Ego2Sim: Photorealistic Contact-Enabled Simulation
from Egocentric Data
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Fig. 1: Ego2Sim converts a single walk captured by head-worn glasses into a contact-enabled hybrid
simulation scene: a Gaussian splat for what a robot sees and a collision mesh for contact. The Spot
robots in the image (from Isaac Sim [1]) walk in a scene built from a 2.6-minute egocentric recording
and make contact with the environment, as shown above.

Abstract: Vision-based navigation and locomotion policies are increasingly
trained in digital twins of real environments. However, a training environment
with both the visual appearance and the contact geometry of a scene often re-
quires a dedicated scanner or a manual registration step. Egocentric glasses offer
a lightweight alternative: they capture a scene hands-free as the wearer walks
through it, and recordings from such glasses already serve as human demonstra-
tions for robot learning. In this paper, we present a real-to-sim pipeline that
builds a realistic and contact-enabled digital twin in Isaac Sim from a single
walk recorded with Meta Aria Gen2 glasses. The resulting hybrid scene pairs
a Gaussian splat for appearance with a collision mesh derived from the glasses’
own SLAM points. Compared against same-day iPad LiDAR scans, the collision
mesh achieves an F-score of 0.84-0.94 at 10 cm within 1 m of the ground, tak-
ing 51-160x less time to build than a multi-view stereo mesh (MVS). Website:
ego2sim.xyz
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17 1 Introduction

18 Navigation and locomotion policies are often trained in simulation as it is cheaper and safer than on
19 hardware, and a growing line of work builds these simulators from real places [2, 3, 4, 5]. Following
20 Vid2Sim [2], we call such an environment a hybrid scene: a 3D Gaussian splat [6] for appearance
21 plus a collision mesh (the collider) for contact (Fig. 1). Image-only pipelines build such a scene
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Fig. 2: Overview of the Ego2Sim pipeline. The top row builds the Gaussian splat and the bottom
row builds the collision mesh.

from just a phone or a video, but structure-from-motion recovers neither true scale nor the direction
of gravity, and both must be set some other way, such as aligning each scene to the simulator by
hand [3]. Depth-equipped phones [5] and LiDAR scanners [7] measure true scale but are handheld,
and pairing a scan with an egocentric recording takes a second device and a later alignment [8].

Egocentric glasses offer an alternative: they record the world hands-free from the wearer’s view-
point [9], and their recordings already supply human demonstrations for robot learning [10]. We use
Aria Gen 2 glasses [11], Meta’s egocentric research platform, whose Machine Perception Services
(MPS) [12] return a metric trajectory and 3D points in a gravity-aligned SLAM frame. Building on
egocentric splatting [13], we reconstruct a contact-enabled scene from egocentric capture alone, and
we measure how closely its appearance and its contact geometry match the real place — which is the
part of the sim-to-real gap that the scene itself introduces. Our contributions are as follows:

* An egocentric real-to-sim pipeline. To our knowledge, Ego2Sim is the first real-to-sim
pipeline that builds a photoreal, collidable simulation scene from egocentric glasses alone,
with no depth sensor or separate scanner. Its collider is meshed directly from the glasses’
own SLAM points, so it shares the splat’s frame and needs no manual registration.

* An evaluation of both halves of the scene. We compare our collider against same-day
iPad LiDAR scans of five walks: our collider achieves an F-score of 0.84-0.94 at 10 cm
on geometry up to 1 m above the ground, within 0.031 of a COLMAP multi-view-stereo
(MVS) collider that takes 51-160x longer to build; on held-out frames, the splats reach a
mean PSNR of 27.0-30.7 dB per walk.

2 Related Work

Real-to-sim from video. Vid2Sim [2] turns web video into hybrid scenes for urban navigation,
but its metric accuracy is not evaluated. VR-Robo [3] builds a splat and collider in Isaac Sim
from phone photos and aligns them to the simulator by hand. EmbodiedSplat [5] captures scenes
with an iPhone and checks its meshes against laser scans, and GaussGym [4] renders splats inside
a vectorized physics simulator. Scene reconstruction from egocentric capture. Lv et al. [13]
reconstruct photoreal Gaussian splats from Aria Gen 1 recordings, and EgoLifter [14] decomposes
Aria scenes into per-object Gaussians, but neither builds collision geometry or a simulator scene.
FunREC [15] builds articulated mesh twins that export to simulators, but from a head-mounted
RGB-D camera and without a splat, and EgoHTR [8] records terrain traversal with Aria glasses but
scans the terrain with a separate laser scanner. To our knowledge, none builds a photoreal, collidable
scene from the glasses alone.

3 Method

As shown in Fig. 2, an Aria Gen 2 capture yields MPS SLAM points and trajectory, from which we
train a Gaussian splat and build a collider mesh. Both are exported into one USDZ scene for Isaac
Sim and are aligned by construction because they share the SLAM frame.
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Capture: The wearer walks through the scene for a few minutes. MPS [12] returns the trajectory at
1 kHz and the semi-dense SLAM points, each with a depth uncertainty.

Collider from the SLAM points: We keep low-uncertainty points from Aria’s MPS SLAM, treat
each SLAM camera at each observation time as a view, and pass both to COLMAP’s Delaunay
mesher [16], which labels tetrahedra free or occupied with a visibility graph cut [17]: each camera-
to-point ray votes for the space it crosses to be free. We drop triangles with edges over 2m to
prevent the mesh spanning unobserved space, and decimate with quadric error metrics [18, 19]
(median deviation below 1 cm) to 17k-90k triangles.

Gaussian splat: We adapt Meta’s Aria splat trainer [13], built on gsplat [20], to Gen 2 and train 30k
steps at full resolution. MCMC densification [21] recycles faded Gaussians and adds new ones up
to 1.5 M; larger SLAM-point initializations are kept (final: 1.5-2.9 M). From step 10k, we model
the rolling shutter of the RGB camera (image rows exposed at slightly different times) and keep the
factory RGB calibration, which MPS does not refine.

Hybrid scene export: Adapting the 3dgrut exporter [22], we write the splat in NVIDIA’s NuRec
format, which Isaac Sim [1] renders with 3DGUT [23], and package it with the decimated mesh as
an invisible static collider, both with an identity transform, in one USDZ file.

4 Experimental Setup

Data collection. We recorded five walks of 4-6 min with Aria Gen2: two indoor walks of one
bedroom (Room-1, Room-2) and three outdoor walks of a front yard (Yard) and two parking areas
(Hall, Parking Lot). On the same day, we scanned each place with iPad LiDAR using the RTAB-Map
app (v0.22.1) [24] as a reference.

Reference geometry. Consumer LiDAR scans are not survey-grade [25], so we quantify their error.
We align each scan to the SLAM frame by leveling its floor, searching heading and translation on
top-down occupancy maps, and refining with point-to-plane ICP [26] of the confident MPS points
onto the scan, instead of the collider being evaluated. The reference error 0 = (02, + Uflign)l/ 2,
combining the scan’s scatter around fitted planes with the ICP residual, is 2.3-3.0 cm, so we trust
only 7 > 20 and report 7 = 10 cm. On Yard, Hall and Parking Lot, an independent feature-matching
alignment agrees within 0.3°.

Metrics. Following Tanks and Temples [27], we report precision P (the fraction of the collider
within 7 of the scan), recall R (the fraction of the scan within 7 of the collider) and their harmonic
mean, the F-score F' = 2PR/(P + R), within each scan’s footprint and a contact band up to 1 m
above the local ground, which holds the geometry a wheeled or legged robot touches. Ground recall
is the fraction of the scanned ground within 7 of the collider. As a baseline, we replace the SLAM
points with dense points from COLMAP MVS [28], computed from 972—-1362 RGB keyframes per
walk with the MPS camera poses, and mesh and decimate them as in Sec. 3, so the two colliders
differ only in their input points. For the splat, we follow Lv et al. [13]: we hold out every 8th RGB
frame and compare each with its render using PSNR, SSIM [29] and LPIPS (AlexNet) [30].

5 Results

Geometric accuracy. Against the scans, an ICP fit with free scale puts the MPS scale within 0.1—
0.3% indoors and within about 1.5% outdoors, where the estimate shifts with fit direction, and MPS
gravity agrees with the scanned floor to within 1°, versus up to 2.6° for the scanning app’s own
“up”, so the SLAM frame is metric and gravity-aligned without any registration. On this frame, the
contact-band F' at 10 cm is 0.84-0.94 and ground recall is 90.6-99.9% (Table 1). Indoors, precision
and recall are 0.90-0.93, and the two Room walks differ by 0.003 in F'. Outdoors, recall is 0.95—
0.98, but precision falls to 0.75 on Yard and Hall, mostly from unconfirmed surfaces near the scan’s
edge and, on Yard, around the hedge and car. In both settings, the collider captures nearly all of the
scanned geometry that a robot would touch. As a qualitative check, Isaac Sim’s Spot example [1]
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Table 1: Comparison of each walk’s contact-band accuracy at 7 = 10 cm and collider build time.
Ours: collider from the SLAM points. ICP inliers and o (reference error) describe each walk’s scan
alignment. TDense stereo ran on RTX 4090, all others on RTX 4080 SUPER.

Walk Collider ICP inliers o Precisiont Recallt F'1T Ground recallt Build time |
Ours 0899 0925 0912  951% 2.9 min
Room-1- V/vs 89%  23em G945 0913 0.929 87.9% 47ht
Ours 0909 0910 0909  90.6% 2.4min
Room-2 \1vs 8% 23em (954 0914 0.934 88.7% 5.1ht
Ours 0748 0970 0.845 97.9% 2.5min
Yard MVS % 30em 4255 0982 0854  99.3% 6.1h
Ours 0754 0948 0.840 98.5% 1.8 min
Hall MVS TT% - 26emgaee 0972 0.871 99.6% 4.8nt
. Ours 0893 0982 0935 99.9% 7.0 min
Parking Lot ryg 86%  25em 898 0977 0936  99.9% 5.9h
Room-1 ard ) Hall
g Walk PSNRT SSIM+ LPIPS |
=
g Room-1 3070 0913  0.463
s Room-2 3024 0913 0.466
Yard 2697 088  0.337
Hall 2927 0937 0382
i_g Parking Lot 29.72 0947  0.197
o
(5]

Mean 29.38 0919  0.369

33.1dB

Fig. 3: Splat quality on held-out frames (every 8th RGB frame). Left: example frames (top) and
renders of the same views (bottom), with each frame’s PSNR in dB. Right: per-walk means.

with its unchanged flat-terrain policy walks on the collider of an earlier 2.6-minute front-yard scene
and touches the car and the hedge (Fig. 1).

Baseline comparison. Across the five walks, MVS raises F' by 0.001-0.031, mostly through preci-
sion indoors (0.945-0.954 vs. 0.899-0.909) and on Hall (0.788 vs. 0.754), but lowers indoor ground
recall (87.9-88.7% vs. 90.6-95.1%). It took 4.7—6.1 h per walk versus 2—7 min for ours. Our collider
is thus far faster to build, with nearly the same accuracy and better indoor ground recall.

Splat quality. On held-out frames, the splats reach a mean PSNR of 27.0-30.7 dB (mean 29.4;
Fig. 3), comparable to the 24.0-30.0 dB (mean 26.6) that Lv et al. [13] report on 12 Aria Gen 1
scenes with the same protocol and code, despite our factory calibration; the scenes differ, so this is
a reference point, not a head-to-head. Held-out frames also lie a median of 33 ms from a training
frame, so our PSNRs thus measure fidelity along the walk, not from novel viewpoints such as a
robot’s lower camera.

6 Conclusion

We presented a pipeline that builds contact-enabled Isaac Sim scenes from a single egocentric walk
with Aria Gen 2 glasses. Across five indoor and outdoor walks, the collider reaches a contact-band
F'-score of 0.84-0.94 at 10 cm, with nearly the same accuracy as an MVS collider that takes hours
instead of minutes to build. However, our study has two limitations. First, we neither train nor
evaluate a policy in these scenes, and we test no real robot. Second, five walks is a small sample.
In future work, we will train policies on teleoperation demonstrations in these scenes and on human
demonstrations from the same recordings, and deploy them on a real robot. We will also capture
more diverse indoor and outdoor places and release the reconstructed scenes as a benchmark.
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