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Fig. 1: We present EgoFun3D : a coordinated task, dataset and benchmark for modeling
interactive 3D objects from egocentric videos. Given an egocentric video as an input,
the output is a simulation-ready interactive object (e.g., faucet handle starts water flow
from faucet spout). We break down the task into 4 steps to propose a baseline approach
using off-the-shelf components. Our function template representation, produced by the
proposed system, can be compiled into executable code for a simulator of choice.

Abstract. We present EgoFun3D, a coordinated task formulation, dataset,
and benchmark for modeling interactive 3D objects from egocentric videos.
Interactive objects are of high interest for embodied AI but scarce, mak-
ing modeling from readily available real-world videos valuable. Our task
focuses on obtaining simulation-ready interactive 3D objects from ego-
centric video input. While prior work largely focuses on articulations, we
capture general cross-part functional mappings (e.g., rotation of stove
knob controls stove burner temperature) through function templates, a
structured computational representation. Function templates enable pre-
cise evaluation and direct compilation into executable code across simu-
lation platforms. To enable comprehensive benchmarking, we introduce
a dataset of 271 egocentric videos featuring challenging real-world inter-
actions with paired 3D geometry, segmentation over 2D and 3D, articu-
lation and function template annotations. To tackle the task, we propose
a 4-stage pipeline consisting of: 2D part segmentation, reconstruction,
articulation estimation, and function template inference. Comprehensive
benchmarking shows that the task is challenging for off-the-shelf meth-
ods, highlighting avenues for future work.
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1 Introduction

Objects composed of functional parts are interactive. Such objects have many
applications in gaming, robotics and embodied AI [1, 12, 16, 22, 39, 44, 53, 61].
However, interactive 3D objects are scarcely available. Thus, modeling interac-
tive objects from videos of real-world interactions is of increasing interest.

A special well-studied case of interactive objects is articulated objects, with
a number of recent works investigating how to model part motion [23,34,55] as
well as how to create articulated objects from real-world observations [33, 35,
36, 43, 56]. However, these works only model the movements of individual parts
and not the interaction between parts and physical state changes. For instance,
rotating the stove top knob will change the temperature of the stove burner.
While there are recent attempts at modeling such functionality [13, 60], they
typically represent part functionality using natural language which is neither
formal nor precise enough to enable structured evaluation or reliable conversion
to simulation-ready assets. Other works [26] specify action state change using
APIs provided by simulators. While these simulators allow implementing exe-
cutable part functions [2, 28, 40], the APIs and code are heterogeneous and do
not serve as a unified and portable representation of functionality.

To address this gap, we introduce a general notion of part functionality that
maps how actions on one part (the receptor) lead to a response in another part
(the effector).1 For example, pulling the faucet handle opens the faucet spout
and achieves the intended response of water flowing as in Fig. 1. We propose
function templates, a unified representation of part functionality that enables
evaluation and compilation into code. The function template abstracts an object
in terms of the receptor part that is manipulated and the effector part that
produces a response (see Fig. 2). Function templates distill part functionality
into two key components: mapping and physical effect. The mapping specifies
how the receptor state influences the effector state. The physical effect specifies
the physical phenomenon and units of the effector response.

Armed with our function template abstraction, we study the task of building
interactive objects that can be used in simulation. As input, we focus on ego-
centric videos which are increasingly abundant and capture human-object activ-
ities with common interactive objects [18,45]. We formulate and tackle the new
task of modeling interactive objects using function templates from egocentric
video data. This task poses many challenges, as egocentric videos feature highly
dynamic viewpoints, severe occlusions, and complex interactions. As no prior
dataset contains all the modalities required to benchmark this task (see Tab. 1),
we create a benchmark dataset featuring: 1) real-world, egocentric videos; 2) 3D
meshes of objects; 3) object and part segmentation annotations on both 2D and
3D; 4) part articulation annotations; and 5) function template annotations. The
dataset and benchmarking suite will be made public.

1 We take this terminology from biological reflex arcs [50] where receptors detect a
stimulus and effectors produce an action in response.
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Table 1: Dataset comparison. EgoFun3D provides real egocentric videos and corre-
sponding geometry with the richest annotation compared to datasets from prior work.
N.A. indicates annotation that cannot be present due to missing data modalities.

Dataset Modality
Annotation

2D Part Masks 3D Part Masks Articulation Part Functionality

SceneFun3D [13] scanned point cloud N.A. " " "

FunGraph3D [60] scanned point cloud N.A. " % "

BEHAVIOR-1K [28] synthetic mesh N.A. " " "

Articulate3D [20] synthetic mesh N.A. " " %

PhysXNet [5] synthetic mesh N.A. " " %

ArtVIP [24] synthetic mesh N.A. " " "

Ego-Exo4D [18] real video % N.A. N.A. %

HD-Epic [45] real video, synthetic mesh % % % %

Hoi! [15] real video, scanned point cloud % " " %

Arti4D [57] real video, reconstructed mesh % % " %

iTACO [43] synthetic video, synthetic mesh " " " %

EgoFun3D (ours) real video, reconstructed mesh " " " "

We propose a baseline approach for the task, powered by off-the-shelf com-
ponents based on a 4-step breakdown: 1) segmenting the receptor and effector;
2) reconstructing the geometry of the receptor and effector; 3) inferring how
the parts articulate; 4) inferring a suitable function template. We then use our
dataset to perform extensive benchmarking. We find that objects with small,
severely occluded parts in highly dynamic videos pose a challenge for every es-
tablished off-the-shelf component used in our baseline approach.

In summary, our contributions include: 1) Formalizing the task of modeling
interactive 3D objects from egocentric videos; 2) Introducing the function tem-
plate representation to capture general part functionality and obtain simulator-
ready objects; 3) Creating a dataset for comprehensive end-to-end benchmarking
of off-the-shelf components on this task; 4) Proposing a baseline approach for
the task using the best components identified by our benchmarking.

2 Related Work

Articulated object modeling. Articulated objects are a type of interactive
object commonly seen in daily life. Modeling articulated objects has been stud-
ied for years. Most works focus on reconstructing interactive rigid or articulated
objects from static scans [7–9,29,32,33,36,38,56,59]. Recent works have begun
using videos of manipulating articulated objects as input to build interactive
articulated objects in simulation [27,35,43,57]. These approaches take videos as
input and output part-level reconstruction and articulation parameters. How-
ever, their focus is only on articulated parts, ignoring other functions such as
illumination. Thus, these methods cannot be applied directly to our problem.
Part functionality modeling. Recent work has studied more general func-
tional relationships between parts. SceneFun3D [13] introduces functionality
segmentation and task-driven affordance grounding. One line of follow-up work
studies how to better understand part functionality and affordance [11,31]. Their
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Fig. 2: Illustration of a typical form of human-object interaction. An agent interacts
with a receptor, changing its state. Part functionality defines how the state change
of the receptor maps to the state change of the effector. On the right, we provide an
example of human interacting with a knob of the stove. The part function triggers the
temperature change of the burner after knob actuation.

output is the segmentation of affordances on the point cloud. Another line of
work attempts to build a functional 3D scene graph to represent the functional
relationship between parts and objects [19,49,60]. MoMa-SG combines building
3D scene graphs and articulation estimation together to assist mobile manip-
ulation [4]. This line of work is closer to our setting, but it takes a 3D scene
understanding perspective, whereas we model interactive 3D objects. Moreover,
they use natural language whereas we extract function templates that enable
portable instantiation as executable functions across simulators.
Datasets for part functionality. At the scene level, SceneFun3D annotates
interactive elements in 3D scenes with masks and natural language descriptions
of their functions [13]. FunGraph3D annotates scene graphs to describe the func-
tional relationship between different object parts [49]. Articulate3D annotates
articulation parameters and part segmentation in 3D scenes [20]. These datasets
focus on evaluating functionality understanding from a point cloud or a video
of the static scene. At the object level, although several synthetic datasets ei-
ther annotate part functionality in natural language [5] or implement executable
part functionality in simulation [24, 28], they do not aim to evaluate model-
ing interactive objects with function templates from real videos. Arti4D [57]
and iTACO [43] evaluate estimating articulated parameters from RGBD videos.
Hoi [15] collects videos of manipulating articulated objects accompanied by force
annotations and scanned point clouds of the objects. These datasets are the clos-
est to our work, but they consider only rigid or articulated objects, whereas we
model interactive objects with a broader notion of functionality.

3 Methodology

3.1 Function Templates

Function templates are a concrete representation of part functionality. Our def-
inition of part functionality is based on coupling the receptor and the effector
(see Fig. 2): 1) An embodied agent actuates the receptor; 2) The receptor state
change is mapped to the state change of the effector; 3) The effector state change
causes further state changes in the environment. The goal of the agent is not to
actuate the receptor, but to change the effector through actuating the receptor.
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We denote the states of the receptor R and effector E by sE and sR respec-
tively. Then, the part functionality is defined as sE = F(sR). Function tem-
plates decompose the F function into mapping M and physical effect P. Since
the specifics of mapping (i.e., conversion of units) depend on physical effect, we
instantiate part functionality via the function template as F(·) := MP(·).

In egocentric videos of common indoor scene interaction scenarios, a few
physical effects dominate that result in visually-observable state changes. These
physical effects are changes of: 1) geometry (e.g. door opening); 2) illumina-
tion (e.g. light emission); 3) temperature (e.g. stove burner heating up); and
4) fluid (e.g. faucet spout releasing water). While conceptually P can repre-
sent any physical effect, we target modeling these four as a foundation, as they
are widely-present, supported by simulation platforms, and result in visually-
observable changes.

Annotating mappings for each receptor and effector pair is challenging. First,
accurate measurement of physical parameters such as illumination intensity,
stove temperature, and water flow speed is impractical. Second, relevant pa-
rameters in current simulation platforms do not directly correspond to physical
measurements and vary across simulators. For example, water flow speed for a
faucet can be measured as the volume of water per second but it is typically
parameterized by the number and speed of fluid particle [2].

Due to these challenges, we abstract the mapping into a few types that strike
a balance between generality and concreteness. In practice, we observe 4 common
types in our data which we represent using appropriate mathematical functions:
1) binary (e.g., button-type light switch turning on room light); 2) step (e.g.,
fridge door turning off fridge light at specific angle) 3) linear (e.g., knob-type
light switch controlling lamp light intensity) 4) cumulative (e.g., electric stove
with buttons controlling the increase or decrease of the burner’s temperature).
See the supplement for a more detailed formalization.

The above formalization distills arbitrary real-world F into two specific com-
ponents P and M that can be modeled computationally. The resulting function
templates are a unified representation enabling portability across simulators and
easy evaluation. Arbitrary combinations of components in the function templates
MP can be compiled into executable Python scripts for specific simulator plat-
forms. For example, binary and step functions can be represented using an if-else
block, while linear and cumulative functions using simple linear equations with
relevant physical parameters according to P (see Fig. 4). In this paper, we show
example outputs targeted to BEHAVIOR [28], Isaac Sim [40], and Genesis [2].

3.2 Task Definition

After formalizing function templates, we can now define the task. The input is an
egocentric video V capturing an agent interacting with an object. The output is
an interactive object, parametrized by {(GR,AR), (GE ,AE),MP}. Where G are
per-part reconstructed 3D meshes. A· is an articulation parametrized by a tuple
(Jt, Ja, Jo, Jr), where Jt ∈ {fixed, prismatic, revolute} is a joint type, Ja ∈
R3 is the joint axis, Jo ∈ R3 is the joint origin and Jr ∈ R2×1 are the minimum
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Fig. 3: Our baseline framework. We break down the task into 4 steps that are individ-
ually targeted with off-the shelf components. First, a VLM generates part descriptions
which are used to segment the parts in the video. Then, the geometry of the receptor
and the effector are reconstructed, articulation parameters are estimated, and the func-
tion template is inferred. These outputs are combined to build the interactive object.

and maximum values of range of motion. MP is a function template as defined
previously in Sec. 3.1, with M ∈ {binary, step, linear, cumulative} and
P ∈ {geometry, illumination, temperature, fluid}.

3.3 Baseline Approach Framework

For our baseline approach, we propose to break the task down into 4 steps
that can be implemented by off-the-shelf components: 2D segmentation, recon-
struction, articulation estimation and function template inference. The proposed
system is visualized in Fig. 3. First, we identify which parts are involved in the
interaction and their functional roles. We prompt a VLM to identify the receptor
and effector and describe them in detail. We then use these descriptions with a
2D referring segmentation model to obtain the part masks. We reconstruct the
geometry of the receptor and effector by leveraging a reconstruction model com-
bined with the predicted part masks. Such models also estimate the depth maps,
camera intrinsics and extrinsics, which are used next by the articulation estima-
tion model. We use a VLM once again to infer the mapping and physical effect,
populating the function template. Finally, function templates are compiled into
executable code and, along with part geometry and articulations, result in a
simulation-ready interactive object.
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4 Dataset

No prior dataset is suitable for evaluating our task end-to-end. Hence, we create
a dataset to enable benchmarking. We describe how the data is curated (Sec. 4.1)
and annotated (Sec. 4.2), and give summary statistics (Sec. 4.3).

4.1 Data Curation

Building a dataset for our task requires annotations across several modalities.
However, existing datasets contain only egocentric videos or only 3D meshes.
Thus, we curate available modalities from prior datasets, extending and anno-
tating them to include the modalities needed for our task (see Fig. 4). We use
three data sources: Ego-Exo4D [18], FunGraph3D [60], and self-captured data.
Ego-Exo4D. This dataset provides egocentric videos across 8 different scenar-
ios [18]. Videos come with keysteps annotated, labeling the start and the end
of each interaction episode. We identify a set of relevant keystep labels, and
use them to cut original videos into short clips. Ego-Exo4D does not provide
dense reconstructions of the indoor scenes or objects in 3D. Therefore, we use
ShapeR [51] to generate object meshes from the provided egocentric videos and
semi-dense point clouds. If ShapeR fails to generate an accurate mesh, we use
MapAnything [25]. In such cases, we select a timestamp in the video and use
both egocentric and exocentric views to build the object mesh.
FunGraph3D. This dataset provides egocentric videos in 14 indoor scenes and
point clouds from a laser scanner. We first cut the videos into short clips manually
such that each video clip involves manipulating one object. Since the videos do
not come with intrinsics and camera poses, we manually mask out the moving
regions in the videos and run MP-SfM [42] to estimate camera intrinsics and
poses. FunGraph3D provides high-quality point clouds, so we refine the original
point cloud segmentation and use it with the reconstructed object geometry.
Self-captured. To compensate for the imbalance of the distribution of object
categories and function types in the previous two datasets, we also collect ego-
centric videos and object scans using an iPhone 11 Pro. We record interac-
tion videos using Record3D [48], capturing RGBD videos, intrinsics, and camera
poses. Then, we reconstruct 3D object meshes using Polycam [46].

4.2 Data Annotation

Our data annotation addresses 4 aspects: 2D segmentation masks for hand, ob-
ject, and parts; 3D part segmentation masks; articulation parameters; and func-
tion templates. For 2D segmentation, we use SAM2 [47] to segment the objects
and parts throughout the entire video clip. We annotate left and right hands,
receptor and effector, and segmentation of the entire object. For 3D segmen-
tation, we annotate receptor and effector masks on the reconstructed object
meshes. For articulation parameters, we annotate joint type, joint axes, joint
ranges and joint origins (for revolute joints). For function annotations, we build
function templates by selecting appropriate mapping and physical effect pairs.
Fig. 4 shows example data samples with annotations.
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Interactive Object

def control_light():

  if light.states[ToggledOn]:

        light_bulb.visible = True

    else:

        light_bulb.visible = False

def door_control(self):

self.Button_state = get_state(joint[0])

  if self.Button_state > OPEN_THRESH:

       set_position_target(joint[1], 75)

def faucet_control(): 

  droplet_size = 0.0001 * handle_pos

  emitter.emit(

    pos=emitter_position, 

    droplet_size=droplet_size,

  )

Implementation

Fig. 4: Examples of annotations in our dataset. We provide 2D segmentation masks for
hands, receptor (in teal), effector (in orange), and the whole object. We annotate part
segmentation for receptor and effector on reconstructed 3D meshes. For articulation,
we annotate revolute and prismatic joints, shown as red and green arrows respectively.
For the function template, we pick one of four physical effects and one of four numerical
expressions. Finally, we show concrete instantiations of interactive objects in different
simulators: Genesis [2] (left), Isaac Sim [40] (middle), BEHAVIOR [28] (right).

4.3 Dataset Statistics

In total, we collect 271 egocentric videos, featuring 88 different object instances
across 14 different categories. Fig. 5 shows the data distributions. Data samples
featuring faucets and stoves make up the majority of our dataset. This comes
from the fact that we inherit the data distribution of our dominant data source,
Ego-Exo4D. Ego-Exo4D features 8 scenarios (soccer, bike repair, cooking, etc.).
Out of these, most videos featuring diverse functional objects in indoor environ-
ments with part functionalities that can be modeled in modern simulators come
from the cooking scenario. This scenario is among the most functionally-complex
common human activities except for interactions with computing devices. The
data bias can also lead to a skewed distribution for functional mappings and
physical effects as faucets and stoves are naturally biased towards certain com-
binations.

5 Experiments

We benchmark off-the-shelf components that implement the 4 steps of our task
breakdown. In this section, we discuss the methods we benchmark for each step
(Sec. 5.1), the evaluation protocol (Sec. 5.2) and our findings (Sec. 5.3).
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Fig. 5: Our egocentric video dataset distributions across object categories. There are
prominent long tail distributions across categories, physical effects, and function map-
pings, primarily due to inherited biases from source datasets such as Ego-Exo4D.

5.1 Baselines and Implementation Details

2D segmentation. We first use Gemini 3 Flash [17] to output a short label and
a long description of the receptor and effector in the video clip. The long descrip-
tion provides spatial relationships (e.g., the right-most knob) to disambiguate
the instance with which the human interacts in the video, as multiple parts with
the same label might be present. See the supplement for the VLM prompting
details. We then select a few representative methods for referring expression
segmentation. There are 2 categories of methods: those natively supporting text
prompts, and those requiring geometric prompts (i.e., clicks, bounding boxes). X-
SAM [54], Sa2VA [58] and SAM3 [6] are representative approaches that support
text prompts natively. SAM3, however, is not meant to take long descriptions as
input. Hence, we pair it with Qwen3-VL 8B [3] as per the SAM3-Agent setup in
the public SAM3 codebase. This setup establishes an agentic framework where
the VLM uses SAM3 as a tool. We also include a few models that output ge-
ometric prompts based on natural language descriptions, such as Molmo2 [10]
and VisionReasoner [37] and combine them with SAM for segmentation. To
achieve feasible runtimes, we subsample 20 frames from each video uniformly
and segment them. Then, we use SAM3 to propagate the segmentation to all
video frames, with the initial 20 acting as prompts. See the supplement for more
details.
Reconstuction. We select three representative methods for reconstruction: Ma-
pAnything [25], Depth Anything 3 [30], and ViPE [21]. MapAnything and Depth
Anything 3 are multi-view transformers that reconstruct 3D scenes from a se-
ries of images. ViPE is a more complex, multi-stage optimization framework.
For MapAnything and Depth Anything 3, we divide the full video into several
chunks with 20 frames for each chunk. Then, we reconstruct each chunk of the
video individually and stitch the results of all chunks for computational feasi-
bility. ViPE handles frame downsampling, so we send the full video once. The
outputs require a post-processing step to fuse the point clouds into a single state,
as the input videos feature moving parts. We use RoMa [14] for pair-wise fea-
ture matching to estimate rigid transformations between the frames and fuse the
point cloud to the state of the first frame. Finally, we aggregate reconstructed
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meshes for each part across all frames to obtain the final reconstruction. See the
supplement for more details.
Articulation estimation. ArtiPoint [57] and iTACO [43] are two recent meth-
ods for articulation estimation. Artipoint uses point tracks to build a factor
graph and estimate articulation parameters. We remove hand detection and ob-
ject segmentation modules from the original pipeline, as segmentation masks in
our setting are provided from an upstream prediction. iTACO first estimates the
articulation parameters using image feature matching and then refines the ini-
tial proposal using a gradient-based optimization framework. We remove camera
pose and moving part estimation modules from iTACO as those are provided
from the upstream modules.
Function template inference. We compare four VLMs for function template
estimation: Gemini 3 Flash [17], GPT-5 mini [41], Molmo2 8B [10], and Qwen3-
VL 8B [3]. A video with receptor and effector parts highlighted in different
colors is the input and we prompt VLM to infer 1 of 4 physical effects and 1 of
4 mappings.

5.2 Evaluation Protocol

We use IoU to evaluate the segmentation. The results are reported on masks
propagated to all frames. As downstream pipeline steps rely on segmentation,
we select only the parts with average IoU greater than 50% for further evaluation
of the downstream modules. We consider such cases to be a segmentation success,
and report the success rates additionally. The evaluation of downstream modules
takes the successful masks predicted by the best method as input. This is done
to decouple the effects of severely incorrect segmentation results from the raw
performance of downstream modules while evaluating the performance of the
entire pipeline considering reasonable error accumulation.

Reconstruction is evaluated using the chamfer distance for the receptor and
effector. We report the median of the distance distribution of each part type sep-
arately, as well as across both part types combined. The choice of a median, in
contrast to the mean, is due to occasionally-produced severely corrupted predic-
tions that are capable of skewing the mean. See supplement for more discussion.
We also report the mean value of the camera pose prediction error to assist
analysis.

We use depth maps, camera intrinsics and extrinsics predicted by the best
reconstruction method we identify, as input to articulation estimation models.
Articulation estimation is evaluated with the joint type accuracy, joint axis er-
ror in radians, joint origin error in meters (for revolute joints only). Since the
methods we use are capable of producing no output, we count a number of such
occasions and report their fraction as a failure rate.

Since inference of function templates is formulated as a classification problem,
we report accuracies for classifying physical effect and mapping, as well as an
accuracy of predicting both at the same time.

We use Nvidia L40S GPUs to run our experiments and report runtimes.
Evaluation of each module in oracle settings can be found in supplement.
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Table 2: Evaluation of 2D segmentation performance. We find that SAM3 & Qwen3-
VL outperforms other methods by a large margin, but is very inefficient.

Model IoU (%) Success (%) Avg. Run. (s)
Receptor Effector Avg. Receptor Effector

VisionReasoner 14.6 34.9 24.7 7.4 33.9 452
SAM3 & Qwen3-VL 30.0 47.9 38.8 23.2 55.0 2012
SAM3 & Molmo2 14.0 29.4 21.7 6.6 20.7 392
X-SAM 2.5 15.0 8.7 0.4 9.2 255
Sa2VA 14.8 43.4 29.1 1.8 33.2 2006

GT

SAM3 & Qwen3-VL

Fig. 6: Example 2D segmentation results. We find that SAM3 with Qwen3-VL pro-
vides the best segmentation. The main challenges in this subtask are segmentation of
incorrect parts (left) and confusion between part instances across frames (middle). Per-
formance on videos featuring more static viewpoints and no part instance ambiguity is
better, though such videos are rare (right).

5.3 Experimental Results

Segmentation consistency and small parts are bottlenecks. Overall, the
segmentation performance is unsatisfactory. We find that using SAM3 with
Qwen3-VL [3] is the best option by a large margin. Hence, its outputs are used
as inputs when evaluating the downstream modules. VisionReasoner strikes a
better balance between performance and runtime. In general, segmenting recep-
tors is much more challenging than segmenting effectors, as receptors tend to be
smaller parts such as stove knobs and faucet handles. Fig. 6 shows qualitative
examples and the supplement provides quantitative comparisons. We see that
common failure modes include segmentation of incorrect parts and inconsistent
segmentation of different instances across frames. The results suggest that the
agentic framework for 2D segmentation with extensive reasoning is more promis-
ing, particularly for challenging scenarios.
Reconstruction from egocentric videos is misaligned and incomplete.
Tab. 3 shows that the performance of MapAnything is the worst by a large
margin. This happens due to severe problems with predicted camera intrinsics
and extrinsics (see supplement for discussion). We hypothesize that the large
performance gap between MapAnything and Depth Anything 3 is due to Depth
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Table 3: Evaluating reconstruction. We report the median value of the chamfer dis-
tance and mean value of camera pose prediction error. Depth Anything 3 performs the
best out of the methods we benchmark. MapAnything severely underperforms due to
the camera predictions errors.

Method Receptor CD (m2) ↓ Effector CD (m2) ↓ Total CD (m2) ↓ Camera Rot. Err. (rad) ↓ Camera Tr. Err. (m) ↓

MapAnything 0.380 0.953 0.580 1.033 0.742
Depth Anything 3 0.026 0.014 0.016 0.045 0.049
ViPE 0.034 0.021 0.025 0.046 0.058

Ground Truth Depth Anything 3 ViPE MapAnything

Fig. 7: Example results for reconstruction. MapAnything exhibits severe drifting issues
as predicted camera poses for different video frames are inaccurate. Other approaches
also exhibit significant artifacts. Overall, reconstruction from our egocentric video data
is highly challenging for all methods.

Anything 3 being trained on much more data, which covers a more diverse set
of scenarios. Depth Anything 3 outperforms ViPE slightly and is therefore cho-
sen as the method providing the inputs for the downstream. From Fig. 7, we
identify two challenges of reconstruction. First, the reconstructed meshes across
video frames are misaligned. Second, the meshes are incomplete even though we
aggregate results across all frames. The fusion module is ineffective at aligning
reconstructed meshes across frames. This is likely due to two reasons: 1) small
and severely occluded parts do not provide sufficiently reliable feature matches to
estimate transformations; and 2) parts that are highly reflective or have feature-
less textures make finding reliable matches even more difficult. As a result, we
hypothesize that end-to-end, learned 4D reconstruction methods would better
fit the task setting, as they may excel at tracking the points and aligning obser-
vations into a single state. 3D generative models are another potential solution
to generate complete meshes, addressing the incompleteness issue.

Tracking-based articulation prediction is unreliable. From Tab. 4 and
Fig. 8 we see that Artipoint generally outperforms iTACO, but suffers from
much higher failure rates. As Artipoint relies on point tracking, it is not sur-
prising that it fails frequently in our setting. Severe occlusions, small parts, and
highly dynamic videos, all contribute to deteriorating the quality of point tracks.
Consequently, we believe that if a method can estimate articulation parameters
from hand motion rather than part motion, it can overcome this challenge, since
hands are usually visible in egocentric videos and hand tracking is mature.
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Table 4: Evaluating articulation parameters estimation. We report the mean error
across the videos that successfully go through the whole pipeline. We find that Artipoint
is more accurate than iTACO, but is less robust. The overall performance for both
methods is very low, indicating that articulation estimation is one of the bottlenecks.

Method Joint Axis Err. (rad) ↓ Joint Origin Err. (m) ↓ Joint Type Acc. (%) ↑ Failure Rate (%) ↓

ArtiPoint 1.057 0.346 74.2 46.4
iTACO 1.022 0.665 26.8 5.6

Input Video Ground Truth iTACO Artipoint

Fig. 8: Example results for articulation estimation. Red arrows refer to revolute joints
and green arrows refer to prismatic joints. In the left example, iTACO predicts incorrect
joint types, whereas Artipoint is correct. However, both methods struggle with small
parts such as the stove knob shown here.

VLMs are good at inferring function templates. Tab. 5 shows that Gemini
3 Flash is the most accurate model for this step, GPT-5 mini is the second best,
while two open-source models underperform. Nonetheless, Qwen3-VL achieves
somewhat satisfactory performance. Overall, VLMs are good at inferring func-
tion templates. We believe this is a strong signal towards the suitability of the
proposed function template representation for the computational modeling of
part functionality.

5.4 Final Outputs in Simulation

After predicting the function template, we can compile the template to specific
simulators. Thus, our representation allows us to create interactive objects that
can used across simulators. See the supplement for a discussion of template com-
pilation. We demonstrate several results in Fig. 9. Overall, the issues described
in Sec. 5.3 are also reflected here. In the second row, we see that meshes recon-
structed from different video frames do not align well due to errors in camera
pose estimation and depth estimation. In the third row, we see that articulation
estimation is also challenging, particularly for small parts, resulting in the joint
type for the stove knob being misclassified as prismatic by iTACO.

6 Conclusion

In this work, we proposed EgoFun3D a coordinated task, dataset and bench-
mark for modeling interactive 3D objects from egocentric videos. To tackle this
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Table 5: Evaluation of function template inference accuracy. We report prediction
accuracy for physical effect, mapping, and overall accuracy. A function template is
correct if both effect and mapping are correct. We only report accuracy across videos
where both receptor and effector segmentation IoUs are larger than 0.5. Among the
four different VLMs we benchmarked on this task, Gemini-3-flash performs the best.

Method Physical Effect Acc. (%) ↑ Mapping Acc. (%) ↑ Overall Acc. (%) ↑

Gemini 3 Flash 95.2 97.6 92.9
GPT-5 mini 88.1 90.5 83.3
Molmo2 8B 90.5 31.0 28.6
Qwen3-VL 8B 97.6 76.2 76.2

Faucet
Fluid Change

Linear

Faucet
Fluid Change

Step

Stove
Temperature Change

Linear

Input Video Ground Truth Prediction

Fig. 9: Qualitative results of the final outputs of our system. The first two rows il-
lustrate two interactive faucets in Genesis [2]. The last row illustrates an interactive
stove in BEHAVIOR-1K [28]. We use teal to indicate receptors and orange to indicate
effectors. Red and green arrows represent revolute and prismatic joints respectively.

task, we first presented a function template representation that accurately cap-
tures the mapping of cross-part functionality and resulting physical effects. We
showed how this representation enabled portability across simulation platforms
through compilation into executable code functions. We then proposed a sys-
tem to decompose the overall task into four subtasks: 2D part segmentation,
reconstruction, articulation estimation and function prediction. To evaluate our
system comprehensively, we collected and annotated a dataset that provides
annotations across egocentric videos and reconstructed 3D objects. We bench-
marked off-the-shelf components implementing the system on EgoFun3D. Our
results showed that 2D segmentation of small parts, reconstruction from dynamic
videos, and reliable articulation estimation are open challenges. Better and more
efficient agentic 2D segmentation frameworks, more accurate end-to-end 4D re-
construction, and more robust articulation estimation based on hand motion are
promising directions for future work. Moreover, our work was limited to a subset
of common human activities and part functionalities. Expanding the dataset and
the scope of part functionality understanding for interactive 3D object modeling
is another exciting avenue for future work.
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Supplementary Material

A Function Template Implementation Details

A.1 Formalization Details

Here, we provide in more detail the formalization of the function template rep-
resentation in terms of mappings between receptor part states and effector part
states. In total, there are 4 possible combinations of state spaces, making up for
8 possible abstractions of mappings. However, we note that only 4 are commonly
present in real-world scenarios. The below list describes each case.

1. MP : sR → sE :
(a) sR and sE are discrete finite sets. In this case, the sizes of sR and sE are

usually equal. Thus, the mapping is a simple one-to-one mapping. For
example, pressing the light switch turns the light on and off. We find
that modeling the simplest case of each part admitting two states to
be sufficient to cover our data distribution for discrete-to-discrete case,
making the resulting mapping a binary function.

(b) sR is a continuous set and sE is a discrete finite set. The most common
function exemplar for this case from the real-world distribution is a step
function. For example, opening the fridge door up to a certain angle
triggers the interior lights to turn on.

(c) sR and sE are continuous sets. In this case, there are many different valid
functions between sR and sE . However, the real-world examples target
simple control. Hence, in most cases, sR and sE change proportionally.
We use a linear function to approximate this relationship. For example,
controlling light intensity proportionally to the rotation of a knob.

2. MP : sR × sE → sE :
(a) sR and sE are discrete finite sets. In this case, sR and sE are finite but

not necessarily equinumerous. This case is common in many appliances
such as washing machines, microwaves, and ovens which are controlled
by a few buttons. Such transition functions can be arbitrarily complex.
In this work, we consider one of the simplest forms – the cumulative
function. This function maps change in sR to adding a certain value to
sE . For example, pressing a “plus” button on an electric stove increases
the temperature by 10 degrees.

Finally, the function template is defined as a function mapping between re-
ceptor and effector, which is decomposed to mapping and physical effect. These
function templates can be further converted into Python scripts that are exe-
cutable in specific simulators, such as Mujoco [52], Isaac Sim [40], or Genesis [2].
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A.2 Function Template Code Conversion Details

We first design a code template for each mapping:

– Binary:

1 def binary(receptor , effector):
2 if receptor.state:
3 effector.state = True # Or a real value
4 else:
5 effector.state = False # Or a real value
6

Listing S1: Pseudocode for binary function

– Step:

1 def step(receptor , effector):
2 if receptor.state > THRESHOLD:
3 effector.state = True # Or a real value
4 else:
5 effector.state = False # Or a real value
6

Listing S2: Pseudocode for step function

– Linear:

1 def linear(receptor , effector):
2 effector.state = C * receptor.state
3

Listing S3: Pseudocode for linear function

– Cumulative:

1 def cumulative(receptor , effector):
2 if receptor.state:
3 effector.state = effector.state + delta
4

Listing S4: Pseudocode for cumulative function

Then, the receptor and effector states are defined based on the target simu-
lator. In our experiments, we demonstrated instantiation of geometry change in
Isaac Sim [40], illumination change and temperature change in BEHAVIOR [28],
and fluid change in Genesis [2].

To instantiate geometry change in Isaac Sim [40], sR and sE are the joint
state: joint_state=scene["Object"].data.joint_pos. Joint states are changed
by setting the target joint values: scene["Object"].set_joint_position_ta
rget(torch.Tensor([[effector_target,receptor_target]])). We show a
code example in Listing S5.



22 W. Peng, D. Iliash, M. Savva

1 joint_state = scene["Microwave"].data.joint_pos # get
receptor state

2 if joint_state [0][0] > 0.015: # check with THRESHOLD
3 scene["Microwave"]. set_joint_position_target(torch.Tensor

([[np.pi / 2, receiver_target ]])) # change effector state

Listing S5: Code example of a step function for geometry change in Isaac Sim

To instantiate illumination change in BEHAVIOR [28], sR is either obje
ct_states.ToggledOn for binary state or object_states.Joint for contin-
uous state. sE is either light_bulb.visible for binary state or light_bulb
.intensity for continuous state. The effector state sE is changed by simply
assigning a boolean value or a real number, respectively. A code example is
shown in Listing S6. To instantiate temperature change in BEHAVIOR, sE is
object_states.HeatSourceOrSink and the computation of the temperature
value is further defined in this class. A code example is shown in Listing S7. The
full original source code for Listing S7 can be found on GitHub.

1 if light.states[object_states.ToggledOn ]. get_value ():
2 light_bulb.visible = True
3 else:
4 light_bulb.visible = False

Listing S6: Code example of a binary function for illumination change in BEHAVIOR

1 class HeatSourceOrSink(AbsoluteObjectState ,
LinkBasedStateMixin , UpdateStateMixin):

2 ...
3 def _get_value(self):
4 # Check the toggle state.
5 if self.requires_toggled_on and not self.obj.states[

ToggledOn ]. get_value ():
6 return False
7

8 return True
9 ...

Listing S7: Code example of a binary function for temperature change in BEHAVIOR

To instantiate fluid change in Genesis [2], the receptor state sR is set to the
joint value: joint_state=faucet.get_dofs_position(receptor_idx). The
effector state sE is set to droplet_size of the emitter, which is a real number.
An example code snippet is shown in Listing S8.

Finally, we use simple strategies to compute a few parameter values needed
in the function template. For THRESHOLD in the step mapping in Listing S2, we
simply set it to be THRESHOLD = 0.7×max(sR). For C is the linear mapping in
Listing S3, we simply set it to be C = max(sE)−min(sE)

max(sR)−min(sR) . For the heat source posi-
tion in temperature change and the light source position in illumination change,
we set them to be the center of the bounding box of the effector mesh. Except
for these parameters, we manually specify the delta in Listing S4, minimum

https://github.com/StanfordVL/BEHAVIOR-1K/blob/88454bd04f75dc57c00ab1f1a00bcde1ff505950/OmniGibson/omnigibson/object_states/heat_source_or_sink.py#L165
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1 faucet_position = faucet.get_dofs_position(dofs_idx)[0]
2 droplet_size = change_rate * (faucet_position - joint_limits[

dofs_idx [0], 0]) + MIN_DROPLET_SIZE
3 emitter.emit(
4 pos=emitter_position_recentered ,
5 direction=np.array ([0.0 , 0.0, -1.0]),
6 speed=5,
7 droplet_shape="circle",
8 droplet_size=droplet_size ,
9 )

Listing S8: Code example of a linear function for fluid change in Genesis

�
1 "This is a video. Analyze this video and answer the following questions: \
2 1. Which part of the object receives human action? \
3 2. Which part of the object reacts to human action? \
4 Please describe the name and features of the part as well as the spatial

relationship with surrounding objects. \
5 Please only answer in this template: \
6 {1: {name: xxx , description: aaa}, 2: {name: yyy , description: bbb}} \
7 Substitue \"xxx\" and \"yyy\" with the name of the part of the object , \"aaa

\" and \"bbb\" with the description of the part. \
8 DO NOT answer any other information ."�

Listing S9: Text prompt for receptor and effector identification and description

and maximum temperature for temperature change, illumination intensity for
illumination change, and droplet size for fluid change. We also manually set the
emitter position in fluid change.

B Additional Experimental Details

B.1 Receptor and Effector Descriptions

We use Gemini 3 Flash [17] for initial video understanding to infer the descrip-
tions of the receptor part and the effector part. We provide the whole video as
input, along with a prompt that specifies to identify the part human interacts
with and the part that exhibits a reaction to it, as well as a description of spatial
relationships of these parts. The exact prompt can be found in Listing S9.

B.2 2D Segmentation

Implementation details. As the methods we choose rely on a combination
of VLM and SAM models, they frequently support a loop where they prompt
SAM, evaluate the outputs, refine the prompt and repeat. We allow up to 10 such
iterations per frame. We deem this necessary, as the egocentric videos from our
dataset are very challenging to segment, while SAM might need multiple rounds
of prompt refinement to steer properly. This results in a setup like SAM3 &
Qwen3VL taking a lot of time, as we opt for SAM3 Agent setup from the official
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Table S1: Evaluation of 2D segmentation performance in the oracle setting, with
ground truth receptor and effector labels provided.

Model IoU (%) Success (%) Avg. Run. (s)
Receptor Effector Avg. Receptor Effector

VisionReasoner 13.1 47.4 30.2 6.3 48.0 437
SAM3 & Qwen3VL 30.2 61.7 46.0 20.2 75.3 1950
SAM3 & Molmo2 12.2 39.9 26.0 7.0 31.0 419
X-SAM 1.9 12.6 7.2 0.4 8.5 336
SA2VA 14.8 43.4 29.1 1.4 33.6 1956

SAM3 codebase which involves a particularly long system prompt defining a
variety of tool calls a VLM can perform.
Performance in oracle setting. Additionally, we consider an oracle setting
where the ground truth labels for receptor and effector are given. Note that in this
setup, longer, spatially-enhanced descriptions of the parts are not available. We
find that the trends of relative performance between the selected baselines hold as
can be seen in Tab. S1. Ground truth labels lead to generally better performance
for the effectors. For the receptors, the performance generally decreases, due
to lack of longer descriptions with ground truth labels. Without such spatially-
enhanced descriptions, the methods struggle to disambiguate the desired instance
in the cases of multiple instances of the same part present in the frame.

B.3 Reconstruction

Implementation details. Due to CUDA memory limits, we divide the input
video into several chunks when benchmarking MapAnything [25] and Depth
Anything 3 [30]. To stitch reconstruction results for each chunk together, we let
the first input video frame of the current video chunk be the same as the last
input video frame of the previous video chunk. After reconstructing each chunk,
we use the predicted camera pose of the last video frame of the first chunk and
the predicted camera pose of the first video frame of the second chunk to compute
the transformation. We sequentially transform the reconstruction results of each
chunk into the same coordinate system. In practice, we set the length of each
video chunk to be 20 frames.
On the choice of median over mean Chamfer Distance. We plot the
Chamfer Distance distribution on different methods, with video frames and pre-
dicted part masks as input in Fig. S1. We can see that there are a few extreme
values in the reconstruction results, and therefore the mean values are skewed.
We also draw the median values and mean values on the charts. We can see that
median values lie in the range with most results. Therefore, using the median
value can better reflect the overall performance of reconstruction methods.
Ablation study. We conduct reconstruction experiments across different input
modalities, as shown in Tab. S2 and Fig. S2. Comparing experiments with and
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Fig. S1: Chamfer Distance distribution on three different methods with RGB video
frames and predicted part masks as input. We can see that there are a few extreme
values in the reconstruction results. Thus, the median value can better reflect the
performance of different reconstruction methods.

Table S2: Evaluating 4D reconstruction. For inputs including ground truth masks, we
report the median value of the chamfer distance across all videos. Among them, Depth
Anything 3 performs the best. We also find that the fusion module does not help with
reconstruction.

Input Part Masks Input Camera Method Receptor CD (m2) Effector CD (m2) Total CD (m2) Failure Rate (%)

Ground Truth Masks "

MapAnything 0.022 0.013 0.017 0
MapAnything w/o fusion 0.021 0.012 0.016 0
Depth Anything 3 0.006 0.009 0.007 5.16
Depth Anything 3 w/o fusion 0.006 0.007 0.007 5.16

Predicted Masks "
MapAnything 0.060 0.033 0.043 0
Depth Anything 3 0.033 0.015 0.016 4.830

Ground Truth Mask %

MapAnything 0.536 0.530 0.535 0
MapAnything w/o fusion 0.535 0.467 0.505 0
Depth Anything 3 0.004 0.006 0.005 0
Depth Anything 3 w/o fusion 0.004 0.006 0.005 0
ViPE 0.009 0.009 0.009 0
ViPE w/o fusion 0.009 0.008 0.009 0

Predicted Mask %
MapAnything 0.380 0.953 0.580 0
Depth Anything 3 0.026 0.014 0.016 0
ViPE 0.034 0.021 0.025 0

without ground truth camera parameters input, we find that MapAnything re-
quires accurate camera parameters to achieve high reconstruction accuracy. We
also examine the effects of the fusion module. Comparing results between the
method with and without the fusion module, we find that the fusion module does
not help with reconstruction. We hypothesize that this is due to two reasons: 1)
object parts are usually too small to provide reliable feature matching to com-
pute transformations; and 2) many parts are textureless or reflective, increasing
the difficulty of finding reliable feature matches.

B.4 Articulation Estimation

We conduct articulation estimation experiments across different input modal-
ities, as shown in Tab. S3. We observe that given ground-truth part masks,
performance improves only marginally.

B.5 Function Template Prediction

We evaluate function template prediction with ground truth part masks in
Tab. S4.
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Ground Truth DA3 w/ cam MapAnything w/ cam DA3 w/o cam MapAnything w/o cam ViPE w/o cam

Fig. S2: Example results for reconstruction using ground truth part masks. MapAny-
thing exhibits severe drifting issues as predicted camera poses for different video frames
are inaccurate.

Table S3: Evaluating articulation parameter estimation. We can find that the overall
performance for both methods is very inaccurate, indicating that articulation estima-
tion is the bottleneck of this task and the whole system.

Input Part Masks Method Joint Axis Err. (rad) ↓ Joint Origin Err. (m) ↓ Joint Type Acc. (%) ↑ Failure Rate (%) ↓

Ground Truth Masks ArtiPoint 1.120 0.383 80.769 68.651
iTACO 1.003 0.603 44.262 11.111

Predicted Masks ArtiPoint 1.057 0.346 74.211 46.479
iTACO 1.022 0.665 26.866 5.634

B.6 Prompting Details for Function Prediction

We prompt VLMs with both text and video for function prediction. The text
prompt is shown in Listing S10. An example video frame annotated in the way
required for function prediction is shown in Fig. S3.

B.7 Final Results in Simulation

We show additional final outputs from out baseline approach in Fig. S4.

B.8 Additional Discussion of Limitations

We currently only consider simple functionalities with one receptor and one ef-
fector. In reality, there could be multiple receptors and multiple effectors in one
part functionality. Also, in Appendix A.1, we do not cover all possible combina-
tions as we did not observe any real part functionalities for some of the cases in
our dataset. However, this does not mean such part functionalities do not exist
in other real-world scenarios.

Another limitation is that our current function template implementation still
requires manual specification of some parameter values, such as the particle
emitter positions for fluid physical effects.
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Table S4: Evaluating function understanding. We report the accuracy of each aspect
and the union of them. Overall predictions are counted as correct when two aspects are
predicted correctly. Among the four different VLM, Gemini-3-flash performs the best.

Input Part Masks Method Physical Effect Acc. (%) ↑ Mapping Acc. (%) ↑ Overall Acc. (%) ↑

Ground Truth Masks

Gemini-3-flash 95.572 88.192 85.977
GPT-5-mini 87.454 81.550 75.276
Molmo-2-8B 81.550 31.735 28.044
Qwen3VL-8B-Instruct 86.716 71.218 67.158

Predicted Masks

Gemini-3-flash 95.238 97.619 92.857
GPT-5-mini 88.095 90.476 83.333
Molmo-2-8B 90.476 30.952 28.571
Qwen3VL-8B-Instruct 97.619 76.190 76.190

Fig. S3: Example video frame we use to prompt VLM for function prediction. The
part marked in green is the receptor, and the part marked in red is the effector.
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�
1 "This is a video. The receptor part marked in green and the effector part

marked in red have functional relationship. Function has two attributes:
physical effect and numerical relationship. \

2 Physical effect refers to the physical phenomenon of state change of the
effector. We consider four different physical effects: geometry change ,
illumination change , temperature change , and fluid change. \

3 If the function results in the change of shape or position of the effector ,
the physical effect is geometry change. \

4 If the function results in the change of illumination status of the effector ,
such as brightness or color , the physical effect is illumination change. \

5 If the function results in the change of temperature status of the effector ,
such as becoming hotter or colder , the physical effect is temperature change.
\

6 If the function results in the change of fluid status of the effector , such
as fluid flowing in or out , the physical effect is fluid change. \

7 Numerical relationship refers to the mathematical relationship between the
state of the receiver and the state of the effector. We consider four
different numerical function: binary function , step function , linear function
, cumulative function. \

8 If both the states of the receptor and effector have only two possible values
, and they are mapped one -to -one , the numerical relationship is binary
function. \

9 For example , the light switch is a binary function , where the state of the
receptor (the switch) can be either on or off , and the state of the effector
(the light) can also be either on or off. \

10 If the effector state changes only when the receiver state continuously
changes until a certain threshold is reached , the numerical relationship is
step function. \

11 For example , when pressing the button of a microwave to a certain distance ,
the microwave ’s door will open. The state of the receptor (the button)
continuously changes as you press it , but the state of the effector (the
microwave door) only changes when the button is pressed to a certain distance
. \

12 If both states change continuously in a linear manner , the numerical
relationship is linear function. \

13 For example , the volume of water flowing out of a faucet is a linear function
of how much you turn the faucet. The state of the receptor (the faucet) and

the state of the effector (the water flow) both change continuously , and they
have a linear relationship. \

14 If the effector state accumulates over time as the receiver state changes ,
the numerical relationship is cumulative function. \

15 For example , when you press \" increase temperature \" button of a electric
induction cooker , the temperature of the cooker will increase a certain value
. The state of the receptor (the button) changes as you keep pressing it, and
the state of the effector (the cooker temperature) accumulates over time. \

16 Analyze this video and answer the following questions: \
17 1. Which physical effect best describes the functional relationship between

the red part and green part? Please choose one from the following: \
18 (a) geometry change \
19 (b) illumination change \
20 (c) temperature change \
21 (d) fluid change \
22 2. Which function best describes the numerical relationship between the state

of the red part and the green part? Please choose one from the following: \
23 (a) binary function \
24 (b) step function \
25 (c) linear function \
26 (d) cumulative function \
27 Please only answer in this template: \
28 {\"1\": \"xxx\", \"2\": \"yyy\", \" reason \": \"zzz \"} \
29 Substitue \"xxx\" and \"yyy\" with the option letter a / b / c / d for each

question. Also tell me the reason of choosing each option by substituting \"
zzz \". \

30 DO NOT answer any other information ."�
Listing S10: Text prompt for function prediction
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Fig. S4: Additional qualitative results of the final outputs of our system. The first row
illustrates an interactive faucet in Genesis [2]. The second row illustrates an interactive
lamp in BEHAVIOR-1K [28]. The third row illustrates an interactive fridge door in
Isaac Sim [40]. We use teal to indicate receptors and orange to indicate effectors. Red
and green arrows represent revolute and prismatic joints respectively.
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