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Figure 1. Real-world functional digital twins. FUN REC ● takes a single egocentric RGB-D interaction video (top) and reconstructs a
functional 3D digital twin of the environment (middle). The system automatically identifies articulated scene components, estimates their
kinematic parameters along with per-timestep poses, and jointly reconstructs the static scene and each movable part, including interiors
(see left and right). The final output is a simulation-compatible 3D scene representation with fully interactable articulated elements.

Abstract

We present FunREC, a method for reconstructing functional
3D digital twins of indoor scenes directly from egocentric
RGB-D interaction videos. Unlike existing methods on ar-
ticulated reconstruction, which rely on controlled setups,
multi-state captures, or CAD priors, FunREC operates di-
rectly on in-the-wild human interaction sequences to re-
cover interactable 3D scenes. It automatically discovers ar-
ticulated parts, estimates their kinematic parameters, tracks
their 3D motion, and reconstructs static and moving ge-
ometry in canonical space, yielding simulation-compatible
meshes. Across new real and simulated benchmarks, Fun-
REC surpasses prior work by a large margin, achieving
up to +50 mIoU improvement in part segmentation, 5-10×
lower articulation and pose errors, and significantly higher
reconstruction accuracy. We further demonstrate applica-
tions on URDF/USD export for simulation, hand-guided af-

†These authors contributed equally.

fordance mapping and robot-scene interaction. Our project
page is: functionalscenes.github.io.

1. Introduction

Humans make sense of the world not merely through ob-
servation, but through interacting with it. Reconstructing
functional 3D environments, capturing not only static ge-
ometry but also how objects move and articulate, is a cen-
tral goal in computer vision, robotics, and embodied AI.
While recent progress in 3D reconstruction and large-scale
RGB-D datasets [3, 6, 7, 24, 57, 58, 61, 74, 77] has ad-
vanced static scene understanding [43, 45], these datasets
represent only a single state of each environment. They fail
to capture how scenes change under human interaction (e.g.,
doors opening, drawers sliding, fridges revealing interiors)
which is essential for agents that must perceive, plan, and
act in the physical world. This missing notion of function-
ality remains a key limitation in 3D scene reconstruction.

Recent works have taken steps toward addressing this
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challenge, but notable limitations persist. MultiScan [44]
manually aligns multiple scans of the same room in differ-
ent states (e.g., cabinet open/closed) to annotate articulated
parts. SceneFun3D [11] and Articulate3D [18] enrich static
LiDAR scans with fine-grained functional and affordance
annotations. Parallel work on “digital cousins” [8, 22, 78]
retrieves CAD proxies resembling static reconstructions to
obtain simulated, interactive counterparts. While these ef-
forts produce interactive scenes, they rely on labor-intensive
multi-state captures, manual annotations, or proxy recon-
struction, only weakly tied to the actual 3D geometry. At
the object level, several works [16, 20, 26, 29, 37, 39, 42,
69, 72] recover articulated objects from demonstrations, but
typically assume controlled setups, fixed cameras, or known
CAD models. They remain limited to object-centric or syn-
thetic scenarios, and none provides an end-to-end solution
for reconstructing scene-scale, physically grounded digital
twins directly from real, egocentric interaction videos.

Our motivation is that human interaction provides the
most direct and rich supervision for functional scene recon-
struction. As people move and manipulate their surround-
ings, egocentric observations naturally reveal which parts
articulate, around what joints, what volumes are exposed,
and the associated affordances. Building on this insight, we
introduce FunREC, a system that reconstructs a coherent,
articulated 3D digital twin of a real environment directly
from a single egocentric RGB-D interaction video.

FunREC automatically detects articulated parts, esti-
mates their articulation parameters, tracks scene and part
motion jointly, and reconstructs both static and moving ge-
ometry, including occluded interiors. The result is a physi-
cally consistent, interactable 3D scene in which articulated
components can be continuously manipulated along their
inferred motion axes. At its core, FunREC is a training-
free, optimization-based pipeline that integrates geometric
reasoning with semantic and motion priors from foundation
models. It decomposes the input video into short fragments,
identifies interactions via a video-language model, clusters
motion trajectories into articulated components, and derives
pixel-accurate interacted-part masks. We then jointly opti-
mize part poses and articulation parameters, and fuse TSDF
reconstructions using the estimated camera and part poses
to obtain globally aligned functional digital twins.

We evaluate FunREC on HOI4D [40], which is recorded
in the lab showing a single object interaction, and we in-
troduce two new egocentric interaction datasets that show
a more realistic setup in real-world scenes: RealFun4D,
containing 351 real interaction videos from indoor spaces
across 60 apartments in four countries, and OmniFun4D,
comprising 127 photorealistic sequences rendered in 12
OmniGibson scenes [13, 56]. Across all three datasets,
FunREC outperforms state-of-the-art baselines in motion
estimation, segmentation, and reconstruction quality. Fi-

nally, we also demonstrate the practical applications of our
method for URDF/USD export for simulation, affordance
mapping, and robot-scene interaction.

2. Related Work
Static and Interactive 3D Scene Understanding. Over
recent years, substantial progress has been made across a
range of 3D scene understanding tasks, such as segmenta-
tion [31, 52], or object detection [33, 53]. This progress has
been enabled in large part by the availability of large-scale
3D datasets [3, 6, 7, 77]. While these datasets rely on static
scans, some have begun to include changes over time, e.g.,
furniture rearrangements in RIO [61] or structural evolution
on construction sites in NSS [59]. More recently, the field
has turned towards modeling articulations and functional-
ities in 3D scenes [11, 18, 44]. MultiScan [44] annotates
articulated object parts (e.g., cabinet doors and drawers) by
capturing each room twice, once with objects closed and
once opened, and manually matching parts across states.
SceneFun3D [11] and Articulate3D [18] focus on under-
standing functionality and affordances, with detailed anno-
tations on high-resolution LiDAR scans that capture fine-
grained interactive elements such as knobs and switches.
However, because these scenes are static, the causal and
kinematic properties of articulated objects cannot directly
be observed. A related direction seeks to reconstruct dig-
ital cousins of real environments [8, 22, 78] by retrieving
synthetic proxies that resemble the observed scenes. These
approaches aim to provide functional digital replicas but
rely on similarity-based substitution rather than observed
physical interaction. In this work, we introduce a comple-
mentary paradigm for capturing functional, causal 3D scene
replicas. Instead of inferring articulation from static geome-
try, we reconstruct the scene and recover functionalities and
kinematic properties directly from observed interactions.
3D Articulated Object Reconstruction. Modeling inter-
active scenes begins with understanding their fundamen-
tal subcomponents: the objects themselves. A substantial
body of work has focused on articulated 3D objects [38].
Most approaches [26, 37, 42, 69, 71] recover articulation
by capturing multi-view RGB(-D) observations across dis-
crete object states and leveraging these to infer articula-
tion parameters and reconstruct part-level geometry. How-
ever, the reliance on multi-view capture makes the data
acquisition complex and limits practicality. Another line
of research integrates vision and language models to in-
fer articulation by generating executable code [83] or re-
trieving CAD models from visual input [34], while oth-
ers [16, 20, 23, 25, 39, 60, 73] operate from single observa-
tions. Nevertheless, the generalization of these works to in-
the-wild settings is hindered by inaccurate CAD model re-
trievals or the reliance on 2D articulation estimators trained
on small-scale datasets. More recently, a new family of
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methods has emerged that jointly capture geometry and mo-
tion from a human demonstration video [29, 72]. However,
these approaches rely on demonstrations recorded with a
static camera and require pre-scanned 3D object models,
which restricts their applicability in unconstrained, real-
world settings. Concurrently with our work, iTACO [50]
and VideoArtGS [41] reconstruct articulated objects from
dynamic videos, but operate in object-centric setups and
do not address scene-scale reconstruction in the wild. Ar-
tiPoint [70] estimates articulation axes from interaction
videos at scene level, but does not recover part geometry.
Tracking Interactions in Dynamic 3D Scenes. While
several impactful datasets have been proposed for dynamic
object interactions ranging from rigid [1, 32, 40, 62] to ar-
ticulated objects [14, 30], they primarily operate in a con-
trolled, table-top setting with objects artificially scattered
in the scene. Consequently, their applicability to in-the-
wild scenes, e.g., real apartments, remains limited. Re-
cent progress in 6D object pose tracking [66–68] has en-
abled several works that track objects and scene changes
from egocentric videos [4, 17, 81] in real scenes. Yet,
they either only track rigid changes, or assume a given
3D scene scan pre-labeled with part-wise motions. Several
recent works have focused on monocular 4D reconstruc-
tion [35, 36, 64, 65, 79, 82]. Typically trained to reconstruct
the dynamic point maps and camera trajectories in a feed-
forward fashion, such methods do not understand the scene
and object semantics, let alone the articulation parameters
of the individual objects. Furthermore, they often operate
on short video sequences and struggle with depth inconsis-
tencies and flickering artifacts in the presence of occlusions,
which are routinely encountered during in-the-wild egocen-
tric scene interactions. While most methods do not predict
3D motion tracks, the ones that do [15, 76] struggle in the
presence of occlusions due to interactions. Meanwhile, 2D
and 3D point trackers [19, 27, 28, 46, 54, 63, 75, 80] pro-
vide useful motion priors but can be noisy. How to leverage
them to robustly track the evolution of scene states in real-
world articulated 3D environments remains an open ques-
tion. We propose a training-free approach that leverages the
semantic and motion priors of foundational models to ro-
bustly discover functionalities and track scene states from
casually captured egocentric interaction videos.

3. Proposed Method
Problem formulation. Let V = {(Ii, Di)}Ni=1 denote an
RGB-D video consisting of N frames, where Ii and Di

represent the RGB image and the depth map at time i, re-
spectively, and camera intrinsics are known. The scene is
composed of a static background geometry Ps and a set of
K articulated parts {Pmk}Kk=1. Each part mk is parameter-
ized by a set of articulation parameters ϕk and a sequence of
rigid transformations {Tmk

i }Ni=1, where each Tmk
i ∈ SE(3)

maps the part from its canonical coordinate frame to the
world frame at time i. We model two articulation types:
Prismatic joints. For sliding object parts such as drawers,
we define a unit translation axis a ∈ S2 and a scalar dis-
placement λi ∈ R at frame i, where S2 is the unit sphere.
The transformation at frame i is then given by:

Tpris(a, λi) =

[
I λia

0⊤ 1

]
, (1)

where I is the 3×3 identity matrix.
Revolute joints. For rotating object parts such as doors, we
define a unit rotation axis a ∈ S2, a pivot point p ∈ R3 lying
on the axis and closest to the scene origin (i.e., a⊤p = 0),
and a rotation angle θi ∈ S1 at frame i, where S1 is the unit
circle. The corresponding transformation is:

Trev(a,p, θi) =

[
R(a, θi) (I −R(a, θi))p

0⊤ 1

]
, (2)

where R(a, θ) is the 3×3 rotation matrix around axis a by
angle θ.

Thus, the pose of part mk at time i is:

Tmk
i =

{
Tpris(ak, λi,k), if mk is prismatic,

Trev(ak,pk, θi,k), if mk is revolute.

3.1. Fragment Construction
The input video V is divided into temporally contiguous
fragments Vk (Fig. 2), such that V =

⋃K
k=1 Vk. Each

fragment is automatically classified as either static (no in-
teraction) or dynamic (interaction with an articulated part)
using a video-language model (VLM) [10]. For each dy-
namic fragment, the VLM also predicts the articulation type
σk ∈ {prismatic, revolute}. Each fragment is processed in-
dependently as described below.

3.2. Dynamic Fragment Reconstruction
Camera pose estimation. Dense point correspondences
are extracted between consecutive RGB-D frames using
RoMA [12]. We filter these matches using per-frame hand
and interacted-object masks from VISOR [9]: points whose
pixels lie inside the hand mask {Mh

i } are discarded, and
those inside the interacted-object mask {Mobj

i } are down-
weighted by scaling their RoMA confidence scores. Each
surviving 2D correspondence is lifted into 3D, and the rel-
ative camera motion between frames is estimated using Su-
peRANSAC [2]. A fragment-level pose graph optimization
ensures globally consistent camera poses {T c

i }.
Sparse 3D trajectories. We obtain sparse 3D point trajec-
tories directly in the world frame using TAPIP3D [80]. This
produces track positions τ ∈ RT×N×3 and per-frame visi-
bility scores o ∈ RT×N , where T is the number of tracked
points. New tracks are periodically initialized on a uni-
form 2D grid to capture surfaces revealed during interac-
tion. Having established sparse 3D trajectories, next we as-
sign tracks to the interacted articulated part.
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Figure 2. Method overview. Given an egocentric RGB-D interaction video, FunREC first divides it into static and dynamic fragments. For
each dynamic fragment, it estimates camera poses, computes sparse 3D point trajectories, and clusters them into articulated components
via articulation-aware motion modeling. The interacting part is then segmented to obtain dense masks and reconstructed together with the
static scene. Part pose and articulation parameters are optimized jointly to yield consistent motion across frames. Finally, all reconstructed
fragments are globally aligned to produce a coherent, functional 3D digital twin where articulated parts can be interactively manipulated.

Articulation-aware motion clustering. Let τl = {τl,i}Ni=1

denote the 3D coordinates of the l-th track. Tracks with neg-
ligible motion are discarded by thresholding their maximal
displacement with ϵs. For each remaining track, we esti-
mate a per-track articulation hypothesis ϕ̂l consistent with
the fragment-wide articulation type σk as:

ϕ̂l =

{
(âl, {λ̂l,i}), if σk = prismatic,

(âl, p̂l, {θ̂l,i}), if σk = revolute.

The motion of each track is fitted by a 3D line (prismatic)
or circle (revolute). We compute predicted track positions
τ̂l,i by transforming the initial point τl,1 with the estimated
motion parameters as follows:

τ̂l,i =

{
Tpris(âl, λ̂l,i)τl,1, if prismatic,

Trev(âl, p̂l, θ̂l,i)τl,1, if revolute.

A track is retained if its average fitting error satisfies

1

|τl|
∑

τl,i∈τl

∥τl,i − τ̂l,i∥2 < ϵf .

Tracks passing this filter are clustered using HDBSCAN [5]
according to the similarity of their fitted joint parameters
(axis, pivot, and motion pattern), forming motion clusters
that represent independently moving parts.

To identify the cluster corresponding to the manipulated
part, we compare clusters against 2D interaction evidence.

Let Cobj
i be the confidence associated with the interacted-

object mask Mobj
i at frame i. For each cluster γ, we com-

pute a consistency score as:
sγ =

∑
l∈γ

∑
i

ol,i · Cobj
i · I

[
π(τl,i) ∈ Mobj

i

]
, (3)

where π(·) denotes projection to the image plane. The clus-
ter with the highest score sγ is selected as the interacted
part, yielding the moving track set τm and the static set τs.
Pixel-aligned part segmentation. Given the moving track
set τm, our goal is to obtain a dense, pixel-aligned segmen-
tation mask of the articulated part for each frame. Since
τm is sparse and may contain outliers, directly projecting
tracks or prompting a segmentation model is unreliable. To
obtain a robust segmentation, we combine geometric evi-
dence from the tracks with image-level semantic grouping.

We first select a set of keyframes {Iq}Qq=1 uniformly
across the fragment. On each keyframe Iq , we apply SAM’s
automatic mask generator to produce an over-segmentation
Gq : {1, . . . , H}× {1, . . . ,W} → N, where Gq(p) assigns
each pixel p to a semantic region (mask) hypothesis, and
H,W denote the image height and width. The static and
moving 3D tracks are projected into the keyframe using the
corresponding camera pose T c

q as π(τmq ) and π(τ sq ), where
π : R3 → R2 is the projection function.

For each semantic region r in Gq , we count the number
of projected moving and static tracks contained within it:

nm
r =

∑
p∈r

I
[
p ∈ π(τm

q )
]
, ns

r =
∑
p∈r

I
[
p ∈ π(τs

q )
]
, (4)
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where I is an indicator. We compute a motion ratio, quan-
tifying if the current region contains the moving part, as
γr = nm

r /(nm
r + ns

r + ϵ), where ϵ prevents division by 0.
Regions with γr > ηm are classified as belonging to the
moving articulated part, where ηm is a threshold. This pro-
duces a motion mask Msm

q on each selected keyframe q as:

Msm
q (p) =

{
1, if Gq(p) ∈ {r | γr > ηm},
0, otherwise.

(5)

The keyframe motion masks {Msm
q } serve as prompts

for SAM2’s video propagation module [55], producing a
temporally consistent sequence of articulated part masks
{Mm

i }Ni=1. These masks accurately delineate the articu-
lated part across the entire fragment, providing the pixel-
level support necessary for dense part reconstruction in sub-
sequent steps.
Part pose and articulation estimation. Given the moving
track set τm = {τml,i} and corresponding visibility scores
om = {oml,i}, our goal is to recover the globally consis-
tent part poses {Tm

i }Ni=1 and articulation parameters ϕm de-
scribing the motion of the part across all frames. Each pose
Tm
i ∈ SE(3) maps the canonical part coordinate frame to

the world frame at time i. The articulation parameters ϕm

encode the joint model, defined as (a, {λi}) for prismatic
motion or (a,p, {θi}) for revolute motion.

For each pair of frames (i, j) within a fragment, we con-
struct 3D-3D correspondences between visible points in τm

and estimate the relative transformation of the part, denoted
Tm
i→j ∈ SE(3), using SupeRANSAC [2]. Each correspon-

dence is weighted by the product of its visibility scores
oml,i · oml,j . The resulting set of relative transforms forms a
pose graph connecting all part poses {Tm

i } in the fragment.
To jointly recover the absolute part poses and articulation

parameters, we minimize the following objective:

L(Tm, Lm, ϕm) =
∑
i

f(Tm
i , Tm

i+1, T
m
i→i+1)

+
∑
i,j

lmij f(T
m
i , Tm

j , Tm
i→j) + µ

∑
i,j

(
√
lmij − 1)2, (6)

where lmij ∈ [0, 1] are optimized loop-closure confidences,
and µ controls their regularization. The term

f(Tm
i , Tm

j , Tm
i→j) = e⊤ijΩijeij ,

where eij = logSE(3)

(
(Tm

i )−1Tm
j Tm

i→j

)
measures

the discrepancy of the estimated relative transforma-
tion (Tm

i )−1Tm
j and the observed transformation Tm

i→j ,
weighted by the information matrix Ωij . The logarithm
logSE(3)(·) maps the residual to the tangent space of SE(3).

The articulation parameters ϕm are initialized via least-
squares fitting to the observed tracks τm, providing an ini-
tial estimate of the joint axis and motion states. Both {Tm

i }

and ϕm are then jointly refined through non-linear optimiza-
tion using Ceres Solver, employing manifold optimization
to ensure the articulation parameters remain on their respec-
tive manifolds as defined in our problem formulation Sec. 3.
Reconstruction and interactive manipulation. Given the
per-pixel segmentation masks and estimated poses, we re-
construct the geometry using two separate truncated signed
distance function (TSDF) volumes: one for the static back-
ground and one for the articulated part. The static TSDF
volume is integrated in the world coordinate frame using
the estimated camera poses {T c

i }, while excluding dynamic
regions corresponding to hand and moving-part pixels, as
indicated by binary masks Mh

i and Mm
i , respectively. The

articulated part is reconstructed in its canonical coordinate
frame. For each frame i, the depth map is first transformed
from the camera frame into the part frame using (Tm

i )−1T c
i ,

and only pixels belonging to the moving-part mask Mm
i are

fused. This yields a clean canonical 3D model Pm, free
from camera motion and occlusions. After both TSDF vol-
umes are fused, meshes are extracted for the static scene
Ps and articulated part Pm. The complete scene at time
i is obtained as: Pi = Ps ∪ Tm

i (Pm), where Tm
i (Pm)

applies the estimated pose of the part to its canonical geom-
etry, placing it in the global frame. To support interactive
manipulation, we estimate the feasible motion range of the
articulation parameters from the tracked motion trajectory:
λ ∈ [λmin, λmax] or θ ∈ [θmin, θmax], allowing the recon-
structed scene to be rendered or physically simulated at any
intermediate state consistent with the articulation ϕm.

3.3. Global Fragment Alignment
Each dynamic fragment yields a local submap Sk contain-
ing its reconstructed static geometry and articulated parts.
To produce static fragment submaps, we perform only cam-
era pose estimation, since the scene remains static. To form
a globally consistent scene, we align all submaps {Sk}Kk=1

within a shared coordinate frame. For each submap pair
(Sk,Sk′), geometric correspondences are extracted, and a
relative rigid transformation is estimated using PREDA-
TOR [21]. Loop closures are accepted only if the point
alignment root-mean-square error (RMSE) falls below a
predefined threshold. These relative transformations de-
fine a scene-level pose graph over the submaps, which we
optimize to obtain globally consistent submap poses. The
aligned submaps are finally fused into a unified TSDF vol-
ume, from which we extract the complete static scene Ps

and the set of all articulated part meshes {Pmk}.

4. Data Collection
HOI4D [40] is the only prior dataset for our task but offers
low-motion, single-object interactions and no full scenes.
Thus, we collect two new egocentric datasets with realistic,
diverse interactions in real and simulated scenes (Fig. 3).
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Figure 3. Proposed Datasets. We introduce two datasets for functional 3D scene reconstruction and evaluation: RealFun4D (left),
capturing egocentric interactions in real scenes, and OmniFun4D (right), providing photorealistic simulated interactions in synthetic scenes.
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Figure 4. Qualitative comparisons. We show qualitative comparisons between baselines and our method. For each method, we accumulate
the reconstructed point clouds of both the articulated part and the static scene across all timesteps, and visualize them under two selected
scene states. Green indicates the articulated part, and red lines denote the estimated articulation axes.

Real-world scenes: RealFun4D. Our real dataset contains
351 in-the-wild human-scene interactions recorded across
60 apartments in four countries. Each sequence is captured
with a head-mounted Azure Kinect DK (1920 × 1080, 15
FPS), providing synchronized RGB and depth. We anno-
tate interaction intervals and textual descriptions, label per-
frame 2D hand and part masks for dynamic-region filtering
and static-scene reconstruction [40], and mark articulation
joints along with per-frame 2D part tracks to enable align-
ment and full 3D part reconstruction.

Simulated scenes: OmniFun4D. We further record 127
interactions in 12 OmniGibson [13] scenes derived from
iGibson [56]. A human operator navigates the environment
and triggers scripted interactions; camera poses and events
are logged and replayed offline to render high-quality RGB-
D and masks using NVIDIA RTX Path Tracing [48]. We
add stochastic Gaussian perturbations to the camera poses
to emulate natural head motion. Further details are provided
in the supplementary material.

5. Experiments

Datasets. We evaluate our method on three datasets. The
first two, RealFun4D and OmniFun4D, are newly collected
as described in Sec. 4. To enable consistent benchmark-
ing with the baselines, we construct a diverse evaluation
set of 60 interaction sequences from these datasets, us-
ing the annotated interaction intervals. Additionally, we
use the HOI4D dataset [40], which contains short, single-
object egocentric RGB-D interaction videos. To adapt it
to our setting, we extract 30 interactions involving four ar-
ticulated object categories (“laptop”, “cabinet”, “safe” and
“trash can”) and post-process the provided 6D part poses to
obtain ground-truth articulation parameters.

Evaluation tasks and metrics. We consider four tasks: ar-
ticulated motion estimation, 6D part pose estimation, part
segmentation, and 3D reconstruction. For articulated mo-
tion estimation, we report axis direction and position errors,
and per-timestep joint state error with separate results for
revolute and prismatic joints. Additionally, we include the
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Methods OmniFun4D HOI4D RealFun4D

Axis (◦) Pos (m) State (◦/m) Fail (%) Axis (◦) Pos (m) State (◦/m) Fail (%) Axis (◦) Pos (m) State (◦/m) Fail (%)

MonST3R [82] (ICP) 52.7/61.5 1.14 66.2/0.27 11.7 67.3/66.1 0.45 60.8/0.06 0.0 54.6/59.1 0.68 65.9/0.21 0.0
MonST3R (CoTr3) 46.8/58.9 1.20 45.3/0.18 11.7 54.7/51.5 0.44 44.8/0.07 0.0 56.8/52.4 0.70 57.4/0.22 0.0
MonST3R (GT depth+CoTr3) 57.6/63.5 1.10 46.5/0.18 11.7 48.6/30.1 0.41 37.6/0.06 0.0 51.4/56.2 0.55 54.3/0.21 0.0
SpatialTrackerV2 [76] 59.8/69.1 1.22 48.6/0.19 30.0 57.9/44.6 0.46 41.9/0.07 0.0 59.4/49.8 0.49 57.5/0.22 20.0
SpatialTrackerV2 (GT depth) 48.7/69.3 1.10 46.8/0.19 30.0 54.3/38.8 0.43 38.7/0.07 0.0 60.8/42.6 0.58 55.6/0.22 20.0
BundleSDF [67] (GT mask) 38.2/55.9 0.95 23.4/0.20 55.0 26.3/24.5 0.24 9.1/0.07 43.3 32.0/52.1 0.58 15.6/0.22 36.7
ArtGS [42] 64.3/23.4 1.69 –/– 95.0 60.5/53.2 0.35 –/– 66.7 70.1/18.2 0.34 –/– 66.7
FunREC (Ours) 5.3/ 5.4 0.03 5.0/0.02 1.7 12.4/ 1.3 0.06 9.1/0.02 0.0 5.6/ 5.5 0.05 8.4/0.03 0.0

Table 1. Articulated motion estimation. We report articulation axis direction error (◦), axis position error (meters; applicable only to
revolute joints), joint state error (◦ for revolute and meters for prismatic joints), and failure rate (%). Values are shown as “XX / YY” for
revolute (XX) and prismatic (YY) joints. Best , second-best , and third-best results are highlighted. All metrics are lower-is-better.

Methods
OmniFun4D HOI4D RealFun4D

6D part pose Reconstruction 6D part pose Reconstruction 6D part pose Reconstruction

ADD-S (%) ↑ ADD (%) ↑ CD (cm) ↓ ADD-S (%) ↑ ADD (%) ↑ CD (cm) ↓ ADD-S (%) ↑ ADD (%) ↑ CD (cm) ↓
MonST3R [82] (ICP) 14.36 9.62 29.8 29.41 19.12 6.4 13.21 9.11 13.4
MonST3R [82] (CoTr3) 33.58 21.94 23.6 44.72 25.98 2.1 18.64 11.35 17.6
MonST3R [82] (GT depth+CoTr3) 37.12 30.48 13.9 54.83 37.11 1.3 20.11 14.62 13.2
SpatialTrackerV2 [76] 26.94 13.11 34.7 61.25 41.02 0.9 19.77 13.92 18.5
SpatialTrackerV2 [76] (GT depth) 29.71 15.43 9.88 60.98 40.21 0.8 22.94 15.22 13.5
BundleSDF [67] (GT mask) 22.84 12.37 17.1 53.12 35.22 1.4 20.88 12.91 10.6
ArtGS [42] – – 20.3 – – 6.8 – – 20.6
FunREC (Ours) 78.96 71.28 3.2 79.43 69.85 0.7 75.62 68.11 6.1

Table 2. 6D part pose estimation and reconstruction. We report 6D part pose accuracy using ADD-S and ADD (higher is better) and
surface reconstruction quality using Chamfer Distance (CD, lower is better) across the OmniFun4D, HOI4D, and RealFun4D datasets.

Methods OmniFun4D HOI4D RealFun4D

mIoU ↑ mIoU ↑ mIoU ↑

MonST3R [82] 23.6 26.8 23.7
SpatialTrackerV2 [76] (SAM2) 6.2 5.8 13.4
FunREC (Ours) 77.9 76.4 74.8

Table 3. Moving part segmentation. Mean Intersection-over-
Union (mIoU) for moving-part segmentation.

failure rate, defined as the proportion of videos where the
method either failed to process or predicted an incorrect
joint type. For 6D part pose estimation, we follow standard
evaluation using ADD-S and ADD metrics [66, 67], while
3D surface reconstruction quality is measured by Chamfer
Distance (CD). For segmentation of moving parts we report
mean Intersection-over-Union (mIoU).

Baselines. We compare against three representative
categories: (Type 1) 4D reconstruction pipelines
(MonST3R [82], SpatialTrackerV2 [76]), (Type 2) 6D
object pose tracking (BundleSDF [67]), and (Type 3) artic-
ulated object reconstruction (ArtGS [42]). For MonST3R,
we integrate ICP and CoTracker3 [28] to enable moving-
part pose tracking. SpatialTrackerV2 is augmented with
SAM2 to obtain part segmentations. For both Type 1
baselines, we lift dynamic regions or tracks into 3D and
estimate part poses via RANSAC-based model fitting,
optionally using ground-truth depth for fair comparison.
BundleSDF is given ground-truth camera poses and
segmentation masks to recover canonical part geometry
and per-frame part transformations. ArtGS operates on
two static articulation states and cannot track motion in

video. Thus, we report its static reconstruction quality
and estimated articulation parameters using ground-truth
camera poses. More details are provided in the Supp. Mat.
Articulated motion estimation. Results are reported in
Tab. 1, with visual examples in Fig. 4. FunREC achieves the
lowest errors across all datasets and motion types. On Om-
niFun4D, it estimates articulation axis direction within 5.3◦

and position within 0.03m, outperforming BundleSDF [67]
by over 30◦ and an order of magnitude in distance. The
same trend holds for HOI4D [40] and RealFun4D, where
FunREC reduces the state prediction error to 9.1◦/0.02m
and 8.4◦/0.03m, respectively, with a failure rate of 0%. In
contrast, existing dynamic reconstruction pipelines [76, 82]
and articulated modeling methods [42] exhibit large devia-
tions and frequent failures. These results highlight the reli-
ability of FunREC in recovering physically consistent joint
parameters directly from egocentric videos.
Moving part segmentation. Results are presented in
Tab. 3. Across all datasets, FunREC achieves the highest
segmentation accuracy, with mIoU scores of 77.9 on Om-
niFun4D, 76.4 on HOI4D, and 74.8 on RealFun4D. These
results represent a substantial improvement over prior meth-
ods, including MonST3R [82] (23.6-26.8mIoU) and Spa-
tialTrackerV2 [76] (5.8-13.4mIoU), demonstrating consis-
tently accurate delineation of moving parts across synthetic,
controlled, and real-world scenes.
6D part pose estimation. Tab. 2 summarizes 6D part
pose accuracy, measured via ADD-S and ADD. Across
all datasets, FunREC consistently achieves the best re-
sults: 79.0% ADD-S / 71.3% ADD on OmniFun4D, 79.4%
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/ 69.9% on HOI4D, and 75.6% / 68.1% on RealFun4D.
These represent more than a twofold improvement over
BundleSDF [67] and a large margin over dynamic track-
ers [76, 82]. The improvements indicate that the proposed
joint optimization of part pose and articulation parameters
produces stable, temporally consistent motion trajectories.

Articulated reconstruction. Finally, FunREC delivers
high-fidelity articulated 3D reconstructions, as reported by
Chamfer Distance (CD) in Tab. 2. It achieves 3.2 cm
CD on OmniFun4D, 0.7 cm on HOI4D, and 6.1 cm on
RealFun4D, substantially improving over all baselines.
Examples (Fig. 4) show that FunREC reconstructs both
static geometry and articulated parts with accurate motion
ranges, enabling continuous re-simulation of interactions
in 3D. Overall, these results confirm that our training-free,
optimization-based approach generalizes across synthetic,
controlled, and real-world egocentric recordings, producing
physically consistent and interactable digital twins.

6. Applications
Simulation-ready export. Using the reconstructed geom-
etry and articulation information, we generate files that
enable interactive digital replicas of real-world scenes for
physical simulation. Specifically, we use the articulation
parameters to define revolute and prismatic joints between
static structures and movable parts, and export them in
URDF or USD format. Physical properties such as mass
and inertia can be inferred from RGB images by querying
a vision-language model (e.g., GPT-5). This process allows
the reconstructed scene to be directly loaded into physics
simulators, enabling a wide range of downstream tasks such
as robot-scene interaction. Fig. 5 illustrates an example in
Isaac Sim [47] where a simulated robot arm interacts with a
scene reconstructed by FunREC from real-world scans.

Figure 5. Isaac Sim deployment. A mobile manipulator interacts
with a drawer reconstructed from a real-world scan.

Hand-guided affordance mapping. As shown in Fig. 6,
our framework naturally extends to incorporate hand-
centric affordance information. By extracting 3D hand
meshes from off-the-shelf estimators [49, 51] and aligning
them within our functional digital-twin space, we can local-
ize the hand in 3D and recover its contact regions on the
object. This enables joint reasoning over the hand’s motion
and the motion of the interacted object part.

Figure 6. Hand-scene interaction. Estimated 3D hand mesh (left)
and inferred affordance map (right). Integrating the hand pose into
our functional reconstruction enables finding contact regions and
consistent reasoning over the associated scene-part motion.

Robot-scene interaction from human demonstration.
The functional scene model can be directly transferred to a
mobile manipulator, enabling robot-scene interaction from
human demonstrations. Fig. 7 shows a Boston Dynamics
Spot with Arm interacting with articulated objects in the
real world. Given the inferred contact points, articulation
parameters, and interaction trajectories, the robot can re-
produce the same interactions reliably and stably.

Figure 7. Robot-scene interaction. Left: Human demonstration
of opening a cabinet. Center: The articulation trajectory derived
from the functional scene model. Right: The robot leverages the
functional information to reliably reproduce the same interaction.

7. Conclusion
We present FunREC, a training-free method to reconstruct
functional, articulated 3D digital twins of real environments
from a single egocentric RGB-D interaction video. By
combining geometric reasoning with semantic and motion
priors from foundation models, FunREC jointly estimates
camera motion, part articulation, and scene geometry. Our
two new egocentric datasets, RealFun4D and OmniFun4D,
enable quantitative evaluation and future research on func-
tional scene understanding. Experiments across real and
simulated settings demonstrate that FunREC substantially
outperforms all baselines in articulation estimation, pose es-
timation, segmentation, and reconstruction quality, and pro-
duces digital twins that can be directly used for simulation,
affordance reasoning, and robot-scene interaction.
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