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Figure 1. PhyGS is a simulation framework that enables the controllable generation of physically-grounded and visually diverse building-
scale 3D scenes for simulating mobile manipulation tasks. The above image showcases several scenes generated by PhyGS and rendered
in IsaacSim; we additionally provide a hardware abstraction layer for the Boston Dynamics Spot with Arm quadruped robot for validating
low-level physical parameters and robot control in simulated scenes.

Abstract

The pursuit of generalist robot policies requires evalua-
tion spanning variations of visual environments and phys-
ical interactions intractable for a robot to execute in the
real world. We introduce PhyGS, a simulation framework
designed for the controllable generation of photorealis-
tic, building-scale indoor environments with high-fidelity
low-level physics that bridges the gap between procedural
scene synthesis and robotic control. By extending Infinigen-
Indoors within the IsaacSim ecosystem, PhysGS transforms
static visual backdrops into fully interactable environments
through automated object articulation, the assignment of
rigid-body physical properties, and the integration of ray-
traced lighting. Unlike recent agent-based generative tools
that rely on stochastic language models, PhyGS employs a
rule-based approach to ensure the controllability required
for rigorous benchmarking. Finally, we provide a hard-

ware abstraction layer via a unified API and USD model for
the Boston Dynamics Spot robot, demonstrating a seamless
transition between simulated evaluation and physical de-
ployment to help identify critical performance gaps in state-
of-the-art generalist robotic agents.

1. Introduction
Advancements in policy learning together with large scale
models for natural language processing have sparked many
large-scale efforts toward building algorithms for generalist
robots. Generalist robots receive arbitrary natural language
commands and execute the described tasks on a robot plat-
form, most commonly a mobile manipulator, though these
algorithms are intended to be hardware agnostic. An im-
portant question currently facing the robot learning com-
munity is: ”How well do these generalist algorithms work
and where are the performance gaps?” Answering this ques-
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tion is nontrivial because it is intractable to evaluate the
vast scope of visually grounded, natural-language-specified
tasks across the variation of physical control realizations in
the physical world.

Generation of large scale simulation environments has
promise in addressing this question. Procedural methods
provide controlled generation of large scale targeted test-
ing environments, and simulation enables parallelization
of large scale evaluation. For visual and spatial variation,
procedural scene generation frameworks automate creation
of large scale photorealistic environments [3, 9, 15, 16].
For variation in physical control, physics-driven simula-
tion platforms facilitate the training of robust motor poli-
cies and the benchmarking of reinforcement learning algo-
rithms across diverse robotic morphologies [11, 12, 17, 18].
However, current state-of-the-art methods for robot auton-
omy vary drastically across these axes of low-level phys-
ical control and high-level semantic reasoning in addition
to significant variation between navigation of large spatial
environments and manipulation on a tabletop.

This work provides a simulation framework for control-
lable generation of photorealistic indoor scenes with high
fidelity, low level physics simulation. Recent simulation
tools have worked on combining agent-based photorealis-
tic generation with low level physics simulators [14, 21].
However, these approaches do not enable the controllability
of procedural scene generation techniques due to their de-
pendence on stochastic language models to interpret the de-
scriptions of scenes rather than directly enabling rule-based
generation. While both our approach and agent-based alter-
natives can generate diverse training data, the controllability
of our simulator is critical for developing systematic evalu-
ation benchmarks in simulation.

Contributions. In this work, we extend well-adopted
simulation tools to create a generative framework for
robotics training and evaluation with high fidelity simulated
control in building-scale photorealistic environments. This
simulation tool directly extends the integration of Infinigen-
Indoors [16], a popular procedural scene generation frame-
work, in IsaacSim [12]. While robot models were pre-
viously controllable within imported Infinigen scenes, we
make the scenes themselves physically interactable by mod-
ifying the scene generation process to create the scene with
articulation for appropriate objects. We then augment the
import process to IsaacSim to add rigid body physical prop-
erties (such as mass and friction), include meshes for com-
puting collisions, replace Blender [1] lighting with Isaac-
Sim lighting to retain photorealism, and enable physics
within the scene. To support systematic scene variation,
we create a separate process to automate population of ad-
ditional objects within the scene from Objaverse-XL [4].
Finally, we develop a hardware abstraction layer to demon-
strate interaction between our simulator and the real world,

through a designed USD model and API for a Boston Dy-
namics Spot robot with an arm matching the hardware and
official SDK on the physical robot.

2. Related Work
Indoor Scene Generation Indoor scene synthesis for
simulation largely falls into three paradigms: rule-based,
generative-model-based, and agentic. Procedural methods,
such as ProcTHOR [3], Infinigen-Indoors [16], and Scene
Synthesizer [5], employ hand-crafted rules or constraint-
based sampling to generate indoor scenes. Because rules
dictate the placement and appearance of assets, the en-
vironments are inherently stable and allow for fine-grain
control over size and material selection. A key limita-
tion in these engines is their inability to generate open-
vocabulary scenes; extending these methods for novel en-
vironments requires redefining the constraint rules for the
underlying solvers, which can be time consuming. Gen-
erative approaches such as ATISS [13] and PhyScene [23]
leverage human-generated 3D data [2, 6] to learn spatial
priors, resulting in realistic floor plans; however, they are
often restricted in object-level generation and placement
and perform poorly on large multi-room generation tasks.
More recently, Large Language Model (LLM) driven agents
and diffusion models have been utilized to capture com-
plex scene distributions and provide open-vocabulary nat-
ural language controllability. Methods like Holodeck [24],
ARCHITECT [19], SceneWeaver [25], and SAGE [21] em-
ploy agentic frameworks or image inpainting to iteratively
design and populate indoor scenes. While these scenes offer
diverse visual and physical qualities, the inherent stochas-
ticity of the underlying agents prevents fine-grained con-
trol over scene characteristics and prevents such methods
for being used for evaluation benchmarks which emphasize
standardization of the environment.

Articulated Objects in Simulation Creating interactable
simulation environments requires high-quality articulated
assets. Existing datasets like PartNet-Mobility [22] and
GAPartNet [7] have been widely used, but they often suf-
fer from limited visual realism or insufficient physical fi-
delity of dynamic joints. To address this, ArtVIP [8] intro-
duces a suite of professionally crafted articulated objects
with fine-tuned dynamic parameters to match real-world
physics; however, this approach is time consuming when
scaling up to include diverse appearances and geometries.
Other approaches focus on scalable procedural generation;
for instance, Infinigen-Articulated [9] enables the creation
of diverse, procedurally generated articulated assets with
varying parameters, although they cannot retain articulated
properties in physical simulations. Alternatively, methods
like DRAWER [20] reconstruct interactable digital twins
by extracting geometric and articulation properties directly
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Figure 2. An end-to-end overview of the PhyGS generation process in Blender. Given a user-defined set of constraints for an indoor scene,
PhyGS leverages Infinigen-Indoors for designing a valid floor plan and placing large furniture. We then extend the Infinigen engine to
decompose assets that require articulation and add necessary joints, before populating the entire scene with labeled assets from Objaverse-
XL based on semantic relevance and free volume.

from videos of static real-world scenes, which can enable
low-level robot policy training in simulation but cannot be
easily extended to larger scenes with visual diversity.

3. Simulation

Embodied agents for mobile manipulation require exposure
to diverse scenarios that are often intractable to collect via
real-world experiments. While synthetic data offers a scal-
able alternative, it frequently suffers from sim-to-real gaps
in perception or physics. PhyGS addresses this by modify-
ing photorealistic indoor scene generation to enable interac-
tion within a high fidelity physics simulator.

To train and evaluate generalist robot algorithms, a sim-

ulator must satisfy four core requirements: 1) extensibility
for diverse environment generation, 2) photorealistic ren-
dering, 3) physical interactability, and 4) continuous robotic
control. To meet these requirements, we introduce PhyGS
to bridge photorealistic procedural scene generation in In-
finigen [15] with robotic control in IsaacSim [12] and Isaa-
cLab [11]. PhyGS automates the population of objects from
Objaverse-XL [4] within these generated scenes.

3.1. Procedural Scene Generation
We utilize Infinigen-Indoors [16] as our procedural engine
due to its use of mathematical rules to create infinite vari-
ations of 3D scenes within the OpenUSD framework. We
specifically employ Infinigen to construct underlying archi-
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Figure 3. An overview of the scene export process for PhyGS. Infinigen-Indoors leverages Blender for procedural generation, but the
default export process to 3D simulation environments sacrifices articulations, collision meshes and lighting. We design a custom exporter
that intercepts articulated assets, adding joint parameters, populates all assets with mesh colliders and rigid body physical properties such
as mass and friction, and corrects the lighting scheme to retain textural and visual fidelity.

tectural elements and large furniture—components that are
difficult to retrieve from standard datasets—while bypass-
ing smaller decorative objects to maintain visual realism.
Scenes are generated via configuration files for asset details
and constraint files for spatial relations, ensuring that object
arrangements respect physical viability (e.g., ensuring free
space for accessibility and preventing mesh overlaps).

3.2. Automated Articulation
Interactive search tasks require agents to reason about phys-
ical obstructions, such as opening a cabinet to confirm the
presence of a target object. While existing simulators like
BEHAVIOR-1K [10] provide articulation, they often rely
on hand-generated assets that limit scale and introduce pro-
cedural bias. In PhyGS, we intercept assets that require ar-
ticulation and add necessary joints during scene generation
in Blender.

A significant technical challenge arises during the export
from Blender to USD: the standard baking process collapses
articulated joints into static meshes. To overcome this, we
developed a post-processing interceptor for the Infinigen ex-
porter. Rather than manually redefining constraints for ev-
ery scene, our system intercepts the parameters of articu-
lated assets (doors, cabinets, and drawers) during the ex-
port phase as visualized in Figure 3. We preserve their
joint geometry, material properties, and spatial relations, re-
injecting this information into the final USD scene. This
allows PhyGS to support robotic tasks requiring interaction
with articulated objects without manual annotation or com-
promising the procedural pipeline.

3.3. Semantic Object Population
For a robot to develop hierarchical reasoning, it must en-
counter objects placed in semantically and spatially mean-
ingful locations. While Infinigen provides a base layout, its
internal object library lacks the diversity required for robust
generalist training. We populate the procedural generated
base scenes with assets from Objaverse-XL [4] via an au-
tomated process, selecting objects based on relevance to in-

door environments and photorealistic fidelity as visualized
in Figure 2.

To ensure these objects are interactable for mobile ma-
nipulation, we assign them rigid-body physical properties
and collision meshes within IsaacSim as visualized in Fig-
ure 3. While mass and friction can be randomized, we es-
tablish a baseline by fixing the static friction coefficient at
0.8 and setting the mass of interactable target objects to 1.0
kg, well within the 7.0 kg payload capacity of the Spot Arm.
Unlike the standard footprint-based placement in Infinigen,
our automated population method accounts for volumetric
availability, allowing for more complex arrangements and
diverse grasp-pose selection scenarios.

3.4. Hardware Abstraction and Spot USD
The final component of PhyGS is a high-fidelity model of
the Boston Dynamics Spot equipped with a manipulation
arm as a unified USD. To facilitate hardware-agnostic algo-
rithm development and sim-to-real transfer, we developed
an API that mirrors the official Boston Dynamics SDK. This
abstraction of physical control enables policies developed in
IsaacLab to be deployed on hardware with minimal modifi-
cation as visualized in Figure 1.

4. Discussion
The development of PhyGS represents a significant step to-
ward closing the gap between large-scale procedural scene
generation and high-fidelity physical interaction for robotic
learning. By integrating the rule-based controllability of
Infinigen with the robust physics engine of IsaacSim, we
provide a framework that allows for the systematic evalua-
tion of generalist robots in environments that are both pho-
torealistic and physically reactive. While our use of ray-
traced lighting within IsaacSim achieves high visual fidelity,
the computational overhead of real-time rendering remains
a constraint for massive parallelization of RL policies on
consumer-grade hardware. We will continue to expand this
effort while using our simulator to train and evaluate new
methods for robotic cognitive and physical intelligence.
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