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This supplementary material complements the main paper
by providing additional details about the proposed method
and datasets. It also includes extended experimental results
and further information on downstream applications. Fi-
nally, we discuss current limitations and outline potential
directions for future work.

1. Additional method details

1.1. Proposed part pose parameterization

Instead of independently parameterizing each per-timestep
part pose as a full 6-DoF rigid body transformation (i.e.,
with unconstrained rotation and translation), we adopt a
formulation that explicitly incorporates the physical con-
straints of articulated motion. This approach significantly
reduces the number of optimizable parameters but also sim-
plifies the optimization process. By embedding the articu-
lation parameters directly into the transformation equations,
they are optimized jointly with the geometry, ensuring that
the physical constraints of the motion are inherently en-
forced. Each transformation 7;"* represents the pose of
part my, at time ¢, mapping points from the canonical (part)
coordinate system to the world coordinate system.
For prismatic joints, we define the pose of a part as:
T =g ]l =1 m
Here, a € S? is the unit articulation axis of the part my
shared among all timesteps and \; € R is the per-timestep
displacement. This parameterization introduces N + 2 op-
timizable parameters in total, where IV is the frame length
of the interaction interval.
For revolute joints, we define the part pose as
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where a € S? and p € R? denote the unit articulation
axis and the pivot point shared across all timesteps, and
0; € S' is the per-timestep angular displacement. The ma-
trix R(a, ;) denotes the rotation by angle 6; around axis
a, expressed via Rodrigues’ formula. The orthogonality
constraint a'p = 0 ensures that the pivot point p lies on
the plane orthogonal to the rotation axis a. Geometrically,
this guarantees that the part rotates around the axis pass-
ing through the pivot point, rather than inducing unintended
translation along the axis direction. This parameterization
introduces N + 4 optimizable parameters, where N is the
frame length of the interaction interval.

1.2. Confidence-aware correspondence weighting

As discussed in the main paper, we modulate correspon-
dence weights when performing rigid body fitting with Su-
peRANSAC [2] by incorporating confidence-aware sam-
pling. Specifically, we use its PROSAC sampler, which pri-
oritizes higher-confidence correspondences during hypoth-
esis generation. We apply this strategy in two stages of our
pipeline: camera pose estimation and part pose estimation.
In both cases, PROSAC enables us to steer the solver toward
more reliable correspondences while still allowing lower-
confidence ones to contribute as soft evidence.

Camera pose estimation. Estimating camera motion from
egocentric videos is particularly challenging due to the
dominance of dynamic regions, most notably the hands
and manipulated objects, which occupy large portions of
the field of view. To mitigate their influence, we build
a fragment-level pose graph and optimize it using selec-
tively weighted RGB-D correspondences. Dense point cor-
respondences are first extracted between consecutive and
uniformly selected frames using RoMA [4]. We then filter
these correspondences using per-frame hand and interacted-
object masks from VISOR [3]. Matches whose pixels fall
within hand masks {M['} are removed, while those in-



side interacted-object masks {M?*} are downweighted.
Specifically, the RoOMA confidence of each correspondence
between frame 4 and j is scaled by the product of the
interacted-object confidence values in the two frames, C; b
C;bj , softly suppressing correspondences that are likely to
arise from moving objects. This weighting encourages the
pose solver to rely primarily on stable, static scene structure
when estimating camera motion.

Part pose estimation. In part pose estimation, we con-
struct 3D-3D correspondences using the 3D tracks at differ-
ent timesteps, i.e., 7;"; and 7;";. Each correspondence pair is

weighted by the product of its visibility scores o}'; - 0]"%.

1.3. Pixel-aligned part segmentation

To provide accurate mask prompts A" on keyframes for
SAM2, we follow the pixel-aligned dense segmentation
strategy described in the main paper. By combining pro-
jected motion tracks with SAM-based semantic grouping,
we obtain a reliable moving part mask on each keyframe.
Figure 1 illustrates an intuitive example, showing how pro-
jected tracks guide region selection and produce a motion-
consistent mask that serves as an effective prompt for
SAM?2’s video propagation module.

1.4. Part pose graph optimization

As discussed in the main paper, we estimate the articulation
parameters and per-timestep part poses by optimizing the
following objective:
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where [7? € [0, 1] are optimized loop-closure confidences,
and p controls the regularization strength. The term
JI T T ) = eiSujeis,
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where e;; = loggp() ((I7")"'TJ"T}7,;) measures
the discrepancy of the estimated relative transforma-
tion (7;")~'T;" and the observed transformation T}, ;,
weighted by the information matrix €2;;. The logarithm

loggp3) (+) maps the residual to the tangent space of SE(3).

Loss terms. The objective consists of three components:

» Consecutive-frame edges: The first term enforces tempo-
ral consistency of adjacent frames. These edges are dense
and typically reliable, anchoring the overall trajectory.

* Loop-closure edges: The second term includes longer-
range frame connections, modulated by confidence vari-
ables I/ € [0,1]. These help correct accumulated drift
but may be noisy, requiring robust weighting.

» Confidence regularization: The final term encourages the
confidences. The penalty (,/I7} — 1)? suppresses low-
confidence edges and prevents trivial solutions in which
all loop closures are rejected.

Optimization strategy. We initialize the articulation pa-
rameters ¢™ via a least-squares fit on the part tracks
7™. The full objective is then minimized using Ceres
Solver [1], employing the Levenberg-Marquardt algo-
rithm together with manifold parameterizations for the
articulation-specific variables, as described in Section 1.1.

Uncertain loop-closure rejection. To improve robustness,

we perform optimization in two stages:

1. Initial optimization: Solve the full objective to estimate
the loop-closure confidences [;';.

2. Pruning: Remove uncertain loop closures with [[ < 7,
where 7; is a confidence threshold.

3. Final optimization: Re-optimize the pose graph using
only the remaining high-confidence edges.

We set the regularization weight as y = £ €2 where €, is the

correspondence-distance threshold used when forming 3D

matches, and ¢ is the average number of correspondences

per edge. This scales the confidence regularization to the

expected noise level of the geometric evidence.

2. Datasets

A summary of the modalities of our newly introduced
datasets is provided in Table 1.

2.1. Real scenes (RealFun4D)

Our dataset contains in-the-wild egocentric video captures
collected in 60 real-world apartments across four countries,
covering a total of 351 interactions. Each sequence includes
synchronized multi-modal data: (1) RGB, (2) depth, (3)
camera trajectories, (4) annotated interaction intervals, and
(5) textual descriptions of the interactions. Each sequence is
further annotated with (6) articulation parameters, (7) per-
timestep part poses, (8) 2D part segmentation masks, (9) 2D
hand masks, (10) 3D reconstructions of the static scene, and
(11) 3D reconstructions of each articulated part.

Collection method. We capture data using a single head-
mounted Azure Kinect DK. A human operator wearing the
camera explores the scene and interacts with the articulated
objects in it. To protect privacy, we remove or cover identifi-
able personal items (e.g., photographs) from the scene prior
to the capture. Using the official Azure Kinect SDK, we
record synchronized RGB-D data (1920 x 1080 at 15 FPS)
along with camera intrinsics. Each capture is processed in
three stages.

In the first stage, we annotate the interaction intervals
(i.e., the start and end frames) and provide a short textual
description for each interaction (e.g., “open the fridge”). In
the second stage, we annotate per-frame 2D masks for both



Keyframe I Projected tracks I

Semantic pixel grouping G g Mask prompt M, qsm

Figure 1. Pixel-aligned part segmentation. From left to right: a keyframe I, is selected; sparse moving and static 3D tracks are projected
into the keyframe; SAM2’s automatic mask generator produces a semantic pixel grouping G; regions are scored using the motion ratio
computed from projected tracks, yielding a motion-consistent mask prompt M7™. These keyframe prompts are then propagated by
SAM2’s video module, producing dense, temporally consistent part masks across the entire sequence.

Dataset #Scenes #Interactions RGB Depth Camera Hand Part Articulation Text Interaction 3D Static 3D Part Scene Type

Poses Masks  Masks Params Desc. Intervals Recon. Recon.
RealFun4D 60 351 v v v v v v v v v v Real-world apartment rooms
OmniFun4D 12 127 v v v - v v v v ' v Photorealistic simulated scenes

Table 1. Our proposed datasets. Overview of sensing modalities, annotations, and reconstruction outputs for our newly proposed datasets,

RealFun4D and OmniFun4D.

human hands and interacted object parts. Following [7],
these ground-truth masks are used to filter dynamic regions
and perform offline RGB-D reconstruction to recover cam-
era trajectories and the static, non-moving scene geometry.
In the third stage, we annotate the articulation joints of the
interacted parts directly in 3D space which specifies the
kinematic structure (axis, pivot and joint type). Once the
articulation joint is known, the part pose has only a single
remaining degree of freedom which is the scalar displace-
ment along the joint motion (e.g., rotation angle for revolute
joints or displacement distance for prismatic joints). To re-
cover this 1-DoF trajectory, we additionally annotate one
2D track per frame. When lifted and combined with the
joint parameters, this track resolves the unknown displace-
ment, aligns the part across canonical poses and enables ac-
curate 3D reconstruction of the articulated part geometry.

2.2. Simulated scenes (OmniFun4D)

We leverage the OmniGibson [5] simulator to record a total
of 127 simulated, photorealistic interactions in 12 different
scenes from the iGibson [14] environments, resulting in the
OmniFun4D dataset. We provide the following modalities:
(1) RGB (1920 x 1080 at 15 FPS), (2) depth, (3) camera
trajectories, (4) annotated interaction intervals, (5) textual
descriptions of corresponding interactions, (6) articulation
parameters, (7) per-timestep part poses, (8) 2D part segmen-
tation masks, (9) 3D model of the static scene, and (10) 3D
model of each articulated part.

Collection method. The interactions for each scene are
recorded by a human operator’s pass through the simulated
environment. The operator uses the keyboard and mouse
to control a floating camera and sequentially trigger a set
of scripted interactions in the scene. After recording the
camera pose and triggered interactions at each timestep of
the operator’s pass, we replay the trajectory offline. Data

™

Figure 2. Misalignment example in the HOI4D dataset.
Ground-truth 4D point clouds in HOI4D occasionally exhibit no-
ticeable misalignment with the object mesh transformed using the
provided part-pose annotations. To ensure a reliable evaluation set,
we manually inspect all sequences and retain only those scenes
that demonstrate consistent alignment between the reconstructed
geometry and the annotated part poses.

for all aforementioned modalities is captured during this
replay. Freed from the constraint of interactiveness, we
improve the render quality using NVIDIA’s photorealistic
RTX Path Tracing renderer [9] and stochastically perturb
the camera pose through a stateful Gaussian walk to imitate
natural pose imperfections in human-recorded videos. We
encourage the reader to watch the attached video for quali-
tative examples of interactions from OmniFun4D.

2.3. HOI4D

We convert the original HOI4D dataset [7] into our for-
mat and retain 30 videos with high-quality annotations after
filtering. We provide the following modalities: (1) RGB
(1920 x 1080 at 15 FPS), (2) depth, (3) camera trajecto-
ries, (4) annotated interaction intervals, (5) textual descrip-
tions of corresponding interactions, (6) articulation param-
eters, (7) per-timestep part poses, (8) 2D part segmentation
masks, (9) 3D model of the interacted object’s static part,
and (10) 3D model of the interacted object’s articulated part.

Collection method. We process the original dataset to ex-



tract ground-truth articulation parameters as defined in Sec-
tion 1.1 from the dataset’s timestep-wise, per-part 6DoF
poses. Specifically, to estimate articulation parameters for
revolute articulations, we estimate the best-fitting plane us-
ing PCA, project 10,000 randomly sampled mesh surface
points to that plane, set the initial estimate of the circle’s
center and radius to the mean and the mean distance to the
center, then refine these parameters using least squares. For
prismatic articulations, we perform a least-squares fitting of
the line induced by the movement of the surface point clos-
est to the object’s center, from a set of 10,000 randomly
sampled mesh surface points.

We note that HOI4D’s ground-truth 4D point cloud oc-
casionally exhibits alignment issues with the object mesh
transformed according to HOI4D’s ground-truth part pose
data. This misalignment is already present in the original
HOI4D release (Figure 2). To construct a high-quality sub-
set for our evaluation, we hence perform a manual inspec-
tion and select well-aligned scenes from the original dataset,
further ensuring a high-quality articulation estimation from
our previously described pipeline for each selected scene.

3. Experiments

3.1. Further details on the baselines

We compare against three representative categories of prior
work: (1) 4D reconstruction pipelines (MonST3R [17],
SpatialTrackerV2 [16]); (2) 6D object pose tracking meth-
ods (BundleSDF [15]); and (3) articulated object recon-
struction approaches (ArtGS [8]). Below we describe the
baseline implementations in greater detail.

MonST3R [17]. Given an input egocentric video, we
first use MonST3R to obtain camera poses, estimated depth
maps, and dynamic masks. We adopt the window-wise opti-
mization implementation of MonST3R to process videos of
arbitrary length. The dynamic parts are then backprojected
into the 3D world space using the estimated camera poses
and depth maps (optionally, we use ground truth depth for
fair comparison). For part-level pose estimation, we con-
sider two alternative implementations. The first approach
uses ICP with RANSAC to register the relative part poses
to the first frame. The second approach lifts 2D tracks, esti-
mated by CoTracker3 [6] within the dynamic mask of each
frame, into 3D using depth information. Using these tracks,
part poses can be registered via a RANSAC based regres-
sion. After part poses are estimated, articulation parameters
are obtained via RANSAC-based line fitting.
SpatialTrackerV2 [16]. Unlike MonST3R, SpatialTrack-
erV2 directly provides 3D tracks in world space but does
not generate dynamic masks. Thus, we apply a distance
threshold to determine which tracks are dynamic. The dy-
namic 3D tracks are projected to 2D, and the resulting
dynamic pixels are fed into SAM2 to propagate dynamic

masks across frames. Using these masks together with the
estimated (or optionally ground-truth) depth maps and cam-
era poses, we backproject the dynamic points in each frame
into a 3D point cloud. Finally, we estimate part poses from
these 3D dynamic tracks using RANSAC. The dynamic
point clouds are canonicalized with respect to the recov-
ered part poses, and articulation parameters are extracted by
performing RANSAC-based line (prismatic joints) or circle
(revolute joints) fitting to these poses. Since SpatialTrack-
erV2 lacks a window-wise mechanism for arbitrarily long
videos, we downsample each sequence to 30 frames due to
GPU limits and linearly interpolate the predictions for the
remaining frames.

BundleSDF [15]. BundleSDF requires dynamic masks
as input and outputs both the reconstructed part geometry
in canonical space and the transformation matrices from
canonical to camera space. However, in practice, we ob-
serve that it is prone to failure when the provided masks
are not sufficiently accurate. Thus, we use the ground truth
dynamic masks in our experiments. Additionally, we use
ground truth camera poses to decouple camera motion and
estimate the part pose results. The same RANSAC-based
line or circle fitting is utilized to obtain the articulation pa-
rameters from the estimated part poses.

ArtGS [8]. ArtGS is a two-state articulation reconstruc-
tion method that trains a 3D model using Gaussian Splat-
ting from multi-view static RGB-D observations. It requires
ground-truth camera poses and two articulation states (be-
fore and after interaction) as input. Since ArtGS cannot na-
tively handle dynamic video, we substitute the frames cap-
tured before any motion and those at the ground-truth max-
imum articulation state as its two required static states. Due
to its lack of temporal tracking, ArtGS produces only the
static reconstruction and articulation parameters, but cannot
provide state tracks across dynamic frames.

3.2. Implementation details

Our method runs on a single NVIDIA GeForce RTX 4090
GPU (24 GB). For motion clustering, we use thresholds
ey = 0.01, ¢, = 0.01 and 7,,, = 0.5. In experiments with
simulated data, where human hand cues are not available for
selecting the moving-part cluster, we instead compute the
per-cluster score based on the maximum visible deforma-
tion of the tracks within each cluster. For pixel-aligned part
segmentation, we select keyframes every Ag = 10 frames.
For part pose estimation, we use an edge-pruning thresh-
old of n; = 0.3 and a correspondence distance threshold of
eq = 0.01.

3.3. Additional quantitative results

We provide additional results on camera pose estimation in
Table 2.



Methods OmniFun4D HOI4D RealFun4D
ATE (m) | RPEtrans (m)| RPErot(°)] ATE(m)] RPEtrans(m)] RPErot(°)] ATE(m)| RPEtrans(m)] RPErot(°)/|
MonST3R [17] 0.0001 0.0000 0.2638 0.0096 0.0066 0.3512 0.0537 0.0163 0.7425
SpatialTrackerV2 [16] 0.0000 0.0000 1.4721 0.0254 0.0101 1.5213 0.1318 0.0287 1.9036
FunREC (Ours) 0.0000 0.0000 0.2312 0.0071 0.0038 0.1684 0.0063 0.0027 0.1456

Table 2. Camera pose estimation results across all datasets. We report absolute trajectory error (ATE), relative pose error in translation
(RPE trans), and relative pose error in rotation (RPE rot) for OmniFun4D, HOI4D, and RealFun4D. Best , second-best , and third-best .

Ablation settings Articulation estimation 6D part pose Segm.
Axis(®)}  Pos(m)| ADD-S(%)? ADD (%)1 mloU (%) 1
(A1) wlo VLM-predicted articulation type 23.6/24.7 0.19 53.12 46.85 58.6
(A2) w/ SE(3)-only part poses 19.4/ 9.6 0.10 69.88 62.41 71.2
(A3) /o articulation-aware clustering 25.2/20.5 0.22 50.94 44.12 52.9
(A4) /o voting-based semantic association 6.3/ 5.9 0.06 73.84 65.21 53.7
(A5) wlo part pose graph 23.9/10.8 0.15 58.74 51.06 743
(A6) /o confidence-aware part pose estimation 8.7/ 6.3 0.10 70.11 62.95 744
FunREC (Ours, full) 5.6/ 55 0.05 75.62 68.11 748

Table 3. Ablation study. We evaluate the effect of key method
components on the RealFun4D dataset.

3.4. Additional qualitative comparisons

We provide further qualitative comparisons in Figure 3 and
Figure 4.

3.5. Ablation study

We analyze the contribution of key components in Ta-
ble 3. Ablation (A1) infers the articulation type from mo-
tion only, without VLM predictions. (A2) removes the
articulation-centric parameterization and predicts uncon-
strained per-frame SE(3) motions for the interacted parts.
Without the physically plausible kinematic structure en-
forced by a shared articulation axis, the estimated motion
drifts across frames and becomes less consistent. (A3) re-
places articulation-aware clustering with standard cluster-
ing. (A4) removes our voting-based semantic association
and relies solely on raw projected moving tracks to prompt
SAM2 [12], without image-level semantic grouping or ag-
gregating evidence across regions via motion ratios. With-
out the voting mechanism, sparse or noisy tracks often acti-
vate incorrect image regions, causing fragmented or overly
large masks. In contrast, our full approach leverages region-
level consensus over moving and static track counts, yield-
ing significantly more accurate and stable pixel-aligned
masks. (AS5) removes the part pose graph optimization.
Without loop closures and global consistency constraints,
drift accumulates across frames, weakening both the recov-
ered part poses and their coupling to the articulation param-
eters. (A6) uses uniform weighting instead of confidence-
aware part pose estimation.

4. Further details on the applications

Simulation-ready export. The functional reconstruction
provides both the geometry of the environment and the ar-
ticulation structure of all interactive parts. It lacks physi-
cal properties and needs to be transformed into a physics-
enabled file format. We first generate a URDF (Unified

Robot Description Format) model from the reconstruction,
which jointly encodes the geometry of each component and
the joint configuration connecting all movable parts in the
scene. In our setup, the static environment serves as the root
link, and all interactable elements are attached via either
prismatic or revolute joints. Using the step-wise articulated
poses observed during interaction, we also extract joint lim-
its for each part.

For basic physical parameters such as mass and inertia,
we select an image where the object of interest is clearly
visible and query GPT-5 using the following prompt:

You are a physical property estimation model for
robotics.

Given (1) an input image and (2) the name or description
of the object of interest,

you estimate the object’s physical properties based only
on visual evidence,

standard material assumptions, and common real-world
statistics.

Your job is NOT to identify the correct values but to
produce reasonable,

self-consistent estimates suitable for physics
simulation (e.g., Isaac Sim, PyBullet, MudJoCo).

Follow these rules:

1. First, identify the object’s geometry (shape,
dimensions) .

2. Infer likely material(s) based on texture, color, and

context.

3. Estimate density using standard physical values.

4. Compute mass using geometry x density.

5. Compute inertia tensor using classical rigid body
formulas.

6. State all assumptions explicitly.

7. Return all outputs in SI units.

8. Never reference that this is a guess - Jjust give the
best estimate.

9. Output must be in the following format:

"object_name": <object name>,
"assumed_geometry": { "shape": "...", "dimensions_m":
{ ... 1,
"assumed_material": "...",
"estimated_density_kg m3": ...,
"estimated_mass_kg": ...,
"inertia_tensor_kg_m2": {
"Ixx": ..., "Iyy": ..., "Izz": ...,

"Ixy": 0.0, "Ixz": 0.0, "Iyz": 0.0
by

"notes": "..."

}
You must always return valid JSON.
We insert the estimated mass and inertia values into the

URDF and then import the resulting model into Isaac Sim.
After enabling rigid-body properties for all articulated com-
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Figure 3. Additional 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. Each reconstruction is
shown both with the articulated part highlighted (green), and without highlighting to show the RGB color.

ponents, the objects become physically interactive and can
be manipulated by applying forces to their bodies (Fig-
ure 5).

To enable robot-scene interaction within this simu-
lated environment, we additionally load a predefined robot
model, such as a Franka arm, into Isaac Sim and imple-
ment an inverse-kinematics-based end-effector controller to
command its motion. This allows the robot to interact
with the reconstructed scene and opens the door to a range
of downstream applications, including robot learning with
high-fidelity digital twins captured from the real world.

Hand-guided affordance mapping. We visualize our data
together with scene-embedded hand meshes in Figure 6.
Given the RGB-D input, off-the-shelf hand pose reconstruc-
tion methods, such as [10, 11], can be used to obtain the 2D
hand keypoints as well as hand pose of the agent interact-
ing with the scene. The hand pose can be transformed into
a hand mesh using MANO [13], featuring 3D hand joints.
From the depth value at a given 2D hand keypoint, we can
calculate the position of the corresponding 3D hand key-
point in space. This allows us to estimate a transformation
of the reconstructed hand mesh into the 3D scene. From the
scene-embedded hand mesh, the minimum Euclidean dis-
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Figure 4. Additional 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. Each reconstruction is
shown both with the articulated part highlighted (green), and without highlighting to show the RGB color.

tance from each fingertip vertex to any vertex of a dynamic
part in the scene can be calculated. For a given timestep,
dynamic parts sufficiently close to the fingertips can be con-
sidered as actively interacted parts.

Robot-scene interaction from human demonstration.
We evaluate our method in an indoor apartment-like en-
vironment using a Boston Dynamics Spot robot equipped
with an arm. The environment contains common household
furniture such as cabinets, a refrigerator, and desks. We first
record a single human demonstration of interacting with ar-
ticulated objects from a first-person perspective, for exam-
ple opening cabinet doors. From the recorded egocentric

RGB-D video, we recover the articulation model and the
per-timestep object part poses. We then estimate the con-
tact point using the hand-guided affordance described in the
previous subsection. Using the extracted contact point to-
gether with the articulation parameters, we generate a refer-
ence trajectory and anchor it in the 3D space for the robot’s
end effector. The trajectory consists of a sequence of 6D
poses. Before executing the trajectory, the robot opens its
gripper, moves to the first pose, and then closes the grip-
per to grasp the object handle. We then command Spot’s
impedance arm controller through its API to track the ref-
erence trajectory. Figure 7 shows examples that compare



Figure 5. Isaac Sim example. Left: A USD-format reconstruction loaded in Isaac Sim with ground and lighting added. Right: After
enabling physics and rigid-body properties for the interactive objects, they respond to external forces applied to their bodies.

Figure 6. Hand-object interaction example. We reconstruct the hand during an interaction sequence and embed it into the scene. Top
row: Original RGB frames. Bottom row: Functional 3D scene reconstruction with the embedded hand mesh.

the human demonstration and the resulting robot interaction
following our workflow.

5. Limitations and future work

Despite achieving state-of-the-art results, FunREC’s perfor-
mance can still be influenced by the quality of input depth
maps. Because our approach relies on stable and consistent
3D point trajectories to track the interacted part, inaccurate
depth measurements, such as those caused by flickering, re-
flective surfaces, or transparent materials, may lead to fail-
ure cases. Incorporating monocular depth priors could help
reduce this dependency and move toward a fully RGB-only
pipeline.

A second limitation is that our method depends on pre-
trained models and therefore inherits their biases and failure
modes. As 3D foundation models continue to improve, we
expect the robustness of our system to benefit correspond-
ingly.

Finally, our method currently assumes that only a sin-
gle articulated part is being manipulated at a time. How-
ever, real-world interactions may involve multiple simulta-
neous actions, for instance opening a drawer while placing
a rigid object inside. Extending FunREC to support multi-
ple independently moving parts and additional object types

(e.g., rigid objects) is an important direction for future work.
This would require adapting our motion clustering module
to handle multiple motion groups and generalizing our part-
pose estimation to full 6-DoF modeling within the optimiza-
tion framework. Additionally, as our method relies on mul-
tiple sequential optimization stages, errors may accumulate
across steps; developing a feedforward formulation to miti-
gate this is another promising direction.
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Figure 7. Robot-scene interaction examples. We present both human demonstrations and robot executions. Top two rows: Interaction
with a cabinet door featuring a revolute joint. Bottom two rows: Interaction with a drawer featuring a prismatic joint.
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