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Abstract: It has been difficult to accurately model the physics of the interac-
tion between a robot and the objects it manipulates, including contact mechan-
ics, coupled contact dynamics, deformation, stiffness, and friction. We present
RoboSimStudio (RSS), an interactive toolkit that makes choices of solver, con-
tact model, and physical parameters explicit and editable, allowing both humans
and coding agents to quickly create and iteratively refine simulations based on
observed physical behavior. We implement RSS with the open Newton physics
simulation system and describe experiments with human-guided Real2Sim using
(1) visual feedback and (2) force feedback, and (3) agentic Real2Sim2Real. RSS
will be open-sourced; code, videos, and additional information are available on
the project website: https://robosimstudio.github.io.

1 Introduction

Simulating robot manipulation requires modeling the interac-
tion between a robot and the objects it manipulates, includ-
ing robot kinematics, coupled contact dynamics, and defor-
mation (Figure 1). Emerging simulation frameworks, such as s ceurate object-obiect
Newton [1], Genesis [2], and SuperDex [3], increasingly cover
these different forms of physics by supporting rigid, articulated,
and deformable-body simulation within a common framework.
However, accurately modeling robot manipulation behavior to
match real-world physics, or Real2Sim, still requires choosing
appropriate physics models, contact models, and physical pa- Figure 1: Challenges of simu-
rameters, and iteratively refining these choices against observed lating accurate robot control un-
behavior. We observe that humans and LLM coding agents share der. object-object contacts and
. . . . object-robot contacts in contact-
a fundamental 1ntergct10.n pattern for RealZSlrp: they rn'odlfy 4 ich and deformable manipula-
scene, execute physical interactions, observe discrepancies, and tion.
refine the model. Humans perform this loop through direct ma-
nipulation and immediate visual or force feedback, while coding
agents [4, 5] use iterative reasoning and acting [6] to inspect simulator state and revise the scene
and robot behavior. Motivated by this, we make multi-physics simulation directly interactive and
editable by both humans and coding agents.

1. Accurate Robot =g
Moetion

We present RoboSimStudio (RSS), an interactive toolkit for physics-based simulation of robot ma-
nipulation built on Newton [1] and Viser [7]. RoboSimStudio supports co-simulation with external
physics engines and makes the solver, contact model, and physical parameters explicit and editable.
Humans tune them through an interactive display with sliders, visual feedback, and force feedback,
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Figure 2: RoboSimStudio Architecture. Newton and co-simulated external engines provide the
physics; RoboSimStudio composes robots, assets, and solvers into one editable scene, which humans
access through the interactive studio and coding agents through an iterative interface.

while coding agents receive simulator state together with spatial-temporal text and visual feedback
to observe the consequences of their changes.

2 RoboSimStudio

Figure 2 shows the architecture of RoboSimStudio. Physics is provided by Newton [1] and its
solvers, with external engines co-simulated by exchanging contact and forces. RoboSimStudio com-
poses robots, objects, and physics into one simulation whose solver, contact model, and physical
parameters stay explicit and editable, and exposes it through code, an interactive studio for humans,
and an iterative interface for coding agents.

Robot Interfaces. RoboSimStudio provides a common, extensible interface for Franka Panda,
URS5e, and single- and bimanual YAM robots, each specified declaratively by its model, joints,
mounting, and hand geometry. It supports interchangeable inverse kinematics solvers such as py-
roki [8], joint-space, Cartesian, and guarded contact motions, collision-aware planning such as

cuRobo [9], and joint or end-effector action spaces.
Soft bdnding Stiff bending
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Multi-Physics Simulation and Coupling. No single
physical model suffices for scenes that combine ar-
ticulated robots, rigid objects, and deformable mate-
rials. In RoboSimStudio, objects specify what they
are, while the scene specifies which solver models
each type of physics. By default, articulated robots
use MuJoCo-Warp [10], cables and cloth use Vertex
Block Descent [11], and soft bodies can be simulated
by external engines [3, 2] co-simulated with Newton.
RoboSimStudio couples these solvers by exchanging
contact forces between Newton solvers or poses and Figure 3: RoboSimStudio studio. Left:
contact wrenches with external engines. The solver, a towel’s inspector; tri_ke and edge ke set
coupling, contact model, and material parameters re-  gtretch and bending stiffness. Right: the
main explicit scene entries that can be changed with-  same dragged fold at the same instant un-
out rewriting the task. der four stiffness settings.

material

Interactive Interface for Humans. In the browser-based studio built on Viser [7], users can select,
drag, and inspect objects and control robot arms directly, probing physical behavior before writing
a policy. Each object’s inspector exposes its physical parameters with units and ranges; parameters
such as stiffness and damping can be changed while the simulation runs, and those that require a
rebuild are marked. Figure 3 shows the same towel fold under four stiffness choices: tuning becomes
direct interaction with the resulting behavior.

Iterative Interface for Agents. Given a video of a real task, a coding agent tunes a simulation
through the same loop: modify the scene, execute a behavior, and observe the result. RoboSimStudio
organizes a rollout into robot motion primitives and converts simulator state into spatial-temporal
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Figure 4: 18 challenging contact-rich and deformable manipulation task simulations created
with RoboSimStudio.
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(e) Real failure. (f) Agentic simulation refinement.

Figure 5: Agentic Real2Sim2Real for sponge wiping. (a) One arm holds a bar while the other
wipes a marker stripe with a sponge. (b, c) Simulations built from the same phone video by two
coding agents, with a deformable sponge ((c) path traced). (d) The policy improved in simulation,
on the real robot. (e) The wipe displaces a bar support that is fixed in simulation. (f) The agent frees
the bar; the revised simulation captures it tipping. Appendix Figure 15 shows the complete pipeline.

feedback that describes target error, object motion, contact events, grasping or slipping, and progress
toward the task goal. This feedback exposes events such as contact that are hard to infer from
images, letting an agent attribute an outcome to its cause and revise the policy or the simulation
until its behavior matches the video.

3 Case Studies

3.1 Human Real2Sim with Visual Feedback

From observations of a real task, a user selects robot and object assets, arranges their geometry,
and chooses the physics models; the user then executes the task, compares the simulated motion
and deformation with the real behavior, and adjusts contact and material parameters until the two
qualitatively agree. With this workflow we created the 18 simulations in Figure 4, spanning rigid
bodies, articulated mechanisms, cables, cloth, and soft bodies. Three of them pose different model-
ing challenges:

* Connector insertion: sub-millimeter clearance between a USB-C plug and its receptacle, handled
by mesh-based contact with adjustable collision resolution.



* Leaf pressing: bending and shape recovery of a thin curved leaf, handled by shell-based simulation
with adjustable solver and contact parameters.

* Strip polishing: material removal driven by contact force and relative motion, modeled with Pre-
ston’s equation [12] from solver contact forces.

3.2 Human Real2Sim with Force Feedback

Contact is hard to judge visually: when inserting a tool, it helps to feel contact and fric-
tion. In RoboSimStudio, a low-cost Gello leader arm [13] drives a simulated robot, and sim-
ulated contact is rendered back to the operator through the leader’s motors. The leader’s
joint angles command the simulated arm, and the gap between the commanded and simu-
lated configurations is fed back when contact prevents the simulated robot from following. To
avoid rendering simulation lag as contact, RoboSimStudio uses a speed-dependent deadband
and releases feedback when the simulation pauses or falls behind; the gripper uses its mea-
sured, not commanded, opening, so that grasping is distinguished from closing in free space.
Because the feedback comes from this configuration gap rather than
from raw contact forces relayed between engines, it reflects the net
effect of whichever coupled solvers resolve the contact, and the
deadband suppresses small transients. The operator thus feels the
behavior of the chosen solver and parameters, which serves both
demonstration collection and evaluation of the contact model, for
example when inserting a thin tool into a hanger (Figure 6).

3.3 Agentic Real2Sim2Real

We study agentic Real2Sim2Real on bimanual sponge wiping, Figure 6: Tool-hanging tele-
which combines articulated, rigid-body, and soft-body physics ©peration with RoboSimStu-
(Fig. 5a). Given a smartphone video without CAD models or cal- 41

ibrated cameras, the RoboSimStudio documentation, and a one-

sentence task description, two off-the-shelf coding agents, Claude

Fable 5.1 in Claude Code [4] and GPT-6 Astra in Codex [5], each constructed a multi-physics sim-
ulation in about an hour (Fig. 5b, 5¢); one agent constructed and verified the simulated task within
56 minutes. The agents estimated scene geometry from the video and used visual observations and
spatial-temporal feedback (Section 2) to find errors in robot kinematics and contact conditions. We
then varied the sponge’s stiffness and generated 30 spatial layouts of the bar and sponge, over which
Graph-as-Policy (GaP) [14] improved the simulated wiped area from 0% to 100% in 14 iterations.
The resulting policy transferred to the physical robot and completed the wiping task (Fig. 5d). One
real rollout, however, failed when the wipe displaced a bar support that was fixed in simulation
(Fig. Se). Given the failure video and a description of the cause, the coding agent replaced the fixed
constraint with a free rigid body; under an off-center wipe, the revised simulation reproduces the bar
tipping, which the original cannot (Fig. 5f).

4 Conclusion

RoboSimStudio makes the solver, contact model, and physical parameters of a manipulation sim-
ulation explicit and editable for humans and coding agents. It does not eliminate the Sim2Real
gap, but because each constraint is an explicit modeling choice, a real failure such as the displaced
bar support directly identifies what to change next. Limitations. This paper reports a developing
system and a pilot study; Appendices A-H give related work and further details. Real-sim agree-
ment was assessed mainly visually, with a first event-timing comparison (Appendix G.1); future
work will compare object trajectories and contact forces against real measurements. The stability of
coupling forces between engines with different contact models is not yet characterized beyond the
documented limits of Appendix C.1. Real-world transfer was evaluated on one task, and a second
task in simulation only (Appendix H); we plan repeated real-world trials across more tasks.
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A Related Work

Table 1: Comparison of robotics simulation frameworks. Comparison of physics capabilities,
interactive interfaces, and Real2Sim workflows. v indicates built-in support, ~ indicates partial
support, and “Custom” indicates that additional implementation is required.

Feature MuJoCo IsaacLab ManiSkill3 Genesis Newton RoboSimStudio
Physics Simulation

Rigid/articulated bodies v v v v v v
Deformable objects v v ~ v v 4
Coupled multi-physics solvers - ~ - v ~ v
Interactive Interfaces

Interactive scene inspection v v v v v v
Physics parameter tuning ~ v ~ ~ ~ v
Structured feedback for coding agents ~ Custom Custom Custom Custom  Custom v
Shared human-agent refinement Custom Custom Custom Custom  Custom v
Real2Sim Workflows

Video-driven agentic Real2Sim - - - - - v
Force-feedback Real2Sim - ~ - - - v
Failure-driven simulation refinement - - - - - 4

Physics Simulation for Robot Learning. Physics simulation has enabled large-scale robot learn-
ing by providing environments for policy training and evaluation. MuJoCo [15] supports articulated
robot dynamics and contact-rich manipulation, while GPU-accelerated frameworks such as Isaac
Gym and Isaac Lab [16, 17, 18], ManiSkill3 [19], MuJoCo Playground [20], and Genesis [2] support
parallel simulation for robot learning. Frameworks such as robosuite [21] further provide standard-
ized manipulation environments. More recently, Newton [1], built on Warp [22], integrates multiple
physics solvers, including MuJoCo-Warp [10], Vertex Block Descent (VBD) [11], and XPBD [23].
Other physics engines, such as SuperDex [3], provide specialized models for contact-rich soft-body
simulation. While these frameworks provide increasingly diverse physics capabilities, constructing
manipulation environments still requires selecting appropriate solvers, configuring contact models,
and tuning physical parameters. RoboSimStudio builds on Newton and supports co-simulation with
external physics engines, allowing different physics models to be composed within the same scene
and interactively refined by humans and coding agents.

Agentic Robotics. Large language models (LLMs) are now being used in robotics for task plan-
ning, robot control, and policy generation. Early approaches use language models to ground instruc-
tions in robot affordances [24], generate plans and executable robot programs [25, 26, 27, 28], and
improve robot behavior through feedback [29]. More recent works use LLMs to generate reward
functions [30, 31], visual question answering [32, 33], domain randomization strategies [34], and
simulation tasks for robot learning [35, 36, 37]. With iterative reasoning and acting frameworks
such as ReAct [6], general-purpose coding agents [4, 5] can modify code, execute programs, and
refine their solutions based on feedback. Such agents have been applied to reconstructing articu-
lated objects [38], robot data collection [39], and iterative policy improvement, such as CaP-X [40]
and GaP [14]. MAESTRO [41] orchestrates robotics modules through VLM-written programs, AS-
PIRE [42] grows a reusable code skill library across many simulated tasks, and ENPIRE [43] lets
coding agents improve policies through real-world trial and error. DexAgent [44] turns a single ego-
centric human video into dexterous robot trajectories, and RPG [45] practices tasks in simulation
and revises skills from diagnosed failures before real-world deployment. A coding agent has also
solved the Push-T benchmark without demonstrations by running its own experiments in simula-
tion [46]. The effectiveness of these agents also depends on their ability to interact with external
environments and access execution feedback [47]. RoboSimStudio builds on this insight by provid-
ing coding agents with an interactive physics simulation environment, where scene configurations,
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physics models, and simulation feedback are directly accessible for agentic Real2Sim construction
and refinement.

Real2Sim. Real2Sim approaches reconstruct simulation environments from real-world obser-
vations to support robot policy training and evaluation. Prior work has explored constructing
simulations of real scenes, and variations of them, from images, videos, and other observa-
tions [48, 49, 50, 51, 52, 53]. Other approaches use generative models and LLMs to automatically
construct simulation tasks, environments, and reward functions [35, 54, 55, 31], or generate robot
policies directly [25, 14]. Blox-Net [56] uses vision-language models to design block assemblies,
refines the designs through perturbation analysis in simulation, and builds them with a real robot.
These approaches reduce the effort required for scene construction and policy development, but of-
ten focus on specific reconstruction or generation pipelines. Recent frontier models, such as Claude
Fable 5.1 [4], GPT-6 Astra [S], and Gemini 4 Argon [57], can assist in reconstructing visually plau-
sible 3D scenes from videos, including producing Blender [58] renderings. However, visual realism
does not guarantee physical accuracy, particularly for contact-rich interactions and deformable ob-
jects such as cables, cloth, and sponges. RoboSimStudio therefore exposes editable physics models,
contact parameters, and simulator feedback, enabling humans and coding agents to iteratively refine
simulated physical behavior to match real-world observations rather than appearance alone.

B System Details

This appendix expands Section 2: how a scene is described, which parameters are exposed, and
what the studio offers beyond the material controls of Figure 3.

Describing a scene. A scene in RoboSimStudio is a short program (Fig. 7). It names a work cell,
adds a robot, and places objects on the work surface. An object states what it is—a sheet of cloth,
a foam sponge, a rigid tool—and never how it is simulated. Building the scene partitions it among
solvers, couples them, and returns a running simulation. One more line opens it in the studio. The
same description is what the studio displays and what an agent edits, so the three interfaces cannot
drift apart.

Physics as a modeling choice. Real manipulation scenes mix materials. A wiping task couples an
articulated arm, a compliant sponge, and a rigid bar; a routing task couples a gripper with a cable
that bends and twists. No single solver handles all of these well. RoboSimStudio groups the objects
in a scene by the physics they need and gives each group a suitable solver: articulated robots to
MuJoCo-Warp [10], cables and cloth to Vertex Block Descent [11] or XPBD [23], and soft bodies to
finite-element or incremental-potential-contact [59] engines co-simulated beside Newton [3, 2]. The
engine behind an object is one entry in the scene description, not a rewrite of the scene. Figure 8
shows the same cable pick with the cable modeled three ways: as a chain of capsules in Newton,
as a Cosserat rod in an external finite-element engine, and as a tetrahedral bar in an incremental-
potential-contact engine.

Tuning physics interactively. A simulation is rarely right on the first build. Cloth that is too stiff
will not drape; a sponge that is too slippery will not wipe. RoboSimStudio exposes the parameters
that decide these outcomes—about a hundred in total—in five groups: material properties of each
asset (stiffness, damping, density), contact (friction, restitution, margins), solver settings (rates,
iterations), coupling between solvers, and robot drives. Each parameter appears in the studio as
a control with its unit and range, generated from the same description the solver reads (Fig. 9a).
Material stiffness and damping, the cable latch, and soft contact take effect on the next substep of
the running scene, so their effect is visible immediately (Fig. 3). Other changes re-capture the step
program or rebuild the scene, which takes seconds, and the studio marks which is which. The studio
is built on Viser [7] and runs in a browser. The simulation can run on a remote GPU while the page
is open on a laptop, or shared with a collaborator through a link.
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import robosimstudio as rss

scene = rss.Scene(cell="bench_075") # a work cell
scene.add(rss.robot("yam_bimanual"))  # two arms
scene.add(rss.sheet (name="towel", size=(0.3, 0.3),
at=(-0.30, -0.15, 0.02)))
scene.add(rss.sponge (name="sponge", at=(0.18, 0.0, 0.0)))

sim = scene.build() # partition, couple, schedule
rss.view(sim) # open the studio in a browser

physics: proxy over 3 island(s)

island mujoco: robot (16 bodies, 16 joints)
island superdex: sponge (440 particles)
island vbd: towel (961 particles)

channel mujoco -> vbd: 6 bodies (two_way)
from robosimstudio.specs.physics import backend

physics = rss.replace(rss.GENERIC, backends=(
("articulated", backend("mujoco")),
("cloth", backend("superdex", substeps=2)), # new
("soft", backend("superdex", substeps=2)),
(GEN backend("vbd")),

w
»

scene = rss.Scene(cell="bench_075", physics=physics)

physics: none over 2 island(s)
island mujoco: robot (16 bodies, 16 joints)
island superdex: towel, sponge (1401 particles)

Figure 7: A scene in a few lines. Top left: a work cell, two arms, a towel, and a sponge. The objects
state what they are and where they sit on the work surface; building the scene assigns each a solver
and couples them (grey: the composer’s summary, abridged). Bottom left: one added line moves the
towel to another engine, and the composer regroups the scene from three islands to two. Right: the
scene as built, path traced (top) and rasterized (bottom).

Figure 8: One cable, three engines. Switching the engine behind one object is a single change to
the scene; the arm stays in MuJoCo-Warp throughout. From left: Newton’s Vertex Block Descent,
SuperDex, and Genesis.

Parameters. Table 2 breaks down the parameters the studio exposes. A parameter is counted only
if it is described: it has a unit, a range worth sweeping, and a stated cost of changing it. Solvers
and couplers that register no description still run; the studio shows their settings as plain inputs that
rebuild the scene.

Interacting with the scene. Every object in the studio can be grabbed and dragged. Every arm can
be driven by a handle on its end effector or, with a low-cost leader arm [13], by direct teleoperation
(Fig. 9¢). The leader arm is active. Its joint angles drive the simulated arm, and RoboSimStudio
reads back where the simulated arm actually is. When contact holds the simulated arm back—a jaw
closed on a part, a link against a fixture—the gap between the two is rendered on the leader’s own
motors, and the operator feels the scene push back. In free space the motors stay off: a gap below a
threshold that grows with the hand’s speed is the simulated arm’s lag, not contact. The leader runs
on its own clock, faster than the scene, and its motors are released whenever the scene pauses or
falls behind. Interaction serves two purposes. It lets a person probe the physics—push the sponge,
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Table 2: Tunable parameters by group. Each parameter carries a unit and a useful range, from
which the studio generates its controls. Thirteen take effect on the next substep; the others re-capture
the step program or rebuild the scene.

Group What it covers Count

Asset Cloth in-plane and bending stiffness, damping, and density; foam elasticity, 38
density, and damping; cable bending and stretch stiffness; rigid mass

Contact  Friction, restitution, contact stiffness and damping; collision margins and 19
detection settings

Solver Control and substep rates; iteration counts, tolerances, and contact buffers of 30
each Newton solver

Coupling Proxy mass scaling, passes, and relaxation; constraint-based coupling penal- 13
ties

Robot Joint drive gains, armature, friction, and limits; cable latch gains and force 9
bound

Total 109

Inspector: towel

cloth towel fabric

A 30 cm square of 5 mm terry
towelling, built as a slab.

Interface (5)

Parameters (1)
~ re-captures * needs a rebuild

material

What towel is made of.

in-plane

N 0
1000 N/m
0
1e+04 N/m
0

0.015 N*s/m

bending

10 N*m/rad

joir.n_angles -~ ~
Leader arm 2 position fargets Simulated arm
in the operator’s hand, in the scene,
on its own fast clock measured joints held back by contact
and jaw opening = of
Contact is felt: a gap beyond a Free space stays free:
speed-dependent threshold becomes a below the threshold, or
bounded pull on the leader’s motors when the scene pauses,

the motors are off

(b) Batched worlds of one task. (c) Teleoperation with an active leader arm.

Figure 9: The interactive studio. (a) Every object can be selected, dragged, and inspected; its
parameters are controls with units, and a legend marks the ones that need a re-capture or a rebuild.
(b) The same page shows a fleet of batched worlds. (c) A leader arm drives the simulated arm; where
contact holds the simulated arm back, the gap between the two is rendered on the leader’s motors,
so the operator feels the scene.

drop the cable—before writing any policy, and it produces demonstrations recorded with the state
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of every body, joint, and particle. Recorded runs can be replayed and re-rendered offline with a path
tracer for photorealistic video (Fig. 5c).

Authoring tasks. A scene becomes a task when it has a goal. RoboSimStudio describes tasks
declaratively: the objects, the distribution of their initial conditions, and a goal stated as relations
among objects measured against thresholds—a wrench enclosed by its peg and at rest, a crate turned
over and contained in a box. An evaluator checks the goal at every control step, and the policy cannot
override it: a policy may ask to end an episode, but it cannot declare its own success. Variation is part
of the description. One task yields many instances with different object poses, counts, and difficulty
levels (Fig. 15e). The current gallery of about twenty tasks (Fig. 4, Appendix E) spans tool sorting
and hanging, cable routing and weaving, connector insertion, gear meshing, sharps disposal, tape
and film peeling, cloth folding, surface wiping, and crate flipping, on Franka Panda, URSe, and
bimanual YAM arms.

Running at scale. The same scene runs as one interactive world or as many batched worlds on
one GPU. Batched execution supports data generation and evaluation over task variations, and the
studio can show hundreds of worlds at once (Fig. 9b). Rigid and articulated scenes batch today;
scenes with cables and cloth still run one world at a time. Appendix D reports throughput.

C Multi-Physics Coupling

Sponge Wiping

Cable Routing Film Peeling Towel Handling | Heat-Transfer Printing

Task

Multi-physics

B MuJoCo-Warp IIFEM B MuJoCo-Warp M VBD B MuJoCo-Warp M VBD B MuJoCo-Warp M VBD B MuJoCo-Warp M VBD

Figure 10: Multi-physics coupling in RoboSimStudio. Five manipulation tasks using different
physics solvers and coupling methods. Top: rendered simulation scenes. Bottom: visualization of
the physics solvers used for each object, including MuJoCo-Warp (violet), finite-element simulation
(FEM, teal), and Vertex Block Descent (VBD, amber). All tasks use the same robot interface and
scene description framework in RoboSimStudio.

Figure 10 shows five manipulation tasks that use different physics solvers and coupling methods.
For sponge wiping, the sponge is a finite-element soft body in the external SuperDex engine [3],
co-simulated with Newton by passing rigid-body poses to SuperDex and returning contact forces to
the rigid-body solver at each control step. For cable routing, the cable is a chain of rigid capsules in
Vertex Block Descent, and the robot hands enter that solver as proxy bodies, so that contact forces
from the cable are transferred back to the robot. The choice of solver, coupling method, and physical
parameters is changed in the scene description, without changing the robot interface or the task.

An arm wants a rigid-body solver with accurate joints, limits, and drives. A cable or a towel wants
an implicit solver that stays stable on thin, stiff deformables. A sponge wants a volumetric model.
RoboSimStudio lets each object be simulated by the solver that suits it, and couples the solvers
where the objects touch. This appendix describes how a scene is partitioned, what crosses each
boundary, and how the result is scheduled (Fig. 11).

Who states what. RoboSimStudio keeps apart three statements that simulation code usually
mixes. An asset states what it is and what it may touch: a cable is a rod that hands must be able
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= Arrangement Manifest
= o Asset ) a solver for each kind of physics, what was built; shown in the studio,
a what it is, and what it may touch and how islands couple kept with every recording
[ Composer: objects whose solver choices are equal share an island; a channel opens where islands touch }
contact surfaces poses of
P . a y bodies o e ie: .
3 Deformable island 28 proxy hodles Rigid island mirrored bodies External engine
S Vertex Block Descent MuJoCo-Warp finite elements or IPC
= cables, cloth contact forees arms, grippers, rigid objects fltered wrenches sponges, soft bodies, cloth
(every substep) (every control step)
one captured GPU graph, repeated for every substep
2 | rebuild collision | ( L[ L[ . L[ L[ . | external [ one batched |
2 «\» clear apply forces |-+ detect collisions [+ solve and couple - mirror state ;
& structures J L }» PPy J J P )L J engines step | | read-back |
1 I

Figure 11: Physics composition. Top: an asset states what it is, a scene’s arrangement states which
solver serves each kind of physics, and the composer records what it built. Middle: objects are
grouped into islands, one per solver, and contact is exchanged where islands touch: proxy bodies
and contact forces between Newton’s own solvers, poses and wrenches between Newton and an
external engine. Bottom: every substep runs as one captured GPU graph; external engines step after
it, and state is read back once per control step.

to push. It never names a solver. A scene’s arrangement states which solver serves each kind of
physics and how groups of objects couple. It never names an object. The composer reads both when
the scene is built, decides which solver receives which object’s state, and records the result as a
manifest. The manifest is what the studio displays and what every recording carries, so a run can be
rebuilt from its record alone.

Islands. The composer groups objects into islands. Each object resolves to a solver choice: its
own if it states one, otherwise the arrangement’s choice for its kind of physics. Objects whose
choices are equal share an island and are solved together. Nothing more is needed for a cable and a
towel to interact inside one implicit solve; the arrangement names the same solver for both. In the
default arrangement the robot is an island in MuJoCo-Warp, soft bodies form an island in an external
finite-element engine, and everything else shares a Vertex Block Descent island. A task can restate
any of these, and the scene in Fig. 7 shows the regrouping that follows.

Table 3: Coupling methods in RoboSimStudio. The first three couple Newton’s own solvers inside
the captured step. Co-simulation couples Newton to an engine outside it.

Method What crosses the boundary Exchanged Used for
Proxy Rigid surfaces enter the de- Every substep, once A hand that must feel what it
formable island as proxy bodies; or iterated grasps: cables
contact forces return
One-way Rigid poses lead the deformable Every substep Contact over a deformable’s
island as a moving boundary full surface: cloth folding,
film and tape peeling
Constraint- Contacts and attachments shared Iterated within a sub- More than two islands; at-
based as constraints across islands step tachments that span solvers
Co-simulation Body poses go out as kinematic Once per control step Soft bodies and cloth in an
mirrors; contact wrenches return external engine

Coupling inside Newton. Where two islands touch, the composer opens a channel between them,
and a coupler exchanges contact across it within every substep (Table 3). In proxy coupling, the
surfaces of a rigid island that may touch a deformable—a gripper’s fingers, or a whole object—enter
the deformable island as proxy bodies that follow the rigid solver’s motion. The deformable solver
collides against the proxies, and the contact forces it finds return to the rigid solver as forces on the
original bodies. One exchange per substep is an explicit coupling with one substep of lag; repeating
the exchange within a substep tightens it at proportional cost. Proxy coupling is what lets a hand
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feel the cable it pulls. One-way coupling drops the return path, and the rigid island leads the de-
formable one as a moving boundary. RoboSimStudio uses it where a deformable needs contact over
its whole surface and the robot is far stiffer than what it handles, as in cloth folding and film peeling.
Constraint-based coupling poses contacts and attachments across islands as shared constraints and
solves them iteratively. It serves scenes with more than two islands or with attachments that span
solvers; it is available, but no task in the current gallery uses it.

Co-simulating external engines. Some physics is better served by engines outside Newton. Ro-
boSimStudio currently couples two: a finite-element engine for soft bodies and rods (SuperDex [3])
and an incremental-potential-contact engine for cloth and soft bodies (Genesis [2]). The contract
is the same for both: pose in, wrench out. The external engine receives the Newton bodies its ob-
jects may touch as kinematic mirrors, driven by the poses Newton computed in this control step. It
advances its own objects against them, and returns the contact wrench on each mirror, which Ro-
boSimStudio applies to the Newton body. Three details make this robust. Only shapes that Newton
itself would collide are mirrored, so a hand’s visual meshes and reference frames never press on
anything. Mirror motion is interpolated across the external engine’s own substeps, so a fast hand
does not pass through a thin object between two poses. And the returned wrench is smoothed as
it rises and bounded in the velocity change it may cause, because an unfiltered wrench applied one
step late can launch a light body. The external objects’ particles still live in Newton’s state, marked
as not integrated there. Rendering, dragging, recording, and task evaluation therefore work on them
without knowing which engine moved them.

Adding the second engine changed no code in the composer, which is our evidence that the seam is
general. What did not transfer was an idiom. One engine treats a mirror as a static actor that can
be placed anywhere before its first step; the other holds a mirror with a soft constraint, so a mirror
created away from its body drags the scene with it. Each engine therefore keeps a small bridge of
its own, and the rest—mirror motion, wrench feedback, scheduling—is written once.

One step program. All of this runs under one schedule (Fig. 11, bottom). A substep is a fixed
sequence of stages: clear and apply forces, detect collisions, solve and couple, and mirror state for
the solvers that need it. RoboSimStudio captures the whole substep loop, couplers included, as a
single GPU graph, so the physics loop moves no data between device and host. External engines
step once per control step after the graph has run. Everything the environment, the renderer, and the
recorder need is then read back in one batched copy. A coupled scene therefore pays for its solvers,
not for the composition (Appendix D).

Holding deformables. Contact alone does not yet carry every grasp, and RoboSimStudio makes
the alternatives explicit rather than hiding them. A sponge can be lifted by friction between two
fingers. A cable is held by a latch: a bounded spring between a cable segment and the gripper,
engaged when the fingers close on it. Cloth is held by pinning the particles under the fingertips to
the hand, and soft bodies can be pinned the same way. Each attachment is a tunable part of the
scene, and Appendix C.1 lists what this leaves unmodeled.

Extending the composition. Every extension point is a named registry rather than a class the
toolkit must know. A solver that Newton releases tomorrow is one entry in a scene’s arrangement.
A new kind of physics, a new coupler, or a new external engine registers from outside the toolkit,
together with the units, ranges, and update cost of its parameters, from which the studio generates
its controls.

C.1 Physics Composition Details

From declarations to a schedule. The composer runs once, when a scene is built, in a fixed order.
It first builds an interaction graph whose nodes are the objects, with the state each owns and the roles
it plays, and whose edges are the contact rules the assets declared. It then forms islands, opens a
channel for every contact between a rigid island and a deformable one, and routes every candidate
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contact pair to exactly one collision pipeline: a channel’s own if the pair crosses that channel, the
main one otherwise. Finally it builds the solvers, lays out the step program, and writes the manifest.
A declaration the arrangement cannot honor is an error at build time that names the asset, the rule,
and the arrangement, rather than a scene that silently simulates something else.

Why external engines step last. External engines step after the captured substeps rather than
before them. Newton’s deformable solver writes velocities for every particle in the state, including
those an external engine owns, so particles written before the substeps would be overwritten by
them. Stepping last also lets the engine read the body poses of the control step that has just been
computed, at the cost of one small read from the device. The alternative, reading the previous step’s
poses, costs nothing and leaves the mirrors one control step stale; RoboSimStudio defaults to the
fresh poses.

Documented limits of the coupling. The coupling is explicit, and its limits are stated in the
toolkit’s documentation and tests:

* A mirror that moves farther in one external-engine step than the thickness of the object it meets
can pass through it. Fast contacts need more engine substeps or more contact padding.

* Proxy coupling pushes a deformable but does not pinch one. A cable is therefore held by a latch
and cloth by pinned particles (Appendix C).

* A light, free rigid body resting on a co-simulated soft body is out of scope: the wrench it receives
is one control step late, and it creeps or is launched. Arms and driven tools are the supported case.

* The incremental-potential-contact engine must run in double precision. In single precision the
force it returns vanishes as the coupling stiffens, which reads as a loose coupling rather than as an
erTor.

 Contact between a deformable in Newton and a deformable in an external engine is not coupled.

* Batched worlds are supported for Newton’s islands and for one of the two external engines.

D Throughput

Table 4: Throughput in detail. Islands and channels are what the composer built. The control rate
is the full environment step; the physics rate is the solvers alone; the overhead is the difference per
control step. One world, one RTX PRO 6000 GPU, 120 steps after 60 warm-up steps, each scene in
its own process.

Scene Islands Channels Control (steps/s)  Physics (steps/s)  Overhead (ms)
Tool sorting 1 0 113.9 123.1 0.7
Cloth folding 2 0 34.8 37.4 2.0
Cable routing 2 1 10.4 10.5 0.9
Film peeling 2 0 5.8 5.8 1.6
Sponge pressing 2 0 138.2 158.2 0.9

Table 4 reports the rate of representative scenes with a single world. The rigid scene and the co-
simulated sponge run at over a hundred control steps per second. Deformable scenes solved inside
Newton run an order of magnitude slower, set by the solver iterations their contacts need rather than
by the composition layer: on top of the solvers, the environment adds about two milliseconds or less
per control step in every scene. Every scene keeps the GPU busy for the whole physics period, so
the control rate is set by the solvers. What the environment adds on top—gathering observations,
evaluating the goal, and, for the sponge, stepping the external engine—is the overhead column. The
sponge scene shows where an external engine’s cost lands: its step runs outside the captured graph,
so it appears in the control rate and not in the physics rate. Batched worlds amortize the cost of rigid
scenes: on the same GPU, the tool-sorting scene runs 256 worlds at about real time and 512 worlds
at 0.78 times real time, while a single cloth world runs at 0.58 times real time.
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E Task Gallery
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Figure 12: Task gallery. Thirty scenes in RoboSimStudio, each a frame of a recorded rollout re-
rendered with the path tracer. The scenes cover three robots (Franka Panda, URSe, bimanual YAM)
and rigid, articulated, cable, cloth, film, and soft-body physics. Most are tasks with a goal and
a shipped policy; cable whipping, screen film peeling, foam block lifting, leaf pressing, and cube
lifting are example scenes and simulations without a goal.

Table 5: Task families in RoboSimStudio. A family is one task document with declared variation;
a variant fixes object sets, counts, layouts, and difficulty.

Task family Variants Robot Physics Coupling
Tool sorting 62 Franka Panda  rigid, articulated none

Sharps disposal 64 Franka Panda  rigid, articulated none

Gear meshing 200 Franka Panda  rigid, articulated none

Tool hanging 208 bimanual YAM rigid, articulated none

Cable routing 202 bimanual YAM cable, articulated proxy
Connector insertion 202 bimanual YAM rigid, articulated none

Bench tasks 8 bimanual YAM film, cable, soft, rigid one-way, co-simulation
Surface wiping 2 bimanual YAM soft body, articulated co-simulation
Cloth folding 2 bimanual YAM cloth, articulated one-way
Crate flipping 4 bimanual YAM rigid, articulated none
Heat-transfer printing 1 bimanual YAM cloth, rigid one-way
Plate racking 1 bimanual YAM rigid, articulated none

Total 956

Figure 12 shows the scenes in RoboSimStudio, and Table 5 lists the task families behind them. A
task is a document: it names its objects, the distribution their initial conditions are drawn from,
and a goal. A family declares its variation in the same document, so its variants differ in which
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objects appear, how many, where, and how hard the layout is. The bench tasks are seven jobs on one
calibrated bench: tape peeling, film peeling, carton tape cutting, decanting, conduit threading, strip
polishing, and sponge wiping. Most rollouts in Fig. 12 run a shipped policy: a scripted routine, or a
graph policy [14] given either simulator state or camera images.

F Agentic Real2Sim

Person: watches,
ig _____ pauses, drags objects

Phone video of the task \ *
| ST VA B VBT s ) edit the scene, . .
- Coding agent one element per save Live studio page Simulation

Interface docs off the shelf rebuilds the scene on scene -+ task
shipped with the toolkit (Claude Fable every save, keeps the 2
ready for learning

_— 5.1, GPT-6 Astra) state, render beside last good scene on error
————— the reference, goal check
Task sentence
“simulate: a YAM

bimanual robot uses
a sponge to wipe
the metal surface”

W, '
(_u . ‘
1 min: empty page 13 min: two arms 46 min: bench, camera 56 min: full scene

Figure 13: Agentic real-to-sim. Top: an off-the-shelf coding agent receives a phone video, the
toolkit’s interface documentation, and one sentence naming the task. It edits a scene while a live
studio page rebuilds it, and checks each edit against the reference. A person can watch and intervene
at any time. Bottom: the studio page during one build of the wiping simulation by Claude Fable 5.1,
with elapsed time (Fig. 14 shows more of the build).

Starting from a video and a sentence. The agent receives three inputs. The first is a video of the
task, recorded on a phone. The second is a description of RoboSimStudio’s interface. The third is
one sentence naming the task, such as “You need to simulate: a YAM bimanual robot uses a sponge
to wipe the metal surface.” The interface description is not a prompt written for one task. It is
documentation that ships with the toolkit: how to start the studio, how scenes are described, which
robots and assets exist, and how to check each change. Any coding agent that reads a repository’s
agent instructions picks it up on its own, so the per-task prompt only has to say which video to
rebuild.

Rebuilding the scene on every save. The agent works on a single scene description while a studio
page runs beside it. Every time the description is saved, the studio rebuilds the scene and swaps it
into the open page without a reload. The camera stays where it was, and a description that fails to
build leaves the previous scene running with the error shown. A rebuild takes seconds. Building a
simulation becomes a tight edit-and-observe loop, the same loop a person uses in the studio. The
agent’s edits arrive one at a time on a page that a person can watch, pause, and interact with.

Looking before acting. The agent closes the loop visually. After each edit, it reads the scene’s
state—what was built, and where each object came to rest—and renders the scene from a camera
placed where the reference was recorded, beside the reference frame. It compares the pair: what is
present, how large it is, and where it sits. It builds one element at a time: the work surface, then the
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robot, then each object, then the camera. Only when the pair agrees does it make the robot act, step
the simulation, and check the task’s goal.

What makes this tractable. Three properties of RoboSimStudio carry the weight. First, scenes
are short declarative descriptions, so an agent can write one after reading the documentation and a
few examples. Second, every state and parameter is explicit, so the agent can test a hypothesis—is
the sponge resting on the bar?—by reading the state instead of guessing from pixels. Third, the
side-by-side render gives a simple, general fidelity signal that needs no task-specific metric. What
remains hard is physical rather than geometric: accurate robot motion, accurate robot—object contact,
and accurate object—object contact. These are what the agent tunes in the second half of a build, and
where simulations still fail (Section 4, Fig. Se).

F.1 Build Details
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Figure 14: One build, start to finish. The studio page during the wiping build of Fig. 13, with
elapsed time: an empty page, two arms, the bar on its supports, the bench with a camera at the
reference viewpoint, a close look at the sponge grasp, and the finished scene with the camera’s own
rendering shown on the page.

What the agent is given. The per-task prompt names the video and states the task in a sentence.
Everything else is documentation that ships with RoboSimStudio and that a coding agent reads on
its own: how to start the live page, how a scene is described, which robots and assets exist, and a
procedure of one change per save, each followed by a look at the result. The prompt contains none
of that procedure.

The live page. One process serves a studio page over a single scene description. Each save rebuilds
the scene and swaps it into the open page without a reload, keeping the viewer’s camera. A rebuild
takes a few seconds, about half of which is collision geometry for the fingertips; the swap itself is
not noticeable. A description that fails to build leaves the previous scene running and reports the
error on the page. The agent queries the same page a person sees: the names and resting places of
the objects, a rendering from any camera placed beside the reference frame, and the task’s goal.

What the build reused. The build in Fig. 14 is honest about its starting point. The agent spent its
first minutes reading an existing wiping arrangement in the toolkit and built on it: the foam material,
the coupling of the arm to the sponge’s finite-element engine, the camera rig, and the surface finishes
were already there. What the session added was the scene re-measured from the video, a camera
fitted to the reference view, the pressing and wiping motion, and a path-traced camera view on the
page. The sponge is held by pinning the foam under each finger pad, and friction-only grasps were
not attempted in that session. Building a simulation in about an hour is therefore the cost of a new
scene in a toolkit that already models its materials, not the cost of modeling a new material.

G Agentic Real2Sim2Real: The Complete Pipeline

Figure 15 shows the complete agentic Real2Sim2Real pipeline for the sponge-wiping task of Sec-
tion 3.3. From a smartphone video (a) of a task whose simulation requires modeling robot motion,
object-object contact, and robot-object contact (b), a coding agent constructed and verified the sim-
ulation in 56 minutes (c). The resulting multi-physics simulation couples MuJoCo-Warp within
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Figure 15: Agentic Real2Sim2Real for sponge wiping. (a) A real-world bimanual manipulation
task, where one arm holds a bar while the other wipes a marker stripe using a sponge. (b) Simula-
tion challenges involving robot motion, object-object contact, and robot-object contact. (c) A coding
agent constructs and iteratively refines the simulation through the interactive studio, completing a
verified simulated wipe in 56 minutes. (d) A multi-physics simulation in RoboSimStudio. (e) Phys-
ical variation of sponge stiffness and spatial variation of the bar and sponge across 30 generated
layouts (bottom). (f) GaP [14] improves the simulated wiped area from 0% to 100% over 14 itera-
tions using spatial-temporal simulation feedback from RoboSimStudio. (g) The improved policy is
deployed on the real robot to perform sponge wiping. (h) A real-world failure caused by displace-
ment of a bar support that was fixed in the original simulation. (i) Given the observed failure, the
coding agent revises the physical simulation to allow the bar and its supports to move under contact.
Under an off-center wiping motion, the revised simulation captures bar displacement and tipping.

Newton for the arms, bar, and supports with SuperDex for the deformable sponge (d). RoboSim-
Studio then varied the sponge’s stiffness and generated 30 spatial layouts of the bar and sponge (e),
over which GaP [14] improved the simulated wiped area from 0% to 100% in 14 iterations using
spatial-temporal feedback from the simulator (f), and the improved policy was deployed on the real
robot (g). One real rollout failed when the wiping motion displaced a bar support that was fixed in
the simulation (h). Given the failure video and a description of the cause, the coding agent replaced
the fixed constraint with a free rigid body for the bar and its supports (i). Neither simulation repro-
duces the failure under the nominal stroke; under an off-center wipe, found by searching over press
depth and lateral offset rather than measured on the real robot, the revised simulation captures bar
displacement and tipping while the original keeps the bar in place.

G.1 Real Tasks, Their Simulations, and Event Timing

The sponge-wiping (Section 3.3) and crate-flipping (Appendix H) simulations are agent builds from
a single phone video. RoboSimStudio also holds simulations of a full bench of real tasks, built over
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Figure 16: Real bench tasks and their simulations. Top: frames of five real tasks on a bimanual
YAM workcell. Bottom: the same tasks in RoboSimStudio on a simulation of the bench. Right: for
film peeling, the real cell’s sensing overlay locates the contact event (top pair), and the simulation
draws its own contact readout in the same place (bottom pair). These simulations were built with
RoboSimStudio over several sessions; they are not the one-hour agent builds of Section 3.3.

several sessions against a calibrated camera rig (Fig. 16). They share one bench model and one set
of cameras, so a simulation is rendered through the camera the real clip was recorded from.

Table 6: Event timing on sponge wiping, in seconds from the start of each take. The real clip is
recorded at twice real time; its times are doubled here. Simulations A and B are those of Fig. 5b and
Fig. 5c.

Event Real Sim. A Sim.B

Sponge gripped 7.4 10.9 15.0
Sponge on the bar 9.6 18.9 28.2
Last stain cleared ~ 24.0 28.9 35.4
Sponge released 26.4 33.8 44.5
Done 30.7 35.9 49.7

Timing as a first fidelity measure. Side-by-side stills say that a simulation looks right. They do
not say that it moves right. Table 6 lines up five events that occur in the real wiping clip and in both
agent-built simulations of Fig. 5. Both simulations are slower than the real robot, and not uniformly:
they take several times longer to carry the sponge to the bar, and less time than the real robot to wipe
it. Aligning a simulation to its reference on events like these, rather than on appearance alone, is a
step toward the fidelity metric that Section 4 lists as missing.

H Crate Flipping

Task. Two YAM arms take a shallow plastic crate by its two short end walls, turn it over, and push
it into an open box at the back of the bench. Success requires both: a crate that is flipped but left
outside the box is only a partial outcome. The crate is a thin shell with a cavity and hand-holes in
its end walls. A convex collision approximation would fill the cavity and remove the very rim the
grippers pinch, so the simulation must keep the shell geometry.

Setup. The input is a phone recording of a real bimanual workcell (Fig. 17a), with the same in-
terface documentation and a one-sentence description. GPT-6 Astra, running in Codex, built the
simulation in about an hour (Fig. 17b).

Learning in simulation. GaP then refined a graph policy for the task inside the simulation. Table 7
reports successes at each iteration on six training configurations and, every other iteration, on twelve
held-out configurations. The first three iterations failed on all training configurations. The first
successes appeared at iteration 3, and by iteration 6 the graph succeeded on 5 of 6 training and
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(a) Real input. (b) Agent-built simulation.

Figure 17: Crate flipping. (a) A phone recording of a real bimanual workcell. (b) The simulation
GPT-6 Astra built from it, path traced.

10 of 12 held-out configurations, up from 1 of 12 at the start. Early graphs often flipped the crate
but stopped short of the box: at iteration 2, three of six rollouts ended this way. Progress was not
monotonic: iteration 4 regressed to 0 of 6, and iteration 7 to 4 of 6. Self-learning in simulation
therefore needs held-out configurations, and it needs to keep the best graph rather than the last.

Table 7: Self-learning on crate flipping. Successes per GaP iteration inside the agent-built simula-
tion, on six training configurations and twelve held-out configurations. A success is a crate flipped
and pushed into the box; a flip that stops short of the box counts as a failure.

Iteration o 1 2 3 4 5 6 7
Training (of 6) o 0 0o 2 0 2 5 4
Held-out (of12) 1 - 0 - 1 - 10 -

180 1

Figure 18: What the simulation ex-
poses. One recorded flip in the crate sim-
ulation: the crate’s angle (top) and the
contact force on each fingertip and on the
table (bottom). The fingertips load as the
arms squeeze and raise the near edge, the
table carries the pivot, and all three un-
load once the crate passes vertical and
falls onto its back. None of this can be
read from the video the simulation was
built from.
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What the simulation exposes. A simulation is more than a replay of the motion it was built from:
its state can be read and its assumptions can be edited. Figure 18 plots, for one recorded flip, the
crate’s angle together with the contact force on each fingertip and on the table. The same recording
can be replayed under different assumptions. With fingertip friction lowered, the crate never leaves
the table. With table friction lowered, it rises to about thirty degrees, slides, and falls back. In
the simulation, then, the flip depends on both frictions. The friction values themselves are tuned
estimates, not measurements of the real materials; the replay tests whether the motion depends on
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them, not what they are. This is the kind of question a learned video model cannot be asked, and it
tells a person which contact to measure first on the real cell.
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