesh by assuming a known mesh template [61, 119, 39], focusing on

reconstruction problems for specific object categories. Our approach works for arbitrary shapes,

and we instead learn a 2D texture in a volume rendering framework, discovering a 2D surface in

the 3D volume space. Thies et al. [142] optimize neural textures to do rendering for a known

fixed mesh with given UV mapping. In contrast, our approach simultaneously reconstructs the

scene geometry as a volume, discovers a 2D texture UV space, and regresses a neural texture in

the self-discovered texture space. Other methods learn appearance by regressing colors directly

from 3D points [101, 102], which requires a known mesh and does not provide a 2D UV space

necessary for texture editing.

AtlasNet [42] and follow-up work [108] train neural networks to map 2D UV coordinates
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into 3D locations (like an inverse texture mapping), modeling an object 2D surface as an

unwrapped atlas. These works focus on learning generalized geometry representations, and

cannot be directly applied to arbitrary shapes or used for realistic rendering. Our network instead

discovers a cycle mapping between a 2D texture space and a 3D volume, learning both a texture

mapping and an inverse mapping. We leverage differentiable volume rendering to model scene

appearance from captured images for realistic rendering. We also show that our neural texture

mapping, supervised using a rendering loss and a cycle mapping loss, can discover a more

uniform surface than a simple AtlasNet, supervised by a noisy point cloud from COLMAP [124]

(see Fig. 3.8).

3.3 Neural Texture Mapping

3.3.1 Overview

We now present the NeuTex scene representation and demonstrate how to use it in the

context of volumetric neural rendering. While NeuTex can enable disentangled scene modeling

and texture mapping for different acquisition and rendering tasks, in this section, we demonstrate

its view synthesis capabilities with NeRF [89]. An extension to reflectance fields (with [7]) is

discussed in Sec. 3.5.4.

As shown in Fig. 3.2, our method is composed of four learned components:Fσ ,Ftex,Fuv

and F−1
uv . Unlike NeRF, which uses a single MLP, NeuTex uses a disentangled neural representa-

tion consisting of three sub-networks, which encode scene geometry (Fσ ), a texture mapping

function (Fuv), and a 2D texture (Ftex) respectively (Sec. 3.3.2). In addition, we use an inverse

texture mapping network (F−1
uv ) to ensure that the discovered texture space reasonably explains

the scene surfaces (Sec. 3.3.3). We introduce a cycle mapping loss to regularize the texture

mapping and inverse mapping networks, and use a rendering loss to train our neural model

end-to-end to regress realistic images (Sec. 3.3.4).
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3.3.2 Disentangled neural scene representation

Volume rendering. Volume rendering requires volume density σ and radiance c at all 3D

locations in a scene. A pixel’s radiance value (RGB color) I is computed by marching a ray

from the pixel and aggregating the radiance values ci of multiple shading points on the ray, as

expressed by:

I = ∑
i

Ti(1− exp(−σiδi))ci, (3.1)

Ti = exp(−
i−1

∑
j=1

σ jδ j), (3.2)

where i = 1, ...,N denotes the index of a shading point on the ray, δi represents the distance

between two consecutive points, Ti is known as the transmittance, and ci and σi are the volume

density (extinction coefficient) and radiance at shading point i. The above ray marching process

is derived as a discretization of a continuous volume rendering integral; for more details, please

see previous work [85].

Radiance field. In the context of view synthesis, a general volume scene representation can be

seen as a 5D function (i.e. a radiance field, as referred to by [89]):

Fσ ,c : (x,d)→ (σ ,c), (3.3)

which outputs volume density and radiance (σ ,c) given a 3D location x = (x,y,z) and viewing

direction d = (θ ,φ). NeRF [89] proposes to use a single MLP network to represent Fσ ,c as

a neural radiance field and achieves photo-realistic rendering results. Their single network

encapsulates the entire scene geometry and appearance as a whole; however, this “bakes” the

scene content into the trained network, and does not allow for any applications (e.g., appearance

editing) beyond pure view synthesis.

Disentangling Fσ ,c. In contrast, we propose explicitly decomposing the radiance field Fσ ,c into
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two components, Fσ and Fc, modeling geometry and appearance, respectively:

Fσ : x → σ , Fc : (x,d)→ c. (3.4)

In particular, Fσ regresses volume density (i.e., scene geometry), and Fc regresses radiance (i.e.,

scene appearance). We model them as two independent networks.

Texture mapping. We further propose to model scene appearance in a 2D texture space that

explains the object’s 2D surface appearance. We explicitly map a 3D point x = (x,y,z) in a

volume onto a 2D UV coordinate u = (u,v) in a texture, and regress the radiance in the texture

space given 2D UV coordinates and a viewing direction (u,d). We describe the 3D-to-2D

mapping as a texture mapping function Fuv and the radiance regression as a texture function Ftex:

Fuv : x → u, Ftex : (u,d)→ c. (3.5)

Our appearance function Fc is thus a composition of the two functions:

Fc(x,d) = Ftex(Fuv(x),d). (3.6)

Neural representation. In summary, our full radiance field is a composition of three functions:

a geometry function Fσ , a texture mapping function Fuv, and a texture function Ftex, given by:

(σ ,c) = Fσ ,c(x,d) = (Fσ (x),Ftex(Fuv(x),d)). (3.7)

We use three separate MLP networks for Fσ , Fuv and Ftex. Unlike the black-box NeRF network,

our representation has disentangled geometry and appearance modules, and models appearance

in a 2D texture space.
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3.3.3 Texture space and inverse texture mapping

As described in Eqn. 3.5, our texture space is parameterized by a 2D UV coordinate

u = (u,v). While any continuous 2D topology can be used for the UV space in our network, we

use a 2D unit sphere for most results, where u is interpreted as a point on the unit sphere.

Directly training the representation networks (Fσ , Fuv, Ftex) with pure rendering supervi-

sion often leads to a highly distorted texture space and degenerate cases where multiple points

map to the same UV coordinate, which is undesirable. The ideal goal is instead to uniformly map

the 2D surface onto the texture space and occupy the entire texture space. To achieve this, we

propose to jointly train an “inverse” texture mapping network F−1
uv that maps a 2D UV coordinate

u on the texture to a 3D point x in the volume:

F−1
uv : u → x. (3.8)

F−1
uv projects the 2D texture space onto a 2D manifold (in 3D space). This inverse texture

mapping allows us to reason about the 2D surface of the scene (corresponding to the inferred

texture) and regularize the texture mapping process. We leverage our texture mapping and

inverse mapping networks to build a cycle mapping (a one-to-one correspondence) between the

2D object surface and the texture space, leading to high-quality texture mapping.

3.3.4 Training neural texture mapping

We train our full network, consisting of Fσ , Ftex, Fuv, and F−1
uv , from end to end, to

simultaneously achieve surface discovery, space mapping, and scene geometry and appearance

inference.

Rendering loss. We directly use the ground truth pixel radiance value Igt in the captured images

to supervise our rendered pixel radiance value I from ray marching (Eqn. 3.1). The rendering
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Capture (a) Pointcloud Init +
Cycle Loss (b)

Trivial Init +
Cycle Loss (c)

No Inverse
Network (d)

Figure 3.3. A checkerboard texture applied to scenes (a). When trained with or without
initialization using coarse point cloud (b,c), the learned texture space is relatively uniform
compared to trained without F−1

uv and cycle loss (d).

loss for a pixel ray is given by:

Lrender = ∥Igt − I∥2
2. (3.9)

This the main source of supervision in our system.

Cycle loss. Given any sampled shading point xi on a ray in ray marching, our texture mapping

network finds its UV ui in texture space for radiance regression. We use the inverse mapping

network to map this UV ui back to the 3D space:

x′i = F−1
uv (Fuv(xi)). (3.10)

We propose to minimize the difference between x′i and xi to enforce a cycle mapping between

the texture and world spaces (and force F−1
uv to learn the inverse of Fuv).

However, it is unnecessary and unreasonable to enforce a cycle mapping at any 3D point.
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We only expect a correspondence between the texture space and points on the 2D surface of the

scene; enforcing the cycle mapping in the empty space away from the surface is meaningless. We

expect 3D points near the scene surface to have high contributions to the radiance. Therefore, we

leverage the radiance contribution weights per shading point to weigh our cycle loss. Specifically,

we consider the weight:

wi = Ti(1− exp(−σiδi)), (3.11)

which determines the contribution to the final pixel color for each shading point i in the ray

marching equation 3.1. Equation 3.1 can be simply written as I = ∑i wici. This contribution

weight wi naturally expresses how close a point is to the surface, and has been previously used

for depth inference [89]. Our cycle loss for a single ray is given by:

Lcycle = ∑
i

wi∥F−1
uv (Fuv(xi))−xi∥2

2. (3.12)

Mask loss. We also additionally provide a loss to supervise a foreground-background mask.

Basically, the transmittance (Eqn. 3.2) of the the last shading point TN on a pixel ray indicates if

the pixel is part of the background. We use the ground truth mask Mgt per pixel to supervise this

by

Lmask = ∥Mgt − (1−TN)∥2
2. (3.13)

We found this mask loss is necessary when viewpoints do not cover the object entirely. In

such cases, the network can use the volume density to darken (when the background is black)

renderings and fake some shading effects that should be in the texture. When the view coverage

is dense enough around an object, this mask loss is often optional.

Full loss. Our full loss function L during training is:

L = Lrender +a1Lcycle +a2Lmask. (3.14)
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We use a1 = 1 for all our scenes in our experiments. We use a2 = 1 for most scenes, except for

those that already have good view coverage, where we remove the mask loss by setting a2 = 0.

3.3.5 Extension to reflectance fields

NeuTex can be incorporated into different volume rendering pipelines. We have intro-

duced applying it to NeRF for view synthesis in Secs. 3.3.2 to 3.3.4. We now briefly discuss

combining it with the recent Neural Reflectance Fields [7] work that reconstructs BRDFs in

volume rendering from flash images.

Instead of directly outputting radiance c at each shading point, this work [8] regresses

normal n and reflectance parameters r at each shading point, and introduces a reflectance-

aware volume rendering that computes radiance from these shading properties under given

viewing and lighting condition. We correspondingly modify our geometry network Fσ to jointly

regress volume density and normal, and change the texture regression network Ftex to regress the

reflectance parameters in the texture space. Our central texture mapping and inverse mapping

networks remain the same for this case. The modified network naturally provides the required

volume properties in the reflectance-aware volume rendering process. We show that our neural

texture mapping can enable high-quality BRDF texture extraction in this setting.

3.4 Implementation Details

3.4.1 Network details

All four sub-networks, Fσ , Ftex, Fuv, and F−1
uv , are designed as MLP networks. We

use unit vectors to represent viewing direction d and UV coordinate u (for spherical UV). As

proposed by NeRF, we use positional encoding to infer high-frequency geometry and appearance

details. In particular, we apply positional encoding for our geometry network Fσ and texture

network Ftex on all their input components including x, u and d. On the other hand, since the

texture mapping is expected to be smooth and uniform, we do not apply positional encoding on
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GT Ours NeRF SRN DeepVoxels Colmap

Figure 3.4. Comparisons on DTU scenes. Note how visually close our method is to the state-of-
the-art, while enabling editing.

the two mapping networks.

3.4.2 Training details

Before training, we normalize the scene space to the unit box. When generating rays,

we sample shading points on each pixel ray inside the box. For all our experiments, we use

stratified sampling (uniform sampling with local jittering) to sample 256 point on each ray for ray

marching. For each iteration, we randomly select a batch size of 600 to 800 pixels (depending

on GPU memory usage) from an input image; we take 2/3 pixels from the foreground and 1/3

pixels from the background.

Our inverse mapping network F−1
uv maps the 2D UV space to a 3D surface, which is

functionally similar to AtlasNet [42] and can be trained as such, if geometry is available. We thus

initialize F−1
uv with a point cloud from COLMAP [124] using a Chamfer loss. However, since

the MVS point cloud is often very noisy, this Chamfer loss is only used during this initialization

phase. We find this initialization facilitates training, though our network still works without it

for most cases (see Fig. 3.3). Usually, this AtlasNet-style initialization is very sensitive to the

MVS reconstruction noise and leads to a highly non-uniform mapping surface. However, we

find that our final inverse mapping network can output a much smoother surface as shown in

Fig. 3.8, after jointly training with our rendering and cycle losses.
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Figure 3.5. Apply checkerboard texture (left) to the DTU objects. Our approach discovers a
uniform texture space.

Table 3.1. Average PSNR/SSIM for novel view synthesis on 4 held-out views on 5 DTU scenes.

Method PSNR SSIM
SRN [130] 26.05 0.837
DeepVoxels [129] 20.85 0.702
COLMAP [124] 24.63 0.865
NeRF[89] 30.73 0.938
Ours 28.23 0.894

Specifically, we initially train our method using a Chamfer loss together with a rendering

loss for 50,000 iterations. Then, we remove the Chamfer loss and train with our full loss

(Eqn. 3.14) until convergence, after around 500,000 iterations. Finally, we fine-tune our texture

network Ftex until convergence, freezing the other networks (Fσ , Fuv and F−1
uv ), which is useful

to get better texture details. The whole process takes 2-3 days on a single RTX 2080Ti GPU.

3.5 Results

We now show experimental results of our method and comparisons against previous

methods on real scenes.

3.5.1 Configuration

We demonstrate our method on real scenes from different sources, including five scenes

from the DTU dataset [1] (Fig. 3.1, 3.4, 3.6), two scenes from Neural Reflectance Fields [7]

obtained from the authors (Fig. 3.7), and three scenes captured by ourselves (Fig. 3.6). Each

DTU scene contains either 49 or 64 input images from multiple viewpoints. Each scene from

50



Input (a) NeuTex Render (b) Checkerboard (c) Cubemap (d) Texture Edit View 1 (e) Texture Edit View 2 (f) Edited Cubemap (g)

Figure 3.6. Texture editing on DTU (rows 1-2) and our (rows 3-5) scenes. Since our neural
texture (Ftex) depends on a view direction, we show the cubemap texture (d) with pixelwise
maximum values across views. Each texture is edited by multiplying a new specified texture; the
resulting texture is shown in (g). The images rendered with the edited textures are shown from
two different views in (e) and (f).

[7] contains about 300 images. Our own scenes each contain about 100 images. For our own

data, we capture the images using a held-hanld cellphone and use the structure from motion

implementation in COLMAP [124] for camera calibration. For other scenes, we directly use the

provided camera calibration in the dataset. Since our method focuses on the capture and surface

discovery of objects, we require the input images to have a clean, easily segmentable background.

We use U2Net [113] to automatically compute masks for our own scenes. For the DTU scenes,

we use the background masks provided by [166]. The images from [7] are captured under a

single flash light, which already have very dark background; thus we do not apply additional

masks for these images.
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3.5.2 View synthesis results on DTU scenes

We now evaluate and compare our view synthesis results on five DTU scenes. In

particular, we compare with NeRF [89], two previous neural rendering methods, SRN [130]

and DeepVoxels [129], and one classical mesh reconstruction method COLMAP [124]. We

use the released code from their authors to generate the results for all the comparison methods.

For COLMAP, we skip the structure from motion, since we already have the provided camera

calibration from the dataset. We hold-out 4 random views as testing views from the original 49

or 64 input views and run all methods on the remaining images for reconstruction.

We show qualitative visual comparisons on zoomed-in crops of testing images of two

DTU scenes in Fig. 3.4, and quantitative comparison results of the averaged PSNRs and SSIMs

on the testing images across five scenes in Tab. 3.1. Our method achieves high-quality view

synthesis results as reflected by our rendered images being close to the ground truth and also

our high PSNRs and SSIMs. Note that NeuTex enables automatic texture mapping that none of

the other comparison methods can do. Even a traditional mesh-based method like COLMAP

[124] needs additional techniques or tools to unwrap its surface for texture mapping, whereas

our method unwraps the surface into a texture while doing reconstruction in a unsupervised way.

To achieve this challenging task, NeuTex is designed in a more constrained way than NeRF.

As a result, our rendering quality is quantitatively slightly worse than NeRF. Nonetheless, as

shown in Fig. 3.4, our rendered results are realistic, reproduce many high-frequency details and

qualitatively look very close to NeRF’s results.

In fact, our results are significantly better than all other comparison methods, including

both mesh-based reconstruction [124] and previous neural rendering methods [129, 130] in

both qualitative and quantitative comparisons. In particular, COLMAP [124] can reconstruct

reasonable shapes, but it cannot recover accurate texture details and intrinsically lacks view-

dependent appearance effects (due to the Lambertian materials assumption). DeepVoxels [129]

leverages a non-physically-based module for geometry and occlusion inference. While this
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Input (a) NeuTex Render (b) Checkerboard (c) Cubemap (d) Texture Edit View 1 (e) Texture Edit View 2 (f) Edited Cubemap (g)

Figure 3.7. NeuTex in reflectance fields setting. We edit captured diffuse albedo (d) as shown in
(g) to produce results shown in (e,f).

works well on scenes that have hundreds of input images, it does not work well on DTU scenes

that have only about 40 to 60 images, leading to incorrect shapes and serious artifacts in their

results. SRN [130], on the other hand, can reproduce reasonable shape in the rendering; however

it cannot generate high-frequency appearance details like our method. Our approach is based on

physically-based volume rendering, which models scene geometry and appearance accurately,

leading to photo-realistic rendering results. More importantly, our approach achieves texture

mapping and enables surface appearance editing in a 2D texture space that it automatically

discovered, which cannot be done by NeRF nor any other previous neural rendering approaches.

3.5.3 Texture mapping and appearance editing

We now demonstrate our unique results on texture mapping and texture-space appearance

editing that previous neural rendering approaches cannot achieve. Figure 3.6 shows such results

on diverse real objects of DTU scenes and our own captured scenes. Our method can synthesize

realistic view synthesis results (Fig. 3.6.b) that are very close to the ground truth. In addition,

our method successfully unwraps the object surface into a reasonable texture (Fig. 3.6.d); the

discovered texture space meaningfully expresses the 2D surface and distributes uniformly, as

illustrated by the checkerboard rendering shown in Fig. 3.6.c.

Texture editing. Our high-quality texture mapping enables flexible appearance editing appli-

cations as shown in Fig. 3.6.e-g. In these examples, we show that we can use a specified full

texture map to modulate the original texture, which entirely changes the object appearance. For
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Figure 3.8. Our parametric surface (F−1
uv ) is strongly affected by noise in the COLMAP point

cloud when trained with a Chamfer loss (center). Finetuning with our cycle and rendering losses
without point cloud supervision (right) gives a smoother surface.

example, the object in the 1st row is interestingly changed from a stone-like object to a wooden

one. We also demonstrate that we can locally modify the texture to add certain patterns on the

object surface, such as the CVPR logo, the numbers, and the star in the last three rows. Note

that, all our appearance editing is directly done in the texture space, which changes the essential

surface appearance and naturally appears consistent across multiple view points, as shown in

the rendered images from two different views in Fig. 3.6.e and f. Our NeuTex successfully

disentangles the geometry and appearance of real objects and model the surface appearance in a

meaningful texture space that explains the surface.

Inverse mapping. We further demonstrate the role of our inverse mapping network F−1
uv in

discovering this reasonable texture space. When we remove F−1
uv from our network and train

the system with only the rendering loss, the result always leads to a degenerate texture mapping,

where large regions of 3D points are mapped to the same UV coordinates, as illustrated by

the checkerboard-texture rendering shown in Fig. 3.3. In contrast, our full network with the

cycle loss generally discovers a uniform space. As described in Sec. 3.4.2, we initialize our

inverse network using a point cloud with a Chamfer loss; this is done mainly to help the network
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converges quickly to a reasonable stage. In Fig. 3.3, we also show that our inverse network can

still function well even without the point cloud initialization, using only the cycle loss. Note

that, our initial point clouds come from an MVS reconstruction [124], which contains a lot of

noise, leading to a noisy surface out of F−1
uv as shown in Fig. 3.8. To prevent a degradation in the

surface texture quality, we remove the supervision on this initial point cloud after initialization.

Instead, our cycle loss can continue improving the noisy initialization and let the inverse mapping

network F−1
uv discover a smooth surface as shown in Fig. 3.8.

3.5.4 Extension to reflectance fields

NeuTex can be incorporated into different volume rendering pipelines. We now discuss

combining it with the recent Neural Reflectance Fields [8, 7] that reconstructs BRDFs in volume

rendering from flash images.

Instead of directly outputting radiance c, [7] regresses normal n and reflectance parame-

ters r at each shading point, and introduces a reflectance-aware volume rendering that computes

radiance from these shading properties under given viewing and lighting condition. We corre-

spondingly modify our geometry network Fσ to jointly regress volume density and normal, and

change the texture regression network Ftex to regress the reflectance parameters in the texture

space. Our central texture mapping and inverse mapping networks remain the same for this case.

The modified network naturally provides the required volume properties in the reflectance-aware

volume rendering process.

We show that our neural texture mapping can enable high-quality BRDF texture extraction

in this setting in Fig. 3.7 on the two scenes from [7]. Our approach achieves realistic rendering

(Fig. 3.7.b) that reproduces the original appearance, discovers a reasonably uniform texture space

(Fig. 3.7.c), successfully unwraps the surface BRDFs into this space (as shown by the albedo

maps in Fig. 3.7.d), and enables realistic rendering with BRDF editing in the texture space

(Fig. 3.7.e-g). These results demonstrate the generality of our neural texture mapping framework

and inspire potential future applications of our technique on other neural rendering tasks.

55



3.6 Clarification on Cube map Visualization

We briefly clarify our texture visualization (with cubemaps) used in our main paper. As

discussed in Section 3.3.3 in the paper, we use spherical UVs for our texture mapping, where

u represents a point on the surface a unit sphere. For all the figures in the main paper, we use

cubemaps [41] to visualize the spherical domain. A cubemap consists of sixes faces of a unit box,

recording all the color information projected from a unit sphere (as shown in Fig 3.9), which

is widely used in graphics for spherical mapping. An alternative standard way to visualize a

spherical function is to use a equirectangle map. We show the correspondence between a cube

map and a equirectangle map in Fig. 3.10. We use cubemaps in the paper since they involve less

distortion, avoiding the distorted regions in the top and bottom of equirectangle maps.

Figure 3.9. Cube map projection. The color at each point on the unit sphere is projected to a
point on the cube centered at the origin. A cubemap is obtained by “opening up” the cube.

Figure 3.10. Cube maps on the second row corresponds to the equirectangle maps on the first
row. They are different projections of the same spherical texture. A cubemap has a smaller
distortion on the Y direction.
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Figure 3.11. Network structure for the 4 networks. x represents 3D coordinates. γ denotes
positional encoding. u represents texture-space points (3D points on the unit sphere). d represents
a 3D unit vector for viewing direction. σ is predicted volumetric density. c is predicted radiance.

3.7 Network Implementation Details

3.7.1 Network structure

We show the detailed network architecture for Fσ ,Fuv,F−1
uv and Ftex in Figure 3.11.

3.7.2 Training details in initialization

Here we describe in detail how we do the initialization stage mentioned in Sec 4.2. in the

paper. Given a point cloud from Colmap, we first downsample it to one with 2,000-3,000 points.
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We denote this point cloud as Pgt . We then sample 2,500 points uniformly in the UV space (the

unit sphere). We denote the set of UV coordinates as P.

Chamfer loss. The Chamfer loss is simply the Chamfer distance between F−1
uv (P) and

Pgt , where F−1
uv (P) corresponds to the point cloud generated by inverse-mapping very UV in P

to the 3D space using the network F−1
uv .

Lchamfer = Chamfer(F−1
uv (P),Pgt)

Inverse loss. We also leverage a loss that is similar to our cycle loss to let the initialization

also influence the texture mapping network Fuv. In particular, instead of the 3D-to-2D-to-3D

cycle mapping used the cycle loss in Eqn. 12 of the paper, we leverage a 2D-to-3D-to-2D cycle

mapping in the initialization, given by:

Lcycle2 = ||Fuv(F−1
uv (P))−P||22

Rendering and mask loss. The same rendering and mask loss as described in section

4.1 are also applied in the initialization stage. So the loss at initialization stage is

Linit = Lchamfer +aLcycle2 +bLrender + cLmask

where we set a = 100, b = c = 1.

3.8 Additional Results

3.8.1 Full quantitative comparison

We have shown the averaged quantitative results across five DTU scenes in Tab. 1 of

the paper. Detailed comparisons on individual scenes are provided in Table 3.2. Similar to the

average scores, though slightly worse than NeRF, our method significantly outperforms other
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Figure 3.12. Comparison on the remaining DTU scenes.

Input (a) NeuTex Render (b) Checkerboard (c) Cubemap (d) Texture Edit View 1 (e) Texture Edit View 2 (f) Edited Cubemap (g)

Figure 3.13. Additional texture editing on DTU scenes.

traditional and neural rendering methods.

3.8.2 Additional visual results

Figure 3.12 shows the visual comparison of different methods on the remaining 2 DTU

scenes. Figure 3.13 shows additional texture editing results. Please refer to the attached video

for more results on view synthesis and editing.

3.9 Conclusion

We have presented a novel approach that enables texture mapping in neural volumetric

rendering. We introduce a novel disentangled neural scene representation that models geometry

as a 3D volume and models appearance as a 2D texture in an automatically discovered texture

space. We propose to jointly train a 3D-to-2D texture mapping network and a 2D-to-3D inverse

mapping network to achieve surface reasoning and texture space discovery, using a surface-aware
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Table 3.2. PSNR/SSIM for novel view synthesis quality on 4 held-out views on 5 DTU scenes.

55 83 114 118 122
Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
SRN[130] 21.35 0.673 28.68 0.929 23.75 0.808 28.74 0.900 27.75 0.877
DeepVoxels[129] 17.21 0.532 23.76 0.858 17.97 0.606 23.18 0.764 22.12 0.748
COLMAP[124] 21.25 0.784 27.11 0.921 20.69 0.809 27.43 0.907 26.66 0.905
NeRF[89] 26.78 0.913 31.77 0.952 27.38 0.918 33.98 0.954 33.72 0.955
Ours 22.67 0.808 30.61 0.931 26.45 0.891 30.67 0.916 30.75 0.925

cycle consistency loss. As demonstrated, our approach can discover a reasonable texture space

that meaningfully explains the object surface. Our method enables flexible surface appearance

editing applications for neural volumetric rendering.
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Chapter 4

Building a General Embodied AI Simula-
tion Framework

SAPIEN is a simulation platform that offers high-performance GPU simulation and

rendering, as well as realistic sensor simulation, to support the development of environments and

applications that advance the field of embodied AI. In this report, we document the technical

details of SAPIEN, including its core architecture, rigid and deformable body simulation systems,

high-performance and high-quality rendering systems, realistic sensor simulation methods,

example reinforcement learning environments, and software interfaces.

4.1 Introduction

The field of embodied AI focuses on the study of agents that perceive and interact with

physical environments. Its cross-disciplinary nature necessitates concerted efforts from a wide

range of fields. For instance, if we ask a home-assistant robot to bring me a bottle of water from

the fridge, it needs to perceive the speech (audio processing), understand the sentence (natural

language processing), recognize the fridge and the bottle (visual perception), formulate tasks to

execute (planning), reach the fridge through the house (navigation), and use arms and grippers to

open doors and grasp objects (control). The high system complexity, hardware cost, and time

consumption of real-world embodied AI systems necessitate the use of simulators as testbeds

to develop algorithms. In addition, simulators can offer higher flexibility and efficiency over
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real-world systems. For example, Habitat [121, 137] and AI2-THOR [65] leverage simulators

to abstract away detailed physical interactions and allow researchers to test high-level planning

algorithms without developing low-level control; IsaacGym [81] and MuJoCo XLA [93] leverage

the computational power of modern hardware to run virtual environments thousands of times

faster than real-world speed.

Building simulation systems for embodied AI involves challenges from multiple aspects.

1) The simulation system needs to reproduce real-world physics to some extent, but there

currently does not exist a unified framework to simulate common physical phenomena. 2)

The simulation system needs to support efficient and realistic rendering to enable fast agent

training and to mitigate gaps between simulated and real visual sensors. 3) The system should be

equipped with an intuitive programming interface and user interfaces to enable researchers to

swiftly prototype and design solutions. 4) The system needs to integrate assets and tasks to allow

for the definition of meaningful research problems.

This paper describes our embodied AI simulation framework, SAPIEN *, which addresses

the aforementioned challenges by providing a modularized framework to allow the incorporation

of latest progress in physical simulation, rendering, sensor modeling, object capturing, etc.,

towards building embodied AI environments.

This work is organized as follows. Section 4.2 describes SAPIEN’s overall engine

architecture. Section 4.3 discusses the physical simulation systems provided by SAPIEN and

their interactions. Section 4.4 describes the highly efficient and extensible rendering system.

Section 4.5 demonstrates manipulation benchmarks created in SAPIEN to support research on

generalizable manipulation. Section 4.6 describes the programming interfaces, user interfaces,

and extension systems.

*Specifically, this document outlines details of SAPIEN version 3.1, currently being actively developed
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Figure 4.1. SAPIEN uses an Entity-Component System architecture to organize simulation
objects in a scene. Each object in the virtual environment is represented as an Entity with different
types of attached Components. For instance, a camera mounted on a robot arm is modeled as an
entity with an articulation link component and a camera component. Systems update groups of
components of specific types. For example, the render system takes camera components and
render body components to generate sensor images. On top of the ECS organization, SAPIEN
provides actor builders, articulation builders, and asset loaders to simplify the building process
of common components. These builder APIs are agnostic to the implementation of components
and systems.

4.2 Engine Architecture

SAPIEN’s engine architecture has undergone multiple iterations of improvements through

feedback from users and developers since the original release [158]. Most notably, SAPIEN 3 has

transitioned its core engine architecture from an object-oriented design to an Entity-Component

System (ECS), a software design pattern popularized by game engines including Unity [60]

and Unreal [34]. While ECS is also commonly associated with data-oriented programming [68,

86, 126], SAPIEN does not enforce a data-oriented paradigm, and ECS is mainly a means for

organizing code for flexibility and modularity.

SAPIEN additionally provides higher-level builders to offer a simpler interface for

building common components. This builder design pattern allows SAPIEN to maintain a stable

API when the underlying implementation of systems and components changes. An example of

SAPIEN’s ECS and builder organization is provided in Fig. 4.1. The relation between entities,

components, and systems is summarized in Fig. 4.2.
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Figure 4.2. Relations between SAPIEN’s Scene, Entity, Component, and System.

4.2.1 Entity-Component System

An Entity in SAPIEN represents a single object of any kind, such as robot links, tables,

lights, and cameras. An entity on its own only defines its 6D pose (position and orientation) in

space without any real functionalities. The functionalities of an entity are defined by components

attached to it.

A Component represents a single functionality attachable to an entity. For instance,

attaching the PhysX Rigid Dynamic Component indicates that the entity is simulated as a dynamic

rigid body with the PhysX simulator; attaching the Render Camera Component indicates that the

entity can be used to capture images of the visual world. Conceptually, an entity may contain an

arbitrary number of components of the same or different types. This property also necessitates a

compositional design such as ECS, as an object-oriented architecture would require a unique

inheritance structure for any combination of component types.

A System performs actions over components of specific types. For example, the PhysX

System updates all components related to the PhysX simulator; the Render System combines

visual body components and camera components to render images.

Entities, components, and systems in SAPIEN interact within Scenes. Each scene

represents a simulated world and contains a list of entities and systems. A system can be added
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to multiple scenes to allow updating components across multiple scenes at once; this is especially

useful in the case of the PhysX GPU system, which we discuss in section 4.3.1. An entity may

only be added to a single scene, and a component may only be attached to a single entity. SAPIEN

ties the creation and destruction of actual component functionalities to a scene. A Component is

required to implement 2 lifecycle methods: on add to scene and on remove from scene. These

methods are invoked at appropriate times when components are added to entities, entities are

added to scenes, or components are enabled or disabled. Components typically register or

unregister themselves from systems when executing the lifecycle methods so that the systems

can keep track of which components need to be updated.

4.2.2 Builders and Asset Loaders

Despite the overhaul of core architecture from OOP to ECS, SAPIEN’s world-building

APIs have remained mostly unchanged due to an additional layer of builders for creating actors

(physical and visual objects) and articulations (robots). Instead of directly creating entities and

components, SAPIEN’s users create an Actor Builder and specify object properties, including

initial pose, collision geometry, visual shapes, mass, friction, etc., through a series of build

steps. The builders separate entity creation from specific implementations of physical and visual

components to maintain a stable API in the event of refactoring in the future.

In the robotics and graphics community, several file formats have been standardized to

describe assets, such as collision meshes, visual shapes, and robots. For example, the widely

used URDF format describes the kinematic structure, collision, visual, and sensor information

about a robot. SAPIEN handles these assets at the builder level. Link and joint tags in a URDF

file are parsed to articulation builders, and sensor tags are loaded as sensor components such as

the camera component.
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Figure 4.3. Overview of PhysX rigid body features exposed by SAPIEN, including physical
bodies — static, dynamic, and articulated, physical constraints — gear and drive, collision
geometry — plane, sphere, box, capsule, convex mesh, and non-convex mesh.

4.3 Multi-Physics Systems

Physical simulation sets the scope of robotic problems that can be explored in a virtual

environment. Static scene navigation requires a static collision checker; object rearrangement

with pick-and-place at least requires rigid body dynamics simulation; manipulating soft and

deformable materials requires incorporating computational methods from solid and fluid me-

chanics.

SAPIEN offers 3 physical simulation systems: a rigid body simulation system for classical

navigation and robotic manipulation problems based on PhysX [100] detailed in section 4.3.1,

and deformable body simulators we developed in-house featuring finite-element method and

material-point method in section 4.3.2.

4.3.1 PhysX Rigid Body Simulator

Among popular rigid body simulation frameworks including PhysX [100], Bullet [28],

MuJoCo [144], and Drake [141], SAPIEN chooses PhysX as the rigid body simulation backend

since it offers the most flexible API and the highest GPU simulation performance. In this section,

we detail the supported simulation features and CPU/GPU interfaces in the rigid body simulation

system.

66



Rigid Body features

SAPIEN exposes rigid body simulation features of PhysX to client applications as

SAPIEN components, including physical body components (rigid static, rigid dynamic, and

articulation link) and physical constraints such as drive and gear. We summarize the relation

between common rigid body components in a class diagram in figure 4.3. The functionalities of

these components are outlined below. We refer to PhysX documentation* for a more detailed

understanding of the inner workings of the simulator.

Physical Bodies

Different types of physical bodies differ in their dynamic behavior. Static bodies maintain

a fixed pose during the simulation and do not respond to any forces. Dynamic bodies react

to external forces such as gravity, contact force, or user-specified force. Articulation links are

simulated with PhysX reduced-coordinate articulations. Many articulated links are connected

with articulation joints to form tree-structured articulations. SAPIEN exposes 0-DOF fixed

joints and 1-DOF revolute (hinge) and prismatic (slider) joints. These articulation joints can be

controlled directly with joint torque, or by PhysX’s built-in PD position/velocity controllers.

Collision Shapes

All 3 types of physical bodies above can have collision shapes attached to define their

collision geometry, including 4 types of primitive shapes — plane, sphere, box, capsule, and 2

types of meshes — convex and non-convex. Collision detection for non-convex shapes is only

supported by CPU static rigid body or any type of GPU body using PhysX’s SDF-based collision

detection feature [98]. A physical material is associated with each collision shape to define its

surface properties including friction and restitution coefficients.

*https://nvidia-omniverse.github.io/PhysX/physx/5.3.1, accessed Aug. 1, 2024
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Figure 4.4. Illustration for SAPIEN’s data-passing pipelines with NVIDIA PhysX CPU backend
(a) and GPU backend (b). CPU and GPU backends share the same component creation and
physical stepping logic but differ in how they get and set states. CPU system supports the
most intuitive API and allows client applications to directly fetch and apply states of individual
physical components. GPU system maintains batched simulation states for all components
as GPU tensors and client applications directly work with GPU tensors to avoid CPU-GPU
communication and achieve higher performance.

Physical Constraints

PhysX uses Joints to define physical constraints between physical bodies. While PhysX

supports many types of joints such as revolute, prismatic spherical, gear, and D6 joints, some

joints can be used to implement others. For example, the D6 joint allows defining constraints

on arbitrary dimensions of the relative poses of jointed bodies and can be used to implement

revolute, prismatic, and spherical joints. Therefore, SAPIEN exposes a minimal set of joints,

including the D6 joint named Drive and the Gear joint.

CPU and GPU APIs

PhysX provides an open-source cross-platform CPU implementation, and a proprietary

GPU implementation*. The GPU implementation features a direct mode allowing for data-

oriented access to GPU buffers which enables us to design low-overhead systems that combine

simulation, rendering, and agent training on the GPU. SAPIEN mirrors PhysX’s design and

provides a CPU PhysX system and a GPU PhysX system. How a SAPIEN client application

constructs and communicates with PhysX systems is summarized in Figure 4.4 and discussed in

*GPU PhysX also supports some types of particle and FEM simulation. These are independent of the rigid body
engine and thus not discussed here.
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the following paragraphs.

Physical scene construction

Both the CPU PhysX system and GPU PhysX system share the same scene construction

procedure. A client application creates physical components, attaches them to entities, and adds

entities to scenes, preferably with builder APIs. A small distinction between CPU and GPU

systems is that SAPIEN supports creating a separate CPU PhysX system per scene, whereas

all scenes using the GPU PhysX system must share the same global system due to the internal

design of PhysX. SAPIEN handles this by assigning each SAPIEN scene a configurable offset

in the PhysX world. SAPIEN then hides this offset from client applications by automatically

adding or subtracting it in all APIs.

CPU APIs

SAPIEN prioritizes simple and intuitive APIs for CPU rigid body simulation. The client

application can directly read and write simulation states by invoking member functions on

corresponding physical components, for example, get linear velocity and set force torque

on dynamic bodies and set target position on articulation joints attached to articulation links.

Setting and getting poses are handled slightly differently since pose is a common property shared

by all entities instead of physical components. SAPIEN always keeps entity poses in sync with

PhysX’s internal poses by updating the internal poses immediately when the pose of an entity is

modified, and it updates the poses of all entities immediately after the simulation is stepped.

GPU Tensor APIs

SAPIEN prioritizes performance for GPU rigid body simulation and exposes data-

oriented APIs. Client applications fetch and write to simulation states via flat CUDA tensors,

a design pioneered by Isaac Gym [81]. For example, the position, orientation, linear velocity,

and angular velocity of all dynamic bodies and articulation links in all scenes are available in a

single CUDA tensor; forces and torques can be applied to simulation bodies via the force/torque
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Figure 4.5. SAPIEN’s PhysX GPU system uses global tensors to store simulation states. For
example, the body states for dynamic rigid bodies and articulation links in all scenes are stored
in a single body state tensor. All articulation states are padded to equal length so that link states
can be retrieved per object or per articulation based on different views and slices. Similarly,
the client application applies forces and torques to any rigid body by writing the global body
force/torque tensor. These tensors can be accessed by most Python GPU libraries such as Torch,
Jax, CuPy, and Numba.

tensor. Values in these tensors can be fetched and/or applied to the physical simulator depending

on the tensor type and body type, as summarized in Figure 4.5.

SAPIEN further improves upon IsaacGym’s design to support heterogeneous scenes. In

IsaacGym and other existing frameworks using GPU PhysX, all scenes are required to share the

same robots and objects, or at least assets with the same degrees of freedom for the scene states

to be batched. However, this is not a fundamental limitation of the physical simulator. SAPIEN

features a design that allows each scene to contain physical bodies of arbitrary numbers and

types.

First, unlike IsaacGym which batches simulation states by scene, SAPIEN batches states

of individual rigid bodies. States for bodies of the same scene do not need to be placed in

consecutive memory. The body state tensor contains tightly packed states of all rigid dynamic

bodies followed by all articulation links. Instead of tightly packing states of articulation links,

SAPIEN allocates the same amount of state slots for each articulation based on the articulation

with the maximum number of links. Link states are then filled into the first slots of each

articulation, leaving the rest as padding. This design allows the body state tensor to be viewed by

individual bodies or by articulations and simplifies data access. A client application could easily

access data associated with a robot with a global articulation index, or data associated with a link
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with a global body index. For example, imagine solving a generalizable cabinet door opening

task, the application loads a different cabinet in each scene and needs to access the pose of a

different cabinet door in each scene. It simply needs to maintain an index tensor of all doors and

then index the global body state array with the index tensor. SAPIEN applies the same design

principle to all CUDA tensors and enables the designing of parallel heterogeneous environments,

a feature crucial for training generalizable agents in diverse environments.

4.3.2 Deformable Body Simulators

Rigid bodies constitute only a small portion of everyday objects. To support training

agents to manipulate a wider range of materials, more advanced simulation techniques are

required. For example, the finite-element method (FEM) subdivides 3D objects into tetrahedral

or hexahedral elements with movable vertices to model deformation. FEM is suitable for soft

bodies undergoing small deformables and requires significant modifications such as remeshing

to support large deformation and fracture. Particle-based models and solvers such as smoothed-

particle hydrodynamics (SPH) [133, 5] and material-point methods (MPM) [51] are often

preferred in this case since they naturally handle large deformation and topology changes.

FEM System

SAPIEN provides a finite-element-method-based deformable mesh simulation through

the Incremental-Potential Contact (IPC) [71] method, which guarantees non-penetration contacts

at the cost of simulation speed. This IPC system is an optimized GPU implementation intended

to support accurate simulation of soft contact sensors, where in our previous work [22], we

have validated that IPC-based simulation can accurately and stably simulate deformations on

visuotactile sensors, and reinforcement learning policies for peg insertion and lock opening using

tactile signal as input trained on the FEM simulator can transfer to the real world. We refer to

the original paper for details. In SAPIEN IPC, we support the Neo-Hookean [131] material

model and solve incremental potential minimization with the Newton line search method. We
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Table 4.1. Simulation parameters supported by SAPIEN IPC system.

Type Parameter Description
Time step Simulation time step

Scene
Gravity Scene gravity
Distance threshold Distance threshold for IPC Barrier
Relative velocity threshold IPC friction smoothing
Maximum velocity Maximum velocity for FEM vertices
Barrier stiffness IPC Barrier function stiffness

Constraint model

Attachment stiffness Constraint stiffness for point attachment
Preconditioner Enable Jacobi preconditioner for CG
CG tolerance Error threshold for CG

Linear solver
(conjugate gradient)

Max iterations Maximum CG iterations
Stopping threshold Stopping threshold for Newton’s method

Newton solver
Max iterations Max iterations for Newton’s method
CCD slackness CCD slackness parameter

CCD parameters
max iterations Max number of iterations in line search
Young’s modulus Compression stiffness for a tet element
Poisson’s ratio Characterize Poisson effect for a tet element
Density Tet element density to compute mass

Material model

Friction coefficient Coulomb’s friction coefficient for tet surface

implement a matrix-free parallel preconditioned conjugate gradient as the linear system solver

and use additive continuous collision detection [72] to find the maximum line search step length.

Here we summarize the parameters of the provided IPC system in Table 4.1.

MPM System

SAPIEN MPM system is a systematic GPU re-implementation of the MPM environments

in our ManiSkill 2 based on the MLS-MPM algorithm [51]. We refer to the original ManiSkill

2 [43] paper for details.

SAPIEN MPM supports materials with 2 types of different yield criteria, von Mises and

Drucker-Prager. Von Mises model is suitable for modeling clay-like materials such as plasticine.

Drucker-Prager model is suitable for modeling granular material such as sand and soil. SAPIEN

models contact between MPM material and rigid boundaries with a particle-based soft contact

model where an elastic force is applied to particles penetrating object surfaces and friction is

computed with Coulomb’s model. The MPM particles are simulated in a fixed grid domain,
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Table 4.2. Simulation parameters supported by SAPIEN MPM system.

Type Parameter Description
Time step Simulation time step

Scene
Gravity Scene Gravity
Mass Initial mass for a MPM particle
Volume Initial volume for a MPM particle
Young’s Modulus Compression stiffness for a particle
Poisson ratio Characterize Poisson effect of a particle
Type Yield model: von Mises or Drucker-Prager
Friction angle (Drucker-Prager) Angle of internal friction for granular material

Particle

Cohesion (Drucker-Prager) Cohesive strength for granular material
Contact stiffness Stiffness for soft contact
Contact damping Damping for soft contactBody
Contact friction Contact friction coefficient
Grid dimension Total dimension for MPM simulation domain

Grid
Grid length Side length of a grid cell

Figure 4.6. Deformable manipulation environments supported by SAPIEN MPM system,
rendered with SAPIEN ray-tracer (section 4.4.2) after marching cubes on particles. Image
extracted from ManiSkill 2 [43].

where greater cell length typically results in a more stable MPM system but with fewer details.

We summarize exposed simulation parameters in Table 4.2. We show sample environments

created with the MPM simulator in Figure 4.6.

Coupling between Rigid and Deformable Simulation

To allow using existing robots in the rigid body simulator to manipulate deformable

bodies. A coupling mechanism is required to allow interaction between simulators. We have

implemented a two-way dynamic coupling for rigid-MPM systems, and rigid-FEM coupling can

be implemented with the same principle.

When simulation begins, SAPIEN copies collision shapes from the rigid body simulator

to the deformable simulator. Primitive shapes (box, capsule, etc.) are represented as analytical
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signed distance functions (SDFs) and meshes are converted to dense volume SDFs stored as

GPU textures or sparse volume SDFs stored in NanoVDB format [96]. After each rigid body

simulation step, poses and velocities of rigid bodies are copied to the deformable simulator to

update the state of the SDF shapes. During deformable simulation, these SDF shapes are used as

contact boundary conditions. Forces applied by the boundaries are recorded and accumulated as

rigid body forces and torques, which are copied back to the rigid body simulator. This procedure

is summarized in Figure 4.7.

While this coupling method does not solve rigid body and deformable body interactions

in a unified scheme and can result in unstable contacts for stiff contact parameters, this issue can

be mitigated by taking smaller time steps. Additionally, this method allows any two physical

systems to couple at the geometric level, enabling users to experiment with multi-physics systems

without modifying core simulation algorithms.

PhysX Rigid Body

(Mesh)

Boundary Shape

(SDF)

Copy Pose

Copy Force
Particles

Resolve

Contacts

PhysX 
System

Update

Pose

Deformable 
System

Update

Positions

Rigid Body Simulation

Deformable Body Simulation

Figure 4.7. Two-way dynamic coupling between rigid and deformable physical systems. Rigid
and deformable body simulators step alternatively. After each step, rigid body poses are trans-
ferred to the deformable body simulator, and deformable body forces are transferred to the rigid
body simulator.

4.4 Unified Rendering System

Image rendering serves two crucial purposes in Embodied AI simulation systems. First,

rendering is the foundation for visual sensor simulation, such as RGB cameras, stereo/time-of-

flight depth sensors, and LiDARs. These simulated sensors are then used to test a wide variety of

downstream tasks that require visual inputs, ranging from autonomous driving to navigation and

object grasping. Second, rendered images can often provide privileged information unobtainable

in real captures, such as normal and depth maps. Such information can be used as ground-truth

information to develop vision and robotics algorithms, including depth estimation and object

pose prediction.
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While real-time rendering methods and photorealistic rendering techniques have been

extensively researched over the past decades, especially in movie and game industries , rendering

in embodied AI simulators faces several unique challenges (a) While previous real-time rendering

applications typically target a fixed frame rate such as 30 FPS or 60 FPS, an embodied AI learning

system can always benefit from improvements in rendering throughput and thus has more room

for optimization. (b) Modern AI systems use batched environments, which involve rendering

multiple (sometimes thousands of) scenes, which is a different workload compared to existing

game or movie renderers, which are optimized for rendering a single scene with many objects.

(c) Specific rendering algorithms still need to be developed to simulate sensor-specific effects,

such as noise patterns in stereo and time-of-flight depth sensors. (d) The rapid advancement of

3D capture techniques and their associated 3D representations necessitates a highly customizable

and flexible system to allow the implementation of new rendering techniques to support them.

In this section, we detail how SAPIEN renderer addresses these challenges above. Sec-

tion 4.4.1 and Section 4.4.2 discuss the architecture for SAPIEN renderer and demonstrate how

it improves the rendering performance of previous state-of-the-art by orders of magnitudes.

Section 4.4.4 and Section 4.4.5 discuss our implementation of depth simulation algorithms that

allows models trained on synthetic images to transfer to real-world ones.

4.4.1 Visual Learning System Optimization: End-to-end GPU Execution

The main goal of visual learning system optimization is to maximize the total through-

put: the total number of samples (physical states and rendered images) collected over all

simulation environments. An immediate solution to improve throughput is through paralleliza-

tion. Classical visual learning frameworks, including robosuite [171], Habitat [121, 137], and

AI2-THOR [65] parallelizes environments through multi-processing: executing a simulator that

does CPU physics and GPU rendering per process as illustrated in Figure 4.8(a). While this strat-

egy is the most flexible, it prevents CPU and GPU resource sharing across different environments.

EnvPool [152] introduces a more efficient multi-threading model but requires implementing
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environments.

environments in C++, which limits its adoption. In the previous version of SAPIEN, we intro-

duced a render-server architecture (Figure 4.8(c)) to execute the physical simulation in multiple

processes but rendering in a central process. We refer to [43] for more details. The render server

enables developers to create highly efficient visual environments while maintaining the flexibility

of using Python for building these environments. However, the server-client architecture involves

complex communication protocols and incurs significant maintenance costs.

Recent advancements in GPU simulation [73, 98] and Python GPU frameworks [105, 9]

have given rise to fully GPU-based learning environments such as Isaac Gym [81]. With the

computation power of modern GPUs, Isaac Gym significantly accelerates physical simulation

speed. However, it lacks native rendering support. Attempts to add rendering to Isaac Gym

environments result in significant CPU overhead due to the issuing of rendering commands for

thousands of scenes, as illustrated in Figure 4.8(b).

We identify the major bottlenecks in these GPU environment designs and present end-

to-end GPU visual environment architecture(Figure 4.8(d)), which maximizes GPU utilization

and minimizes CPU overhead with 3 key optimization techniques, pre-recording, single-pass
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Table 4.3. Environment speedups from rendering techniques. PR: pre-recording. SP: single-
scene multi-pass. CT: compute-based transfer. The baseline includes none of these techniques.
Environment performance is measured in FPS (camera image frames per second).

Technique
Cartpole (RGB) Cartpole (RGB+PCD) Replica (RGB) Replica (RGB+PCD)

128×128 512×512 128×128 512×512 128×128 512×512 128×128 512×512
Baseline 69.6K 11.7K 69.7K 11.7K 5.30K 3.91K 5.20K 3.60K
PR 142K 15.9K 141K 15.9K 60.8K 14.9K 53.8K 9.94K
PR+SP 218K 16.2K 217K 16.2K 69.5K 15.8K 60.3K 15.8K
PR+SP+CT 1246K 58.7K 1239K 58.6K 75.0K 20.9K 73.1K 19.1K
GPU Memory 2.26G 10.1G 2.26G 10.1G 2.57G 10.6G 2.57G 10.6G

Figure 4.9. Visualization for rendered RGB images (512×512) in Cartpole (left) and Replica
(right).

multi-scene rendering, and computed-based transfer. We test the speedups for these techniques

under different scene complexity, rendering modes, and image sizes. In all tests, RGB images

are rendered in 4-channel uint8 format, and point clouds in 4-channel int16 format quantized

to millimeters, and the last channel additionally stores object segmentation. The results are

summarized in Table 4.3 and rendered RGB images are shown in Figure 4.9.

Pre-recording

Pre-recording refers to the technique of recording rendering commands once ahead of

time, and reusing the recorded commands every time a frame needs to be rendered. In a legacy
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OpenGL-style rendering pipeline (Figure 4.10(a)) widely used in modern simulators including

MuJoCo [143] and Habitat [121], the renderer uploads data and issues draw calls for each

rendered object. However, these operations are CPU intensive and may cause the GPU to idle

because CPUs cannot dispatch draw calls fast enough. This issue is especially prominent since

most embodied AI simulators do not support recording draw calls from multiple CPU threads.

Even when they do, many GPU compute clusters lack the necessary CPU power to handle such

workloads.

We observe that, unlike games where objects are constantly changing and require re-

drawing, learning environments typically use the same set of objects throughout the episode.

Consequently, the same set of drawing commands can be reused for all frames. Since SAPIEN

2 [43], our renderer pre-records the rendering commands for all objects and all cameras ahead

of time (Figure 4.10(b)) and rendering a frame only involves updating GPU data and execut-

ing the pre-recorded commands, achieving state-of-the-art rendering performance at the time.

Implementing pre-recording requires a modern graphics API and we use Vulkan for the best

cross-platform compatibility. However, other rendering techniques, such as multi-draw and

bindless rendering, can also address the same problem and have support in some OpenGL drivers.

We will further discuss these techniques in section 4.4.2.

The benefit of pre-recording is best demonstrated when rendering complex scenes with

many objects as shown in Table 4.3 Replica scenes, where pre-recording draw calls can provide

10× speedups.

Single-pass multi-scene rendering

We further observe that when rendering simple environments, frequently switching render

passes becomes a major bottleneck. In an ideal scenario, each render pass should execute as

many draw calls as possible. Since batched learning environments typically use the same render

process across all scenes and all cameras, it allows for all cameras to share a single render pass

as long as they are rendered into different regions (specified by viewports) of the same set of
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images (Figure 4.10(c)). With this technique implemented, we see a significant performance

improvement in fast environments where rendering is fast and transfer is the bottleneck, for

example, the Cartpole environment rendering FPS goes from from 142K to 218K FPS. A similar

technique is also described in NVIDIA’s concurrent work IsaacLab (successor of Orbit [90]),

which they refer to as tiled rendering. However, IsaacLab’s renderer only achieves about 60k

FPS on the same setting. Apart from system optimizations, a major contributing factor to

this performance difference is that IsaacLab adopts a single-scene architecture similar to game

engines, where all objects and cameras of all environments are added to the same scene. As a

result, every camera in IsaacLab issues draw calls for all objects in all environments, leading to

wasted draw calls on invisible objects.

Compute-based transfer

When the rendering speed reaches 200K FPS for 128×128 images, we observe that

transferring data from Vulkan images to Vulkan buffers, which are then exposed as CUDA

tensors, has become the major bottleneck. We find through experiments that performing the same
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Before each rendering step, the synchronization manager invokes a CUDA kernel to compute
updated render poses based on PhysX poses and cached information.

data copying with compute shaders takes significantly less time than using copy commands. We

believe this phenomenon is due to specific implementations in NVIDIA’s GPU driver. There-

fore, we replace the copying commands with compute commands to gain further performance

improvements, allowing the simplest Cartpole environment to generate more than 1M 128×128

images per second.

Optimizing data transfer between GPU simulation and rendering

In addition to optimizations within the renderer, SAPIEN optimizes data transfer between

GPU physical simulation and rendering by directly transferring poses on the GPU through a

synchronization manager, bypassing the PhysX-CPU-renderer path, as shown in Figure 4.11.

4.4.2 Ray-tracing and Bindless Rendering

In addition to the blazingly fast multi-environment rendering, SAPIEN supports pho-

torealistic rendering through ray-tracing, which is suitable for high-fidelity sensor simulation

where a smaller domain gap from the real world is preferred over rendering speed. SAPIEN’s ray

tracing implements the standard GGX shading [148] model and standard PBR material. SAPIEN

also integrates 2 image space denoisers: NVIDIA OptiX [16] and OpenImageDenoise [3]. The

unique advantage of SAPIEN ray tracing framework is its unified resource management with

rasterization, which allows for resource sharing and even mixing the two techniques to synthesize

a single image.
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In classical rasterization pipelines, resources such as vertex buffers and textures are

bound to each draw call and shaders only have access to the bound resources, as illustrated in

Figure 4.12(a). This is feasible since we know what resources are needed to draw each triangle.

However, ray tracing’s nature requires shader programs to access all GPU resources at all times

since we cannot predict what triangle a ray would hit. Other simulators [171, 90] and previous

versions of SAPIEN choose to separate rasterization and ray tracing implementations completely.

These designs prevent efficient memory sharing and pipeline mixing between the two rendering

modes.

In SAPIEN, We have redesigned GPU resource management based on the ray tracing

model by leveraging modern rasterization features like bindless rendering. Bindless rendering

allows rasterization shaders to access all graphics resources globally, as shown in Figure 4.12(b).

Instead of accessing resources from fixed bindings, shader programs in bindless rendering access

resources by dynamic indices stored in GPU buffers as shown in Figure 4.12(c). Bindless

rendering also enables the multi-draw feature, where instead of using the CPU to issue draw calls

one by one, multi-draw allows encoding multiple draw calls into a GPU buffer and executing

with a single command. This paradigm can serve as an alternative approach to minimize CPU

workload during rendering.

4.4.3 Software Architecture

SAPIEN renderer’s software focuses on providing a flexible and configurable system.

Conceptually, SAPIEN renderer consists of 4 modules: shader manager, scene graph, resource

manager, and renderer, which we summarize in figure 4.13.

Shader Manager

Shader manager is a static configuration system for SAPIEN’s rendering pipelines. We

use Shader Pack to refer to a set of configs that describes a complete rendering procedure. A

shader pack consists of a sequence of Shader Pipelines, each describing a rendering step. For
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Figure 4.12. (a) Classical rendering pipelines group buffers and textures into many sets and
shaders may only access a specified set of bound resources. (b) Bindless rendering defines a
single descriptor set globally and all resources are visible to all shaders. SAPIEN currently
provides global resources of 4 types, buffers, sampled images (textures), storage images, and
acceleration structures. (c) SAPIEN’s shader programs access buffers with dynamic indexing.
For example, the shader program first accesses the scene buffer with the scene index stored in the
draw buffer of rasterization or geometry buffer in ray tracing, then retrieves the environment map
index from the scene buffer, and finally retrieves the environment map from the texture array.
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example, a shader pack may consist of a rasterization pipeline for auxiliary information such

as segmentation, a ray tracing pipeline for RGB images, a denoising pipeline for denoising

ray-traced images, and a composite pipeline that combines the rasterized and ray-traced images.

Rasterization and ray-tracing pipelines further decompose to shader files (vertex shader, fragment

shader, ray miss shader, etc.) and config variables exposed to end users.

Scene Graph

The scene graph is a standard tree structure that stores transformations of objects, lights,

and cameras. Conceptually, Nodes in the scene graph can contain GPU resource handles. For

example, object nodes contain meshes with GPU vertex buffers and materials with GPU textures.

These resource handles are allocated and managed by the resource manager.

Resource Manager

The resource manager is a singleton that manages all graphics resources such as buffers,

images, and acceleration structures. The resource manager binds all resources to the global

descriptor set used in bindless rendering. For images and acceleration structures, each resource

created is assigned a unique ID and bound to their corresponding global arrays. The IDs are

recycled when resources are deleted.

When shader files are loaded into shader packs, SAPIEN renderer parses their content

through code reflection and reads the buffer variables declared in the shader files. Buffer variables

with the same name are required to share a similar data type. For example, vertex position buffers

must be float3 arrays and light buffers must all be 256 bytes in size. GPU data corresponding

to shader variables with the same name are placed into the same Vulkan buffer with different

offsets. For example, the GPU data for all cameras are grouped into an array, and users can

access individual camera data with an index. We manage the allocation and deallocation of data

buffers with virtual allocators provided by VulkanMemoryAllocator [40] and dynamically grow

the underlying GPU memory allocation when needed.
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Renderer Manager

A render manager is instantiated from a shader pack. It contains a sequence of render

steps and a set of render target images. Each pipeline in the shader pack becomes a render step

in the render manager, and image names and formats defined as shader pack config variables are

instantiated as render target images. When recording rendering commands, the render manager

takes a list of cameras and their parent scene graphs as input; rasterization and ray tracing

steps then record draw calls for objects in the scene graphs. Later when executing rendering

commands, output pixels are written to the render target images, which can be read by the user

program.

4.4.4 Active Stereo Sensor Simulation

Active stereo depth sensors function by casting an infrared (IR) pattern onto the scene and

capturing it with two IR cameras. The depth is then computed through stereo-matching between

the two images. However, the depth map captured by active stereo sensors is significantly

different from perfect simulation depth for several reasons. The stereo-matching process also

results in missing depth values at object boundaries where the view of one camera is occluded. In

unoccluded regions, active stereo sensors generate satisfactory results on mostly diffuse surfaces,

but their performance degrades on glossy or transparent objects due to indirect lighting effects

generated by specular reflection and refraction of the projected light pattern.

SAPIEN provides a physics-grounded stereo depth simulator that faithfully reproduces

realistic noises and artifacts to mitigate the domain gap between synthetic and real-world depth

images. The simulator simulates the light transport with ray tracing and performs stereo-matching

with parallel SGM and SGBM algorithms. SAPIEN also supports replacing ray tracing with

rasterization when indirect light is not a significant concern to gain additional simulation speed.

Figure 4.14 provides a visual comparison between images produced by real and our simulated

sensors.

The system is an optimized re-implementation of our previous work [168] with improved
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Figure 4.13. (a) Users configure shader packs with shader files and config variables. Shader
packs are instantiated as shader managers used in image rendering. (b) Scenes are defined as
graphics with intermediate transform nodes, objects, cameras, and lights. Scene nodes contain
GPU graphics resource handles used by render managers to render images. (c) A render manager
contains render target images and render steps instantiated from a shader pack. During command
pre-recording, it takes a list of cameras and their corresponding scene graphs to record draw calls
for each rendering step. During execution, commands stored in render steps are executed.

stereo-matching performance and rasterization speed using Vulkan multiview extension. Vision

and reinforcement learning algorithms trained on the simulated sensor can transfer to the real

world without fine-tuning. We refer to the original work for more technical details.

4.4.5 LiDAR Simulation

LiDAR is a different type of depth sensor based on the time-of-flight (ToF) principle. In

LiDAR sensors, the sensor emits a laser toward objects in the scene and measures the distance
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Figure 4.14. Our simulated active-stereo sensor reproduces depth errors caused by occlusions
in the fast rasterization mode and artifacts caused by glossy and transparent surfaces in the ray
tracing mode. Image extracted from [168].

(a)  Diffuse multi-path (b)  Specular multi-path (c)  Scattering (d)  Refraction

A
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C D
Diffuse reflection
Laser emission

Laser transmitter
Light receiver

Scattering
Refraction

Specular reflection

Figure 4.15. Common causes of multi-path artifacts. (a) LiDAR computes depth assuming
light travels in path A-B, but some light travels in A-C-D, resulting in depth over-estimation.
(b) Specular surfaces can have significant depth overestimation when viewed at an angle but
accurate depth when viewed near the normal direction. (c) Light scattering causes spurious
depth readings near objects when the background scene is far away. (d) Light traveling through
transparent objects causes over-estimation.

from the time for reflected light to return to the receiver. LiDAR cameras such as RealSense L515

camera scan laser beams over a region to obtain a depth image. Compared to active stereo-depth

sensors, ToF sensors are less susceptible to motion blur due to the short exposure time of lasers

and can often provide higher quality depth values, but ToF sensors present different types of

artifacts due to low signal-to-noise ratio, multiple light reception, and light scattering as detailed

in [35]. The signal-to-noise ratio is a major concern when little reflected lights are detected.

These regions are commonly assigned a low confidence score and filtered out. Multi-path

artifacts, as illustrated in Figure 4.15, can result in inaccurate depth with high confidence.
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SAPIEN provides a physics-grounded LiDAR depth simulator that simulates the multi-

path artifacts with Monte-Carlo path-tracing. Our algorithm is based on the ToF path-tracing

technique discussed in [162]. In fact, this system only requires minimal changes to a classical

ray-tracing engine. In a word, we model the laser source as a render camera and the light receiver

as a point light and record the average light path length weighted by radiance over multiple

samples. The resulting average path length is the sensor depth output and the resulting total

radiance reflects the confidence level. This approach is based on the following observations.

First, while LiDAR simulation involves a laser light source and an omnidirectional light

receiver, the light path distribution and light intensity can be equivalently modeled as if the laser

emitter is a camera and the receiver is a point-light source in an existing rendering framework.

Next, the ToF camera operates based on the modulation phase shift between the received

light and the emitted light signal. Computing the resulting phase of multiple superposed signals

requires knowledge of the modulation frequency, which varies across different sensors. We

adopt a simpler approach by taking the intensity-averaged path length as an approximation.

This approximation preserves several important properties of the original formulation: the

simulated depth does not depend on emitted laser strength; the approximation produces the

correct distance in an ideal scenario where only a single light path exists; inter-reflections result

in an overestimation of depth in both the correct model and the approximation.

Finally, artifacts caused by signal-to-noise ratio can be simulated by adding noise to the

total received radiance before computing the weighted average path length. In this model, depth

readings at pixels with lower received radiance have greater variances, which aligns with the real

observations.

Experimental Validation

We demonstrate that the point clouds generated by our LiDAR simulator have realistic

error patterns in Figure 4.16. We additionally conduct quantitative comparisons to characterize

the sim-to-real discrepancy. First, we use the RealSense L515 camera to capture RGB-D images
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Table 4.4. Our LiDAR simulation method demonstrate smaller discrepancies between simulated
depth map and real-captured ones compared to clean depth maps.

Method
↓ Chamfer (×10−4) ↓ Depth MSE (×10−4)

Banana Cube Can Banana Cube Can
Clean 3.27 1.20 13.5 1.43 0.468 11.4
Ours 1.257 0.312 2.00 0.537 0.150 3.64

Banana

Cube

Can

Clean Ours Real Object Photo

Figure 4.16. Visual comparison between real-captured and simulated point clouds. Compared to
clean simulated depth, our LiDAR simulation method reproduces realistic artifacts caused by
inter-reflections between objects and the environment.

of objects with known geometry, including a mostly diffuse 3D printed banana model, a red cube

with specular reflection, and a beverage can with a glossy coating. The poses of the captured

objects are optimized through differentiable rendering with mask loss using RGB images only.

Next, we apply appropriate visual materials to the objects. The materials are not fine-tuned

and we only artistically adjust the specular reflection levels by assigning different roughness

and metallic parameters. Next, the objects with known poses are placed in the simulator and

captured with the simulated sensor. We evaluate the sim-to-real discrepancy using 2 metrics:

point cloud Chamfer distance between simulated and real point clouds after lifting the depth

map, and depth MSE between the simulated and real depth maps. These metrics are computed

on the point cloud for the object of interest using object masks computed from object poses. The

results are summarized in Table 4.4. Despite the lack of visual material tuning, our simulator

already provides significant improvements in reducing the sim-and-real discrepancies. Future

works could explore material capturing to produce more realistic simulated depths.
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Deployment Sim-to-Real for Visual Policies

We demonstrate that the LiDAR simulator can effectively reduce the sim-to-real domain

gap, enhancing the performance of policies trained in the simulator when deployed in the real

world. We replicate a real-world robot setup in SAPIEN simulator as shown in Figure 4.17. The

robot is required to pick up a 3cm cube to a designated location. We perform camera extrinsic

calibration by matching masks between rendered robot and real-world robot as described in [20].

We use a delta joint pose controller for the arm and an absolute joint pose controller for the

gripper.

Next, we train a reinforcement learning pick-cube policy with Soft Actor-Critic (SAC),

using robot joint poses and the cube pose as observation. Next, the RL policy is used as the

teacher policy to train visual policies in a DAgger [118] framework. The visual policy takes the

segmented object point cloud as observation and encodes it with PointNet [110]. We train the

state-to-visual DAgger under 3 different settings: clean-depth point cloud where the rendered

depth buffer is directly lifted, augmented point cloud where we add Gaussian noise to the

depth with a standard deviation of 3mm, and simulated LiDAR point cloud. Throughout these

experiments, we randomize the camera position within a 3mm cube and randomize cube size

from 2.5cm to 3.5cm. The cube is initialized with random orientation in a 20cm × 20cm

square. We train the state-to-visual DAgger until convergence, where all 3 policies reach 95% to

100% success rate in the simulation environment. For this experiment, the LiDAR simulator is

implemented without introducing random perturbations in the signal-to-noise simulation, thereby

eliminating the effects of observation randomization.

In the real world, we test sim-to-real policy deployment with 18 configurations (9

positions and 2 orientations) within a 12cm × 12cm square as shown in Figure 4.18. We

obtain object point clouds from segmentation masks generated by EfficientViT-SAM [169]. As

illustrated in the figure, the policy trained on simulated LiDAR point cloud without augmentation

performs significantly better than clean depth augmented with Gaussian noise. The policies

trained without LiDAR simulation appear to overestimate the distance between the camera and
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Figure 4.17. Simulation and real-world setups for LiDAR camera policy sim-to-real

Clean Point Cloud Augmented Point Cloud LiDAR Simulation

Failed to grasp

Grasped not lifted

Grasped and lifted

Grasp Success Rate 11%

6%

28%

6%

83%

61%Lift Success Rate

Figure 4.18. Success rate and distribution for sim-to-real grasping. Each box in the graph
represents a placement of the cube (9 positions in a grid and 2 orientations of 0◦ and 45◦). The
color represents whether the robot successfully grasps and lifts the cube.

the cube. This aligns with the fact that the LiDAR camera tends to overestimate object depth

due to reflections. Our LiDAR simulator simulates multiple light paths, causing this artifact to

naturally appear, which results in a smaller sim-to-real domain gap.

4.5 Manipulation Environment Construction

SAPIEN has supported multiple generations of generalizable manipulation benchmark

ManiSkill. ManiSkill v1 [93] and v2 [43] have provided more than 20 generalizable manipu-

lation tasks with over 2 thousand objects and 4 million demonstration trajectories to support

benchmarking reinforcement learning and learning from demonstration algorithms. The current

ManiSkill v3 further expands the scope to include locomotion and navigation tasks, with a focus
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Figure 4.19. Samples of ManiSkill v3 environments rendered with ray-tracing, including scene
assets sourced from AI2THOR [65] and ReplicaCAD [136].

on GPU parallelized simulation and rendering to enable high-performance learning environ-

ments. With our versatile simulation framework, ManiSkill v3 can incorporate embodied AI

environments from various sources including Habitat [137] and AI2-THOR [65], and enhance

them with additional features such as photorealistic rendering and sensor simulation. Figure 4.19

provides a ray-traced visualization for part of the environments supported by ManiSkill v3.

In this section, we character the performance of several typical environments in ManiSkill,

highlighting the speed under state and image observations and the typical performance of RL al-

gorithms. For the full scope of ManiSkill, including sensors, controllers, reward implementations,

and tasks, we refer to ManiSkill’s documentation* for details.

4.5.1 Sample Environments

ManiSkill follows the standard Gym (now Gymnasium [145]) interface to define the

underlying POMDP for each environment. Currently, ManiSkill v3 has released 4 control

*https://maniskill.readthedocs.io/en/latest, accessed Aug. 15, 2024
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tasks, 15 table-top manipulation tasks, 5 articulated object manipulation tasks, 2 quadruped

locomotion tasks, and many new tasks are being continuously added. It also includes houses and

rooms from AI2THOR and ReplicaCAD datasets to support defining tasks within more complex

environments. Here we select some representative environments and characterize their problem

setup, state, and visual performance, as well as metrics for baseline reinforcement learning

algorithms. For all environments, the robot is controlled with the default joint delta position PD

controller. All performances are reported on a desktop workstation with a single NVIDIA RTX

4090 GPU. CPU models should have minimal impact on the performance as ManiSkill adopts

end-to-end GPU simulation/rendering/learning pipelines. For all RL (PPO) experiments, we use

1024 parallel environments and show the mean-variance plot over 3 successful runs with different

seeds. Note that the PPO episode reward may decrease near the end due to early termination

when the success condition is satisfied.

Control: CartpoleBalance

The cartpole balance environment reproduces the classic control problem of balancing

a pole on a cart at the upright position by controller the cart. It is the simplest environment

commonly used to verify the implementation of control and reinforcement learning algorithms.

Under random actions, the environment achieves 1200K steps per second under state observations

and 400k steps per second under 128×128 RGB-D observations as shown in Figure 4.20.

Quadruped Locomotion: AnymalC-Reach

AnymalC-Reach environment controls the AnymalC robot to reach a target in front of it.

Under random actions, the environment achieves 100k steps per second under state observations

and 20k steps per second under 128×128 RGB-D observations as shown in Figure 4.21.

Object Manipulation: PickCube

PickCube is the simplest form of tabletop manipulation task where the robot arm needs to

pick up a cube with a random initial placement and lift it to a random location. The environment

92



1min 40s18s

PPO (State Obs.) PPO (RGB Obs.)

Figure 4.20. Cartpole performance metrics. Left: environment visualization. Middle: sample
collection speed on state and RGB-D observation modes with different numbers of environments.
Right: sample count and wall time to solve the environment with PPO in state and RGB
observation modes.
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Figure 4.21. AnymalC-Reach performance metrics. Left: environment visualization. Middle:
sample collection speed on state and RGB-D observation modes with different numbers of
environments. Right: sample count and wall time to solve the environment with PPO in state
and RGB observation modes.

achieves up to 96k steps per second under state observations and 39k under 128× RGB-D

observations as shown in Figure 4.22.

Generalizable Manipulation: PickSingleYCB

PickSingleYCB environment requires the robot agent to learn to pick up a random

object sampled from a list of 74 objects from the YCB dataset [14] and move it to a random

location. This is one of the simplest forms of generalizable manipulation tasks. Under random

actions, the environment achieves 70k steps per second under state observations and 30k steps

per second under 128×128 RGB-D observations as shown in Figure 4.23. Note that our PPO

implementation only solves PickSingleYCB with a 60% success rate in state mode and fails to
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Figure 4.22. PickCube performance metrics. Left: environment visualization. Middle: sample
collection speed on state and RGB-D observation modes with different numbers of environments.
Right: sample count and wall time to solve the environment with PPO in state and RGB
observation modes.
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Figure 4.23. PickSingleYCB performance metrics. Left: environment visualization. Middle:
sample collection speed on state and RGB-D observation modes with different numbers of
environments. Right: sample count and wall time to solve the environment with PPO in state
and RGB observation modes.

achieve meaningful success rates in RGB mode, and it can be readily used as a starting point for

research in generalizable manipulation.

4.6 Software Package and Interfaces

4.6.1 SAPIEN Python library

Most core features of SAPIEN, such as the PhysX system and render system, are imple-

mented in C++ and exposed to Python through Pybind11 [57]. The SAPIEN library is released

as a single pip-installable Python wheel containing pre-built binaries, Python utilities, header

files for creating C++ extensions as described in section 4.6.4, and Python stub files for typing
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and auto-complete support in IDEs.

SAPIEN’s OS and hardware compatibility are summarized in Table 4.5. SAPIEN

prioritizes feature development and maintenance for Linux and supports wide ranges of hardware.

Core features including CPU physical simulation and GPU rasterized rendering can also work

on Windows and MacOS*.

Table 4.5. Platform compatibility for SAPIEN’s features.

CPU

NVIDIA GPU

AMD GPU

Apple GPU

PhysX Sim Deformable Sim Rast Rendering Ray Tracing

4.6.2 Graphical User Interface

SAPIEN provides interactive and customizable scene visualization through the SAPIEN

viewer. The viewer displays scenes through a user-controlled camera and a list of GUI windows.

The GUI windows consist of GUI widgets, including text display, buttons, option menus, number

value sliders, image display, etc. All GUI widgets are exposed to SAPIEN’s Python API and

users may create custom GUI windows by implementing a viewer plugin.

SAPIEN viewer provides a list of useful default plugins. The control window supports

scene navigation with mouse and keyboard, adding auxiliary visual elements such as coordinate

axes and camera indicators, and displaying images captured by cameras in the scene. The

scene window supports browsing all entities in the scene. The transform window attaches

a movable gizmo to the selected entity to allow dragging and setting poses; it additionally

supports moving by inverse kinematics for entities with articulated link components. The

articulation window supports browsing and editing robot poses and control parameters. The
*Linux is strongly encouraged as Windows and MacOS versions currently require case-by-case tuning.
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Figure 4.24. SAPIEN GUI setup example. (a) Mouse and keyboard navigation control. (b)
Visualization for output of cameras in the scene. (c) visual indicator for camera placement. (d)
Transform Gizmo and inverse kinematics control. (e) Draggable Gizmo and inverse kinematics
visualization. (f) Entity pose information. (g) Information for attached components. (h) Articu-
lation joint angle and controller panel. The display elements and logic for all GUI widgets are
configured by Python scripts through SAPIEN Python API.

render window supports switching shaders and editing shader parameters. The entity window

supports browsing entity pose and all components attached to an entity. For example, PhysX

bodies support visualizing collision shapes; render bodies support browsing and editing visual

materials. The visualization logic for each component can be registered dynamically, allowing

users to implement visualization logic for custom components. A SAPIEN GUI setup example

is demonstrated in Figure 4.24.

4.6.3 Virtual Reality

SAPIEN supports display on virtual reality (VR) devices via Steam’s OpenVR application

interface and the ALVR driver interface, which communicates with various VR devices. The

VR viewer first interacts with OpenVR to obtain VR headset information, such as display
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Figure 4.25. SAPIEN VR viewer sends left/right eye images to VR hardware and receives
head/hand/controller poses through OpenVR and ALVR software. The received poses can be
re-targeted to robot poses.

image intrinsics. Next for each frame, it reads the updated hand skeleton, controller pose, and

headset pose from OpenVR and sends rendered left and right eye images. This system setup is

summarized in Figure 4.25. SAPIEN VR viewer is implemented as part of SAPIEN renderer

and anything renderable to a camera can be rendered to the VR display.

4.6.4 Extensions

One major advantage of SAPIEN’s ECS design is the support for extensions. Users

may extend SAPIEN simply by implementing new systems and components. SAPIEN supports

implementing extensions with both Python and C++. For example, the MPM and FEM physical

simulation systems are implemented as SAPIEN’s Python extensions.

Python extensions define system classes by inheriting SAPIEN’s System class and im-

plement the get name and step functions. The name of the class is used to ensure no 2 classes

of the same type are added to the same scene. Custom components are created by inheriting

SAPIEN’s Component class and implementing its lifecycle methods. When Python systems and

components are added to a SAPIEN scene, the scene keeps these Python objects alive through

Pybind11’s shared holder feature.

C++ extensions are implemented by including SAPIEN’s header files provided along with

SAPIEN Python package. Compiled Python extension libraries are compatible with SAPIEN

as long as the extension uses the same C++ ABI version and the same Pybind11 version as

SAPIEN.
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Chapter 5

Conclusion

In this dissertation, I have presented our work on building a simulation platform for

embodied AI, addressing key challenges including enhancing the performance of physical

simulation and rendering, narrowing the sim-to-real domain gap, and addressing the scarcity of

simulation assets. To facilitate research in articulated object manipulation, we have introduced

the PartNet-Mobility dataset and the SAPIEN simulator. Additionally, we developed NeuTex, a

3D capturing method that generates 2D appearance maps. Finally, we have advanced SAPIEN

into a comprehensive, high-performance simulation platform that supports a broad spectrum of

research in embodied AI. Collectively, these contributions establish a solid foundation for future

innovations in the creation of robotic and embodied AI systems.

Despite the progress in the field of embodied AI simulation, several open problems

remain to be explored:

Accurate real-world modeling for sim-to-real.

Many sim-to-real gaps arise from the lack of simulators capable of accurately modeling

underlying phenomena. Our work has applied physics-grounded modeling to optical and tactile

sensors, but this approach can be extended to a broader range of robotic components, including

motors, motion sensors, force/torque sensors, and sound sensors. Although some analyses for

these systems exist, current simulators often treat them as black boxes, offering oversimplified

models. Future research can focus on developing more accurate models and identification
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methods for these systems, thereby reducing sim-to-real gaps.

Balancing simulation performance and realism for sim-to-real.

As discussed in this dissertation, the speed of physical simulation and rendering systems

can vary significantly depending on whether they prioritize performance or realism. These

systems serve distinct purposes, such as testing algorithms or developing policies that can be

effectively transferred from simulation to the real world. The performance differences can

be substantial, sometimes varying by factors of 1,000 to 10,000, depending on the modeling

approach (e.g., 30,000 FPS for clean depth rendering versus 30 FPS for LiDAR sensor simulation;

1 million FPS for rigid body physics versus 100 FPS for deformable body physics). It remains

unclear what level of simulation fidelity is “just enough” for sim-to-real applications, which

simulation models and algorithms are most appropriate, and how to systematically develop such

systems. A future embodied AI simulator that better balances performance and realism could

accelerate the development of embodied AI algorithms—and, by extension, the entire field—by

orders of magnitude.

Larger-scale 3D simulation asset acquisition.

While large-scale 3D model databases and object capture techniques are maturing,

embodied AI simulation demands assets of greater quantity and quality. The development of

visual and language foundation models depends on billions or even trillions of data samples, yet

the total number of publicly available 3D models remains in the millions. Therefore, scaling up

3D asset availability requires the generation of new assets and the development of cost-effective

capture methods. Additionally, simulatable assets must feature high-quality visual materials and

realistic physical properties, with their representations carefully balancing fidelity and simulation

performance. Another important direction for future research is how to process existing models

and create new ones that are suitable for embodied AI simulation.
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