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Figure 1. Overview of Real2Sim. (a) Kinematic reconstruction: Given RGB observations and recorded robot trajectories, we estimate
temporally consistent 6-DoF object motion and reconstruct the demonstration in simulation. (b) Dynamic reconstruction: A residual
policy refines the nominal robot trajectory under simulation dynamics, producing a physically consistent rollout with dense annotations,
including multi-view images, segmentation masks, object poses, and contact forces.

Abstract

Teleoperation demonstrations are a key source of super-
vision for imitation learning yet their scalability is limited
by two fundamental challenges: costly data collection and
partial observability. Typical recordings provide RGB ob-
servations and robot trajectories while omitting object mo-
tion, contacts, and scene geometry. We present Real2Sim,
a framework that reconstructs minimally observed teleop-
eration demonstrations as physically consistent simulation
rollouts. From monocular RGB and robot trajectory, we es-
timate temporally coherent 6-DoF object trajectories and
reconstruct the robot, objects, and scene in Isaac Sim.
A residual reinforcement learning policy then refines the
nominal robot trajectory under contact dynamics, repro-
ducing the demonstrated object motion through physically
plausible interaction. Each reconstructed demonstration is
paired with dense privileged information—multi-view ren-

ders, depth, normals, segmentation, object and robot states,
and contact forces—absent from the original recordings.

1. Introduction

Imitation learning from human demonstrations has emerged
as an effective paradigm for acquiring complex robotic ma-
nipulation skills [6, 20]. However, learning robust and
generalizable policies typically requires large and diverse
demonstration datasets [2, 8, 20]. Collecting such datasets
on physical robots remains costly and time-consuming, due
to operator effort [19, 37], specialized hardware [10, 39],
and controlled collection setups. Moreover, teleoperation
recordings provide only partial observations of the under-
lying interaction: robot commands and RGB observations
may be available, while object state, contact information,
and scene geometry are often missing.



Physics simulation offers a compelling means of ad-
dressing both limitations. Once a real-world demonstra-
tion has been reconstructed in simulation, the simulator pro-
vides dense privileged state and enables systematic aug-
mentation across object configurations, robot poses, view-
points, and scene appearances. Recent methods such
as MimicGen and DexMimicGen have demonstrated that
simulation-based augmentation can transform a small num-
ber of source demonstrations into large-scale manipulation
datasets [14, 21]. DexMimicGen, for example, generated
over 21,000 demonstrations from 60 source trajectories and
substantially improved real-world performance.

Despite this progress, the preceding real-to-sim recon-
struction stage remains largely unaddressed. Existing
simulation-based augmentation methods, such as Mim-
icGen papers [14, 21], assume access to simulation-
compatible source demonstrations rather than providing a
general procedure to recover them. Real2Render2Real re-
constructs demonstrations through kinematic replay, but
does not enforce dynamic feasibility or recover robot—
object interaction [36]. To the best of our knowledge,
no publicly available framework reconstructs partially ob-
served teleoperation recordings as complete, physically
plausible simulation trajectories.

We study this problem using minimally observed RGB
recordings of real-world manipulation, including policy-
executed robot rollouts from MAPLE and egocentric
demonstrations from EgoVerse [11, 27]. Unlike recordings
obtained with calibrated multi-view cameras or depth sen-
sors, these datasets lack metric object trajectories. Recon-
struction is further complicated by hand occlusion, monoc-
ular depth ambiguity, motion blur, and textureless objects.
We use this minimally observed setting as a stress test for
recovering complete, physically consistent demonstrations
from RGB observations.

In this work, we introduce Real2Sim, a framework for
reconstructing real-world manipulation demonstrations as
physically consistent simulation rollouts. Real2Sim esti-
mates temporally coherent 6-DoF object trajectories from
RGB observations and reconstructs the robot, objects, and
scene in simulation. It then uses residual reinforcement
learning to refine the nominal robot trajectory, compensat-
ing for perception errors and dynamics mismatch while re-
producing the demonstrated object motion through physi-
cally plausible interaction.

Our pipeline pairs each reconstructed demonstration
with dense simulation state, including depth, segmentation,
object and robot poses, velocities, contacts, and interaction
forces. These paired rollouts enable controlled trajectory
and scene augmentation while providing privileged super-
vision unavailable in the original recordings. They also es-
tablish explicit correspondence between real and simulated
observations, supporting downstream real-synthetic train-

ing and domain-gap mitigation.

In summary, our contributions are as follows:

* We present Real2Sim, an end-to-end framework for re-
constructing RGB-based real-world manipulation demon-
strations as physically plausible simulation rollouts.

* We develop a robust RGB 6-DoF object-tracking and
scene-reconstruction pipeline designed for monocular ob-
servations with severe robot-induced occlusion.

* We formulate physically consistent demonstration recov-
ery as a residual reinforcement learning formulation that
refines estimated object trajectories and nominal robot
trajectories to reproduce demonstrated object motion.

2. Related Work

6D Object Pose Estimation. Most established model-
based 6D pose estimators, including FoundationPose [33]
and BundleSDF [32], rely on known object models and
RGB-D observations. Although recent RGB-only methods
have improved monocular tracking and refinement [3, 12,
22-241], they are primarily evaluated under standard model-
based settings with sufficient object visibility. In dexter-
ous hand demonstrations, however, the hand can heavily
occlude the object throughout manipulation, while small
image footprints and near-symmetric geometry further de-
grade visual tracking. We address this heavily occluded,
depth-free setting by combining monocular RGB with syn-
chronized robot trajectories, a calibrated camera, and a
known object mesh. These proprioceptive cues enable our
tracker to identify grasp and release events and maintain
object pose through in-hand occlusion, where frame-wise
RGB estimation alone is unreliable. (Sec. 3.1).

Real-to-Sim Transfer. Transferring real-world data into
simulation enables physically consistent data generation,
policy training, and evaluation without the cost and risk of
operating on hardware.

A large body of work focuses on digital-twin reconstruc-
tion, recovering geometry, appearance, and physical prop-
erties of real scenes and objects so that they can be re-
instantiated in a simulator [26, 28, 35]. These methods tar-
get the fidelity of the reconstructed environment; they do not
address how an executed demonstration trajectory should be
reproduced under contact dynamics.

Another line of work closes the loop as real-to-sim-to-
real, reconstructing a simulation from human video to train
a policy that is then deployed back on hardware [9, 17, 36].
Most closely to our work, Human2Sim2Robot [18] recon-
structs a simulated scene from an RGB-D human demon-
stration and extract the object pose trajectory to train a robot
policy from scratch with in-simulation RL before transfer-
ring it back to a real robot.

Our setting differs in both input and goal. Rather than
learning a deployable policy from human video, we transfer



teleoperated robot demonstrations—egocentric video with
recorded proprioception—into Isaac Sim. The transferred
high quality data can then be used for downstream tasks
such as deployable policies.

Residual Policy Learning. Residual policy learning aug-
ments a nominal controller or reference policy with learned
corrective actions, often improving sample efficiency and
training stability over learning complex manipulation be-
haviors from scratch [15, 30, 31]. Prior work has applied
this paradigm to grasp refinement and dexterous motion re-
targeting [34, 38]. Most closely related to our work, Ma-
nipTrans [17] first generates a coarse robot trajectory using
a pretrained hand-motion imitation policy and then learns
a task-specific residual policy conditioned on object states
and simulated contacts to satisfy physical interaction con-
straints. Building on ManipTrans, we adapt this framework
to real-to-sim reconstruction, where both robot and object
trajectories are imperfect estimates rather than ground-truth
references. The residual policy refines the robot motion,
while the object trajectory is corrected implicitly through
simulated contact dynamics, yielding a physically plausible
reconstruction of the demonstration.

3. Method
3.1. 6D Object Pose Estimation

Transferring a demonstration to simulation requires the ma-
nipulated object’s full per-frame 6-DoF trajectory. Our
recordings provide only a single egocentric RGB stream to-
gether with robot proprioception and rigid object meshes.
Recovering pose from this signal is hard for three reasons:
(i) objects are often near-symmetric, leaving the rotation
ambiguous; (ii) robot heavily occludes the object during
manipulation; (iii) no depth information is given. We di-
vide the object 6D pose estimation pipeline into multiple
stages below. Robot proprioception and object mask are
used to deduce when the object grasped and released. The
final object 6D pose estimate trajectory is then supplied to
Sec. 3.3.

Preprocessing. We obtain the object masks with
SAM?2 video predictor [29] or SAM3 [4]. Depth is inferred
using Video Depth Anything [5]; we further calibrate the
metric result scale by a binary-search depth solve against
the object mask.

Initial track. We get an initial pose estimate from pre-
processed information with RGBTrack [12]. The first
frame’s orientation (which corrupts the whole track when
wrong) is refined using GoTrack [23].

Pre-grasp. Before the object moves, we keep the pose
fixed at the clean first-frame estimate while the hand re-
mains open.

In-hand. While the object is grasped we estimate the pose
using the most trustworthy signal. For position we keep
RGBTrack’s estimate but slide it back onto the mask when-
ever the rendered silhouette drifts off, since the mask shows
where the object really is. For depth we use the robot:
a firmly-held object moves with the end-effector, so the
end-effector forward kinematics (from the joint log) give
a clean depth, free of the jitter that plagues video-estimated
depth. For rotation we use GoTrack as a noisy teacher—
it occasionally flips the symmetric object, so we discard
frames whose orientation jumps from their neighbours and
interpolate the rest. Order matters: GoTrack only refines
a pose, it cannot find one from scratch, so it locks on
only when started from this kinematics-corrected in-hand
pose—which then serves as the high-quality anchor every-
thing downstream is measured against. Started from the raw
tracker, it diverges.

Post-release. Once the robot releases the object, the ob-
ject is no-longer heavily occluded. We run GoTrack over
the post-release window then apply anomaly-filtering and
smoothing.

3.2. Simulation Reconstruction

Object. The manipulated objects have been scanned us-
ing the Artec Leo [1] 3D scanner and meshed into an OBJ
file with UV texture map (Fig. 3). We suspend the objects in
air using thin strings to scan them from all directions, apply-
ing masking tape on surfaces which are trasparent or reflec-
tive to improve scan quality. Objects with thin edges (e.g.
a plastic shovel) often caused divergence problems with the
scanner, which required us to align them manually using the
Artec Studio software.

Robot. The Franka Emika Panda [13] and
ORCA hand [7] are connected with a 3D-printed 90-
degree connector component. We create the URDF of the
full robot based on manufacturers’ files then import it in
Isaac Sim through its URDF-to-USD converter.

Scene. The scene setup of EgoVerse and MAPLE are
similar with minor differences. Different camera are used
for the egocentric-viewpoint of each dataset, and their
extrinsics are calibrated using different methods: EgoV-
erse uses Aria glasses calibrated by aligning the edges
of the table, while MAPLE uses OAK-D Pro calibrated
by an April tag [25]. Comparing the source egocentric
video against simulated render shows high correspondence
(Fig. 4).
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Figure 2. Object pose estimation pipeline. We adopt a multi-stage pipeline for a robust pose estimator in egocentric teleoperation

demonstrations.
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Figure 3. Objects meshes (ball, duck, fish, grape, pan, shovel)
scanned using Artec Leo 3D scanner.

Figure 4. Source egocentric video, simulation egocentric and
third-person render of EgoVerse (Top) and MAPLE (Bottom)
demonstrations in Isaac Sim.

3.3. Residual RL Object Trajectory Imitation

Given a monocular RGB recording, the perception stage
(Sec. 3.1) produces an estimated 6-DoF object trajectory
plT. A nominal robot trajectory g 17" are provided from
dataset in joint commands and wrist position. Neither is
physically valid in isolation: the object estimate is cor-
rupted by occlusion and depth ambiguity, and open-loop
replay of g does not reproduce the object motion under con-
tact, due to the latency and noise in proprioceptive sensors.
We recover a single physically consistent rollout that recon-
ciles the two, jointly refining the robot trajectory explicitly
and the object trajectory implicitly, through simulated con-
tact dynamics. Unlike ManipTrans [17], which corrects a
learned imitator, we correct a deterministic recorded trajec-
tory to reconstruct partially observed teleoperation data.

Residual Policy. At each step, the policy 7y emits a
bounded residual on the nominal configuration, applied as a
PD joint-position target:

a' = clip(qg" + amy(o'), £,u), a=01. (1)
The base g is a deterministic lookup of the nominal robot
trajectory recorded. The reward drives it onto the estimate
plT. The object trajectory is thus de-noised by projection

onto the manifold of dynamically feasible motions, whereas
the robot trajectory is corrected to produce it.

Observations and Reward. We use an asymmetric
actor—critic. The actor observes proprioception, the object
position in the robot frame, the previous action, and a one-
step look-ahead of the reference; the critic additionally re-
ceives privileged object velocities and orientation. The re-
ward drives the simulated object onto the estimated refer-
ence trajectory, with a small action-magnitude penalty:

' = wp Tonjp + Wr Topje = Aa 16113, )
where 7,p;.p and 7p;., are object position- and orientation-
tracking terms and 8° = my(o?) is the policy residual.

3.4. Simulation Rich Information

Once a demonstration has been transferred to simulation,
we use the Isaac Sim API to extract rich supervision from
the rollouts. This yields modalities that are absent from the
original recordings, letting us make greater use of the scarce
human demonstration data.

Multi-viewpoint Render. Because the scene is fully re-
constructed, we can freely set the camera intrinsics and ex-
trinsics to render novel viewpoints in addition to the egocen-
tric one. This lets us obtain views that are free of occlusions
or impractical to capture in a real-world setup, increasing
the diversity of the visual data.



Depth, Normal and Segmentation. On real RGB video,
recovering these modalities would require estimation mod-
els such as Video Depth Anything [5] for depth or
SAM 3 [4] for segmentation. Such predictions are in-
evitably imperfect, suffering from noise, temporal incon-
sistency, or outright errors. In simulation, we instead
read ground-truth depth, surface normals, and segmentation
masks directly from the renderer, free of these limitations.

Contact Force Measurement. Contact forces are a valu-
able cue for dexterous manipulation, informing how the
hand should make and maintain contact with an object [16].
We attach Isaac Sim contact sensors to the 11 skin meshes
of the ORCA hand and record scalar contact-force measure-
ments throughout each manipulation task.

4. Result
4.1. 6D Object Pose Estimation

We have no metric ground truth for the real recordings, so
we report a vector of GT-free proxies—rendered-silhouette
IoU (mean), temporal jerk, and fall-window occlusion
survival—plus a near-ground-truth in-hand rigidity signal:
while the object is rigidly grasped, the object-in-hand trans-
form from the robot kinematics should be constant, so its
variance over the grasp window measures pose error di-
rectly. Silhouette IoU is our most informative proxy, but it
is a relative, mask-dependent comparison against a heavy
occulsion mask, so a pose can score well by over-fitting
the mask rather than being correct; we therefore pair it
with direct visual-overlay inspection, and the downstream
simulation-transfer result, which a mask-overfit pose would
fail. We report every metric over the in-scope phases {static,
grasp, fall, settle} across three duck sequences. The ab-
lation compares three configurations: (a) raw RGBTrack
on our inputs (scale-calibrated monocular depth and SAM
masks), (b) our adapted RGBTrack (C2), and (c) the final
composed track (C5).

Ablation. Across the three duck sequences the final com-
posed track beats both the adapted base and the raw
rung on every metric of the vector in the three-sequence
mean (Tab. 1): the four-phase mean IoU rises to 0.65
(from raw 0.51 / adapted 0.43), the in-hand grasp jerk
collapses to 5mm and the rotational rigidity or to 46°,
and fall occlusion-survival improves to 0.98—the largest
gains being in-hand (the near-ground-truth signal that the
held pose is genuinely correct rather than merely mask-
consistent) and through the occluded fall. The main finding
is that GoTrack pays off only from the proprioceptive (h5)
initialization—seeded from it the catastrophic flips vanish
(grasp-window jerk median 459 — 0.4 mm, angular velocity

Table 1. GT-free metric vector averaged over the duck se-
quences.

IoUt jerkrmsd orJ occ.surv.?
Config. mean grasp, mm grasp, ° fall
Raw + our inputs  0.51 50 96 0.56
Adapted (C2) 0.43 63 85 0.64
Final (C5) 0.65 5 46 0.98

Figure 5. Terminal-frame alignment of the object with the
real recording. (Left) Open-loop dynamic replay drifts from the
recorded duck. (Right) Our residual policy stays aligned.

90° — 1°, mask-verified usable frames 22 — 63%)—and di-
verges when applied to the bare RGBTrack track; GoTrack
is a refiner, not a detector.

4.2. Simulated Replay

Dynamic replay (no residual). As a comparison, we re-
play the nominal robot trajectory under full contact dynam-
ics with the residual disabled (=0 in Eq. 1): the recorded
arm and hand joint angles are tracked open-loop by the PD
controllers. Unlike kinematic replay, the simulator resolves
contact, so hard interpenetration has been resolved (Tab. 2);
but the open-loop trajectory deviates from the real recording
without corrections. In dynamic replay, robot over-squeezes
objects and lets it drift 76.6 mm and 86.6° from the refer-
ence object pose by the end of the episode.

RL result. The residual policy turns this into a physically
consistent reconstruction. It attains the lowest interpenetra-
tion of all modes (Tab. 2), and reproduces the demonstrated
object trajectory far better. For instance, the terminal ob-
ject error 25.6 mm and 44.3° (Fig. 5), while lifting the ob-
ject 16.9cm. The grasp is also gentler: the fingertip con-
tact force during the hold is 8.3+£3.3N . Fig. 6 overlays the
reconstruction against the source Aria RGB, showing the
grasp and lift faithfully reproduced.

Simulation rich information. Once the demonstration is
transferred to a physically consistent rollout, we can extract
simulation rich information. Fig. 7 shows a montage of ren-
dered modalities from a trained simulation rollout. The cor-
responding skin meshes in contact force measurement turn



Figure 6. Comparison of simulation rollout against demonstra-
tion video from EgoVerse.

Table 2. Duck-robot interpenetration with peak penetration
number and the fraction of interpenetration over rollout.

Replay mode Peak penet. (mm)]  Frames >1mm
Kinematic 17.5 48.9%
Dynamic 4.75 20.0%
Residual RL (ours) 3.21 14.9%

SEGHENTATION

Figure 7. Simulation-rich information extracted from a sin-
gle transferred demonstration: multi-viewpoint render, metric
depth, surface normals, instance segmentation, contact force mea-
surement.

red as contact force increases.

5. Discussions

Limitations. Our work has only been tested and verified
on a small subset of teleoperation datasets. To verify the ro-
bustness, we may extend the experiment to varying setups,
objects and manipulation tasks. The robot and object col-
lisions are approximated as convex hulls for reduced com-
putational demand. Usage of more precise approximation
methods (convex decomposition, SDF, triangle mesh, etc.)
can be considered for more detailed manipulation tasks.

Future Works. We can consider the following options for
future works beyond our paper:

* Augmentation: The simulation-transferred demonstra-
tions can be augmented to new data by varying visual fea-
tures (scene background, texture, lighting), object mesh
and trajectories.

* Bimanual dexterous tasks: We can extend the frame-
work to bimanual dexterous tasks covered in the EgoV-
erse dataset.

¢ Downstream training: The refined demonstrations,
along with the simulation rich information, can be used
to train downstream policies with behaviour cloning.

6. Conclusion

We presented Real2Sim, a framework that reconstructs
minimally observed teleoperation demonstrations as physi-
cally consistent simulation rollouts. From monocular RGB
we estimate 6-DoF object trajectories and rebuild the robot,
objects, and scene in Isaac Sim, then use residual reinforce-
ment learning to refine the nominal robot trajectory under
contact dynamics. The recovered rollouts attain lower inter-
penetration and more faithful object tracking than kinematic
or open-loop dynamic replay, and each is paired with dense
privileged modalities unavailable in the source recordings.
Our experiments cover a subset of simple pick-and-place
tasks; extending the pipeline to richer, non-quasi-static ma-
nipulation and validating the augmented data on down-
stream policy learning remain promising directions for fu-
ture work.
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ment learning training pipeline. https://github.
com/3dv-fs26-real2sim/dataset_replay
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