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Real-to-sim conversion for robotic interaction with objects remains labor-intensive because it
requires more than visual reconstruction: a streamlined real2sim process must recover scene
geometries and object states, infer physical parameters, and assemble actors, objects, cameras,
poses, and trajectories into a runnable physical simulation. Today this process still depends on
manual tuning of visual foundation models, mesh cleanup, coordinate-frame alignment, and
brittle workflow glue across visual perception tools and simulators. We introduce Agentic
Real2Sim, a framework for generalized physical world modeling with vision-language agents,
converting a real-world recording of object-robot interaction into a simulatable episodic twin
which preserves observations, geometries, robot interactions, and object states. We evaluate
Agentic Real2Sim on rigid-object manipulation, deformable-object interaction, and humanoid
motion scenes, spanning domains that are usually handled by separate Real2Sim pipelines,
marking a first step toward scalable conversion. The framework’s agentic decisions can be
driven by an open-weight VLM backend at a small fraction of the cost of frontier models, while
attaining comparable conversion success rate. We aim to use the resulting real-world-aligned
twins for downstream robotics tasks, specifically policy learning and evaluation. The project

site is available at https://agentic-real2sim.github.io/.

1. Introduction

Large real-world robot datasets and increasingly capable simulators have made it tempting to
treat real-to-sim conversion as a solved plumbing problem: collect observations, reconstruct assets,
drop them into a physics engine, and train or evaluate policies. In practice, physical interaction
episodes resist this simplification. A manipulation recording is not just a static scene: it contains a
robot, manipulated objects, camera setup, object states, contacts, physical parameters, as well as a
task description which dictates how the robot behaves across space and time. Accumulating these
elements into a simulatable twin episode still requires a significant amount of manual labor: tuning
visual foundation models, cleaning up meshes, aligning coordinate frames, and gluing together brittle
workflows across visual perception tools and simulators.

Recent work has made strong progress on parts of this problem. Automated Real2Sim frame-
works recover simulation-ready assets and physical parameters from robotic interaction [15], while
Real2Sim2Real frameworks align visual and dynamic properties for manipulation policy develop-
ment [4, 5, 9]. At the same time, state-of-the-art VLM-based agentic data-generation frameworks use
the generate-critic-improve paradigm to build simulation-ready scenes [14, 16, 20, 26] or object-level
assets [25]. These lines of work point to a missing capability: scalable conversion of recorded physical
interaction episodes into physically simulatable digital twins. Given a real-world recording of an
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interaction, can a framework produce a simulatable artifact that replays the episode, with physically
plausible scene setup and physical parameters that support downstream applications such as robotic
policy learning?

We frame this problem as Agentic Real2Sim: Given a recorded physical interaction episode,
our goal is to establish a framework that automatically produces a physically realistic digital twin,
preserving the actors, objects, trajectories, physical parameters, and replay artifacts needed for
downstream robotic learning and evaluation—see Fig. 1. Our contributions are threefold: (1) First,
we introduce an Agentic Real2Sim pipeline for converting DROID robot manipulation episodes [12]
into MuJoCo-simulated episodic twins [18]. We view this as a first step toward scalable interaction
conversion: the system transforms recorded robot-object interactions into simulatable artifacts
through visual processing, physical-prior inference, scene preparation, and simulator-in-the-loop
refinement. (2) Second, we demonstrate that Agentic Real2Sim supports interchangeable VLM
backends. Across four backends evaluated on DROID-100, an open 31B VLM achieves comparable
observed replay-success outcomes to proprietary backends while reducing model cost by up to 31.4x.
(3) Third, we generalize the framework beyond the DROID manipulation dataset, by enabling
the same conversion process for deformable manipulation in a PhysTwin-style setting [9] and for
humanoid motion with BFM-Zero-style motion context [13].
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Figure 1 | Agentic Real2Sim architecture. A recorded DROID episode is converted into a
simulatable digital twin through four linked agents: The visual processing agent from raw video
extracts segmentation and depth masks, geometries and object poses. The physical-prior inference
agent attaches object identity, material class, mass hints, and other constitutive properties needed by
the simulator. The scene preparation agent initializes a scene with the robot’s initial state, cameras,
and reconstructed geometry, and places objects of interest in the correct locations. Simulator-in-
the-loop grasp optimization further optimizes object placements to enable successful grasping. The
same episode contract supplies the inputs and feedback channels used by the rigid, deformable, and
humanoid adapters.
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Figure 2 | DROID episode conversion at scale. Representative episodes from DROID-100
spanning the sampled axes, each pairing the real DROID observation with its MuJoCo episode
twin. Intermediate pipeline artifacts are exposed for selected scenes: object segmentation and
FoundationPose pose-tracking overlays.
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2. Related Work

Automated real-to-sim alignment. Real2Sim frameworks have been gradually shifting from
manually authored simulator scenes toward automated asset and parameter recovery: scalable
Real2Sim reconstructs simulation-ready object assets through robotic pick-and-place interaction,
estimating visual geometry, collision geometry, and inertial properties with a dedicated acquisition
setup [15]. TwinAligner similarly targets physics-aware Real2Sim2Real for robotic manipulation,
combining visual alignment with rigid-body system identification and evaluating whether aligned
simulators improve policy development [5]. These works establish that reconstructing photorealistic
scenes alone is insufficient for robotic learning: simulators used for manipulation must also recover
dynamics, contacts, and task-relevant behavior. Agentic Real2Sim shares this emphasis on physical
alignment, but differs in its unit of conversion. Rather than scanning isolated objects or constructing
a scene for a new policy-training setup, it converts recorded interaction episodes into simulatable
twin episodes that preserve the observed actors, manipulated objects, trajectories, contacts, and
ensures visual alignment.

VLM-driven asset generation. Recent works leverage state-of-the-art visual-language models for
generating visually realistic and physically plausible assets for downstream applications. While earlier
frameworks primarily rely on one-off VLM API calls embedded in larger scene-reconstruction and task-
generation pipelines [11, 17, 23, 26], more recent works such as SceneSmith [16], SceneWeaver [24],
PhyScensis [20], SimWorld Studio [10], and LychSim [14] have shown the strong potential of agentic
VLM pipelines in reconstructing realistic scenes from real-world data, or building articulated assets
through agentic code and testing loops [25]. These agentic frameworks enable VLMs to operate
directly over intermediate generation artifacts, using structured, artifact-level feedback to identify
omissions or implausibilities and to iteratively refine subsequent generation decisions. Our work
follows this paradigm of using VLM-driven agents for synthetic scene generation and real-to-sim
construction, yet places greater emphasis on reconstructing full manipulation behaviors from real-
world recordings, as well as generating physical parameters, in addition to placing assets appropriately
to recreate visually realistic scenes.

Robotic interaction datasets. DROID provides large-scale in-the-wild robot demonstrations
with synchronized RGB streams, depth, calibration, language instructions, and robot trajectories,
with a primary focus on rigid-object manipulation [12]. PointWorld builds on this style of in-the-wild
manipulation data for scalable 3D world modeling and further refines camera extrinsic estimates as
part of its annotation pipeline [8]. These datasets make DROID-style manipulation a natural substrate
for episode-level Real2Sim, while also exposing the practical difficulty of turning raw demonstrations
into physically and visually realistic simulated demonstrations. Beyond rigid object manipulation,
PhysTwin emphasizes deformable manipulation by reconstructing physics-informed deformable digital
twins from videos of interacted objects [9]. For humanoid motion, BFM-Zero studies promptable
behavioral foundation models and motion-context retrieval for humanoid control [13]. Together,
these lines motivate a conversion problem that spans rigid robot-object interaction, deformable-object
interaction, and whole-body motion rather than a single dataset format.

Visual processing and simulation tools. Our pipeline also relies on replaceable visual and
simulation components. SAM 3 supplies open-vocabulary segmentation for selecting and tracking
relevant objects or regions [2]. SAM 3D is used as a geometry-extraction component, not as the object-
discovery mechanism, by recovering 3D object assets from image evidence [3]. FoundationStereo
provides stereo depth estimation from rectified camera pairs [22], and FoundationPose provides 6D
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object pose estimation and tracking for novel objects [21]. Deformable simulation tools such as
PhysTwin and EMPM further show how visual evidence can be coupled with simulator rollouts and
parameter optimization to recover material or connectivity parameters [4, 9]. These components
are important building blocks, but they are not the paper’s main contribution. Agentic Real2Sim
contributes the episode contract and alignment loop that compose visual extraction, simulator
execution, critic feedback, and domain-specific repair into executable episode twins.

Downstream use of simulator episodes. Simulation-ready episodes are useful only if they
support physical queries beyond visual reconstruction. Prior work on demonstration amplification
and simulation data generation studies how converted or synthesized demonstrations can support
skill learning and deployment [6, 19]. We aim to use our converted synthetic DROID episodes as
simulation assets for downstream robotics tasks, specifically policy learning and evaluation.

3. Method

Agentic Real2Sim converts a real physical interaction episode into a simulatable episode twin: a
simulator artifact that preserves the observation streams, actors, manipulated entities, geometry,
temporal state, physical parameters, and evaluation evidence needed to replay or query the original
episode. An episode twin is represented as

T=(0,4,G,5.1,0,8,M), (1)

where O denotes real observations, A actors or end effectors, G geometry and appearance assets,
S1.7 simulator states over time, © physical and alignment parameters, B the simulator backend, and
M the metrics and traces used to decide whether conversion succeeded. The design goal is to share
the pipeline stages, artifact contract, replay loop, and critic interface across domains while allowing
skill and tool invocations to differ between rigid-object manipulation, deformable-object interaction,
and whole-body humanoid motion.

3.1. System Overview

Fig. 1 summarizes the architecture through a rigid object manipulation example. The visual processing
agent reads a recorded demonstration, discovers relevant objects, selects keyframes, segments actors
and objects, reconstructs or imports geometry, estimates scale, tracks poses, and emits a canonical
episode folder. The physical-prior inference agent converts visual evidence and task context into
simulator-facing priors such as object identity, material class, mass hints, and contact-relevant
attributes. The scene preparation agent converts those artifacts into an initialized simulator scene
by aligning robot base pose, object pose, camera frame, assets, trajectories, and ground reference.
The final simulator-in-the-loop grasp optimization stage optimizes the position of the manipulated
object and identifies the optimal object placement which enables successful grasping.

The architecture deliberately separates deterministic tools from agentic decisions. Agentic nodes
make choices that depend on ambiguous visual or physical evidence: which objects matter, which
frame provides a clean mask, whether a segmentation or track is acceptable, which object defines
the ground plane, which episode subtype should be routed to which adapter, and which feedback
channel should drive the next refinement. Deterministic tools invoked by agents perform extraction,
rendering, pose optimization and grasp optimization. This separation makes the system easier to
ablate: removing a critic or replacing a VLM backend changes the decision layer without rewriting
the underlying visual processing and simulation utilities.




Agentic Real2Sim: Generalized Physical World Modeling with Vision-Language Agents

3.2. Converting DROID Episodes

Our framework primarily focuses on DROID-style robot-object interactions [12]. The input contains
synchronized camera streams, calibration data, a robot trajectory, depth or stereo-derived geometry,
and language or task context. The visual pipeline first selects the primary external camera from
the synchronized streams, then extracts frames from its recording and builds a rectified video. A
VLM-driven object discovery node proposes scene entities, after which a keyframe selector chooses
a frame for segmentation. A mask critic can reject poor segmentations and route the graph back
to keyframe selection with a bounded retry budget. Accepted masks feed mesh recovery, while
full-image depth reconstruction [22] further enables mesh scaling and FoundationPose-style object
tracking [21]. A tracking critic records pose-quality judgments and can request a new initialization
frame. Finally, two VLM queries identify the object the robot manipulates and the scene entity that
serves as the ground reference.

The resolved visual state is written into an episode folder containing object meshes, scales, pose
tracks, robot trajectory, camera metadata, first-frame observations, masks, and task semantics. Next,
the scene preparation agent proceeds: it invokes a deterministic calibration stage, optimizes the robot
base pose against the robot mask, and estimates the ground plane’s orientation and offset beneath
the ground reference chosen upstream. The agent then loads the calibrated scene into MuJoCo [18],
and makes a decision: either it performs a deterministic sweep over object shift parameters, or it calls
an LLM-assisted loop that proposes refinements from replay evidence. The sweep path evaluates
a batch of candidate shifts against contact and grasp outcomes; the loop path exposes rendered
keyframes and structured replay summaries to the agent before each refinement.

Tab. 1 lists the tools exposed to each stage in our conversion process, separating the tools an agent
uses to interact with and build artifacts from the skills that describe the high-level decision-making
subprocesses an agent must follow within each stage.

3.3. Converting PhysTwin and BFM-Zero Episodes

The deformable and humanoid adapters extend the same episode contract beyond rigid DROID
manipulation. The deformable adapter follows the PhysTwin/EMPM setting, replacing rigid object
pose tracking with tracked geometry, point, particle, spring, or material state and using simulator
rollouts to check whether recovered parameters reproduce observed deformation [4, 9]. The humanoid
adapter replaces object-centric scene preparation with motion-context retrieval, embodiment-specific
initialization, and closed-loop replay against retargeted reference motion, using motion priors from
the humanoid/video domain [7]. Both adapters reuse the shared folder contract, visual evidence,
structured replay metrics, and repair interface, but expose domain-specific states and refinement
variables instead of forcing all episodes into a single rigid-body representation.

4. Experiments

4.1. Evaluation Metric

We evaluate the rigid DROID conversions with replay success, an episode-level metric that measures
consistency between the simulated episode and the real episode. Specifically, following paradigm
adopted in Cao et al. [1], we compute the metric following a structured, VLM-based process: a
evaluator first prepares a fixed set of real and simulated keyframes with the labels start, middle_1,
middle_2, and end. Next, the evaluator selects reconstruction candidates deterministically from
the latest grasp sweep: a sample is eligible only if the probe marks it as grasped, its replay video
exists, and its lift and displacement statistics are finite and within broad sanity bounds. Among the
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Block

Tool

Skill

Purpose

Object discovery

Segmentation

Geometry

segment (SAM 3)

mesh_recover

object_discovery,
object_relevance,
pickup_object,
support_tree

segment: keyframe +
mask critic

scale_critic

List the objects in the scene, keep
the ones the task involves, pick out
the one being manipulated, and infer
what rests on what.

Pick a clean frame, segment each
object, and retry with a new frame
if a mask is rejected.

Reconstruct each object’s mesh and

(SAM 3D),

mesh_scale

set its real-world size; the critic
checks the size is stable.

Pose tracking Track each object’s 6-DoF pose over
time; the critic checks the track and

can restart it from a new frame.

pose_tracking
(FoundationPose)

tracking_critic

Infer each object’s material and
mass so the simulator has physical
parameters to use.

Physical prior — material_classify

Scene prep calibration,

base-pose opt.

camera_select,
ground_ref

Pick the primary camera view (done
once at data preprocessing),
calibrate the cameras, place the
ground and robot base, and load the
scene into MuJoCo.

Try many small shifts of the object
and keep the one that leads to a
successful grasp.

Grasp opt. grasp sweep —

Table 1 | Tools and skills exposed to each conversion stage. Each stage wraps fixed perception
and simulation backends as tools (backend in italics), and defers high-level decisions to skills:
bounded, schema-constrained VLM queries. Monospace names are the exact invoked tool functions;
a dash (—) means the stage has no tool or skill to be invoked.

eligible samples, the evaluator sends at most five candidates to the judges, ranked by peak object
displacement with sample id as the deterministic tie-breaker. Three judges, each with a distinct
VLM backend, then independently compare the episode’s real keyframes with each candidate’s
simulated keyframes, using the same structured schema; each judge scores the quality of a candidate
based on target-object identity, the target object’s final location, action similarity, and end-gripper
location, while recording start-pose drift as context. The rubric is defined as follows: a judge scores
each candidate out of 10, subtracting up to 4 points for identifying the wrong target object, 3 for a
wrong final object location, 2 for a wrong action performed, and 1 for a wrong final gripper location.
Starting-pose drift is recorded as context rather than directly subtracted; scores of 8 or higher count
as pass, 7 as partial, and 6 or lower as fail. Each judge acts as a success finder by nominating its own
highest-scored candidate. We define r. € {0, 1} as the episode replay-success indicator, with r. =1
if at least one of the three judges assigns a best-candidate score of at least 8 out of 10; otherwise
re = 0. Episodes without a valid judge record are also assigned r. = 0. The reported replay score
for the episode is the maximum of the three judge-best scores.
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4.2. DROID Episode Conversion at Scale

We evaluate the rigid object manipulation setting on DROID-100, a randomly selected set of
100 manipulation episodes sampled to span objects, camera viewpoints, occlusion patterns, and
manipulation verbs (pick / place / push / insert). All sampled episodes remain in the replay-success
denominator, including runs that stop before producing a valid replay record.

Quantitative. Using Gemma 4 31B as the VLM backend, Agentic Real2Sim produces 48 successful,
8 partial, and 44 failed replay outcomes over DROID-100, with a total model bill of $2.62. Fig. 3
reports the corresponding outcomes for three additional VLM backends and compares their model
costs.

Qualitative. Fig. 2 pairs real DROID observations with their MuJoCo replays for representative
episodes spanning the sampled axes, exposing intermediate pipeline artifacts for at least one
scene: recovered object meshes, FoundationPose-style pose-tracking overlays, and the calibrated
robot/ground state. We include at least one informative failure (e.g. a segmentation or pose-tracking
miss) so the panel is honest rather than cherry-picked.

4.3. Multi-VLM Support and Cost Efficiency

Replay-acceptance outcomes Model cost

T

0 20 40 60 80 100 $2 $5 $10 $20 $50  $100
Episodes (%) 100-episode model bill (USD, log scale)

m Success W Partial W Failure

Q

$12.97

$9.16

$82.30

Figure 3 | Replay-acceptance outcomes and model cost across VLM backends. The
left panel decomposes all 100 attempted DROID episodes into replay success, partial, and failure
outcomes for each backend. Replay success denotes a best judge score of at least 8/10, partial a score
of 7/10, and failure a score of 6/10 or lower or the absence of a valid judge record. The right panel
reports the corresponding 100-episode model bill on a logarithmic scale. Observed replay-success
counts range from 37 to 48 episodes, while model bills range from 2.62 to 82.30 USD.

Across all four backends, we use the same pipeline configuration, with reasoning enabled for
selected agentic steps, and vary only the VLM. The reported model bills include all model usage
under this configuration. Fig. 3 shows that the four backends have broadly similar observed outcome
compositions: Gemma 4 31B, Qwen 3.6 35B, GPT-5.4, and Claude Haiku 4.5 obtain 48/100, 45/100,
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43/100, and 37/100 replay successes, respectively. The clearer separation is cost: relative to Gemma’s
2.62 model bill, Claude costs 3.5x as much, Qwen 5.0x, and GPT-5.4 31.4x.

We attribute the similar outcomes across backends to how the pipeline scopes the VLM’s role. The
VLM does not perform geometry or physics itself: it orchestrates deterministic specialist components
for segmentation, stereo depth, and pose tracking, together with a deterministic grasp sweep, and
is queried only for bounded, schema-constrained decisions such as object discovery, keyframe and
mask selection under a capped retry budget, and replay-refinement choices. Because these queries
are narrowly scoped, they lie well within the capability of modern reasoning VLMs, and the pipeline
transfers across backends without per-model tuning: even the 31B open model attains the highest
observed success count while using roughly 3% of GPT-5.4’s model bill. Backend choice therefore
reduces largely to cost, making open-weight models a practical default for large conversion batches.
That absolute replay success stays below 50% for every backend further suggests that the remaining
headroom lies mostly in the upstream visual and simulation components rather than in the choice of
VLM alone.

4.4. Deformable and Humanoid Episode Conversion

We use the deformable and humanoid settings as qualitative stress tests for the same conversion
contract under non-rigid dynamics and closed-loop humanoid control. These domains are presented
through representative visual comparisons rather than aggregate scores.

Deformable. These are PhysTwin-style episodes with assets such as rope, cloth, plush objects,
soft packages, and elastoplastic materials. We compare the real interaction video with the recovered
geometry and simulated deformation, and report representative real-sim matches together with
failure cases.

Humanoid. These are Unitree G1 clips of locomotion and short whole-body motions, retargeted
from LAFAN1. We compare the simulated humanoid against the reference motion in closed-loop
simulation and report qualitative side-by-side motion comparisons.

A. Deformable Manipulation B. Humanoid Motion

Figure 4 | Deformable and humanoid episode conversion. Two non-rigid object manipulation
settings that stress the same conversion contract beyond rigid manipulation. A: PhysTwin-style
deformable episodes pair real interaction video with the recovered geometry and a deformation
overlay. B: Unitree G1 humanoid clips of locomotion and short whole-body motions, retargeted
from LAFANI1, where the simulated humanoid is shown against the real frames after the controller’s
joint-level gains are tuned to match the reference trajectory in closed-loop simulation.
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Qualitative. Fig. 4 shows both domains. In Fig. 4 (a), deformable cases pair real interaction
video with tracked geometry and a deformation overlay, emphasizing whether the recovered material
response follows the visible bending, stretching, and contact sequence. In Fig. 4 (b), we show a
simulated humanoid against its reference motion for standing, kneeling, and short-locomotion clips,
emphasizing gross pose, balance, and motion-phase agreement.

5. Conclusions, Limitations and Future Work

We introduced Agentic Real25im, a framework for converting real-world physical interaction recordings
into simulatable digital twins. The framework must preserve the actors, manipulated entities,
geometry, physical parameters, camera setup and objects along with end effector trajectories needed
for simulation. For the task of converting DROID episodes, Agentic Real2Sim converts robot-
object manipulation recordings into MuJoCo episode twins through visual processing, physical-prior
inference, scene preparation, and simulator-in-the-loop refinement. The same episode contract also
provides a common interface for PhysTwin-style deformable manipulation and BFM-Zero-style
humanoid motion, allowing the pipeline to span settings that are usually handled by separate
Real2Sim systems. Also, our framework decouples agentic decisions from any single VLM provider:
on DROID-100, an open 31B backend attains comparable observed replay-success outcomes to
proprietary alternatives while using only about 3% of GPT-5.4’s model cost. Finally, we aim to
use the aligned episode twins as simulator assets for downstream robotics tasks, specifically policy
learning and evaluation.

Current limitations are the focus on rigid-object DROID episodes and the pipeline’s sensitivity to
errors in upstream perception and simulator feedback. Future work will extend automated conversion
to deformable episodes and systematically evaluate agentic components and VLM backends for
reliability, replay stability, and enable policy learning and evaluation for the robotics community.
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