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Abstract
Reconstructing realistic digital twins has become crucial as ad-
vances in mixed reality, metaverse, and robotics demand more accu-
rate simulations for the physical world. Despite technical progress,
building high-fidelity digital twins from a systematic and human-
centered perspective remains underexplored. Drawing from the
human processing model, we decompose human-centric reality into
perception, motion, and cognition, and define a reality-preserving
digital twin (RPDT) as a reconstruction integrating these dimen-
sions. We present RealTwin, an attribute-graph-based representa-
tion and inference framework for RPDT. Leveraging the grounding
capabilities of Multimodal Large Language Models (MLLMs), Re-
alTwin chains AI tools to construct attribute graphs that faithfully
encode real-world properties. We validate RealTwin through both
technical evaluation, showing promising success in graph parsing
and attribute inference, and a user study, assessing its applicability
across diverse user groups. Enlightened by RealTwin, we discuss
critical issues, including ecology, interaction space, and real-world
adoption, for future end-to-end, fine-grained, and scalable digital
twin reconstruction.
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1 Introduction
Realistic digital twins have become increasingly important across a
wide range of applications, serving as the simulation of the physical
world in many tasks such as robot training [46, 64], metaverse con-
tent creation [44], and VR/AR interactions [27, 42, 69]. Constructing
high-fidelity digital twins that faithfully reflect the object’s real-
world properties, geometry, appearance, physical properties, and
interactivity, has long been a challenging problem that researchers
in human-computer interaction, computer vision, computer graph-
ics, and robotics are collectively working on.

Existing research has covered the reconstruction of different
properties that make the digital twin "more realistic", including pre-
cise 3D geometry [6, 86], photorealistic texture [16, 98], deformable
material [46, 87], and mechanical structure [37, 61]. While these
techniques have achieved superior performance in domain-specific
tasks, they often rely on large-scale, high-quality, and task-specific

https://orcid.org/0000-0001-8825-0191
https://orcid.org/0009-0001-3833-7878
https://orcid.org/0009-0000-6593-2958
https://orcid.org/0000-0002-9912-4729
https://orcid.org/0000-0001-6166-6138
https://orcid.org/0000-0001-5473-3566
https://orcid.org/0000-0003-0579-2716
https://orcid.org/0000-0002-0356-4712
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3772318.3790590
https://doi.org/10.1145/3772318.3790590


CHI ’26, April 13–17, 2026, Barcelona, Spain Li et al.

LidSpindle

Vinyl Record

Tonearm

Base
Base Box

stylus

knob

stylusarmtonearm 

base

conceptual connection: 

contain

Conceptual Connection: 

Contain

physical connection: 

Mechanical Structure - Revolute

physical connection: 

Mechanical Structure - Fix

Tonearm

Tonearm

(a) Overall  Structure (b) Concept Graph 

(c) Node Attribute Graph (d) Edge Attribute Graph

Hand Affordance Appearance
{Geometry;

Texture;

PBR;

...}

Physics
{Material Type;

Mass;

...}

{Relative Position;

Hand Pose}

record player

Base

Base Box

Tonearm

Konb

Lid
vinyl 


record

Spindle

stylus Arm tonearm base

Mechanical 

Structure
{URDF{link1;

link2;

joint (Revolute)

...}}

15O 90O

Root Node

Non-leaf Node

Leaf Node

Directed Edge

Undirected Edge

Attribute

Figure 1: A concept graph representing a physical object’s component-level real-world properties to guide its digital-twin
reconstruction. The record player in (a) is parsed into the concept graph shown in (b). (c) shows the tonearm’s node-attribute
graph, including hand affordance, appearance, and physics. (d) depicts the tonearm’s edge types and their attributes: the
conceptual connections, shown as directed edges that link each parent vertex to its child vertices, and physical connections,
shown as undirected edges that link only leaf vertices with mechanical structure attributes.

datasets in the target domain to train a task-specific model. Such ob-
jectives become even harder when it comes to the physical domain,
where high-fidelity 3D data with detailed physical and mechanical
annotations is costly to acquire and challenging to scale up. More-
over, although existing work has extensively focused on specific
technical points around "realism" [46, 87], few have delved into
the true meaning of "realistic digital twin reconstruction" from a
systemic and human-centered perspective.

Recently, Multimodal Large Language Models (MLLMs) have
offered promising new advances that could make a step forward in
addressing these challenges. MLLMs have shown strong reasoning
capabilities in open-world tasks involving complex and intertwined
physical and semantic information, such as scene understanding
[19, 45], robot task planning [56], and interaction grounding [48].
In these tasks, the MLLM, equipped with an extensive physical
knowledge base, can perform cognition, perception, and reasoning
on complex information like humans and carry out task ground-
ing. For instance, except for the appearance and the material types,
MLLM could identify implicit and unseen interactions such as af-
fordances (e.g., knowing which parts of an object can be grasped,
pressed, or rotated).

In this paper, we present a representation and grounding frame-
work, RealTwin, to reconstruct digital twins with reality-preserving
properties from a human-centric perspective, leveraging MLLM’s

strong capability in real-world physical reasoning. Drawing inspi-
ration from the human processor model [11], we conceptualize
human-centric reality in three dimensions: (1) perception reality,
(2) motion or interaction reality, and (3) cognition reality. Building
upon these dimensions, we first define the concept of a reality-
preserving digital twin (RPDT) as an entity that integrates these
characteristics into the reconstruction of digital twins. Then we
introduce a concept graph representation approach that maintains
component-level details of real-world properties, providing both
structural clarity and semantic richness. Such a representation
aligns well with MLLM-based semantic inference and benefits from
its flexibility and scalability. Furthermore, we propose an MLLM-
driven grounding framework that enables the automatic reconstruc-
tion of RPDT from scratch, encompassing both (1) the grounding of
graph structures and (2) the inference of attributes within complex
data representations. To enhance the applicability of our framework
for end users, we provide interfaces that enable them to edit inter-
mediate results, allowing users to better control the reconstruction
of RPDTs.

To evaluate the feasibility of leveraging MLLM to construct the
object-centric graph and the efficacy of automatic framework inte-
gratedwithAI tool chaining, we conduct an evaluation on 50 diverse
objects and achieve a high F-1 score for concept graph construc-
tion (98.3% for vertices and 92.2% for edges), material recognition
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(94.4%), mechanical structure recognition (97.1%), and hand affor-
dance inference (92.5%). The results demonstrate that, under our
proposed digital twin representation format, MLLMs exhibit strong
zero-shot grounding capabilities for real-world objects across ap-
pearance, physics, functionality, and interactivity. Moreover, these
grounding capabilities can be further implemented with external
AI tools chained by the MLLM.

To assess the practical applicability of our framework, we con-
ducted a user study with participants from diverse professional
backgrounds. Through the provided interfaces, participants recon-
structed digital twins and reported that RealTwin was intuitive to
use, expressive in representing concepts, and engaging throughout
the process. They highlighted the richness of the RPDT concept,
noted the framework’s future extensions for improving interaction
fidelity and structural complexity, and suggested design implica-
tions for future development in domains such as education, digital
art, fashion design, and sports.

The contributions of this paper are threefold: 1) We introduce
the concept of the Reality-Preserving Digital Twin (RPDT), derived
from a human-centric perspective, together with a scalable con-
cept graph representation method; 2) We propose an MLLM-driven
framework with AI tool chaining for grounding the structure and
inferring the attributes of RPDT; 3) We present both a technical
evaluation of MLLM’s zero-shot grounding capability for RPDT and
a user study to demonstrate the practical applicability and future
opportunities of RealTwin.

2 Related Work
2.1 Digital Twin Reconstruction for Real-World

Objects
Digital twins simulating the physical-world objects have been in-
creasingly prominent across various fields, such as motion planning
and manipulation in robotics [46], content creation in metaverse
[2, 44], and interaction generation or prediction in virtual reality
[1, 25, 42, 49, 71]. This growth is driving the demand for advanced
3D reconstruction technologies for reconstructing more realistic
digital twins in an automatic way for physical-world objects. Prior
work attempted to duplicate the geometry and the appearance of
an object for its digital twin [6, 86]. For example, SF3D proposed
a method for rapid and high-quality textured object mesh recon-
struction [6]. However, these static 3D representations of physical
objects cannot be directly applied to robot simulation tasks or vir-
tual interactive scenarios, which require the digital copies of objects
to be functional, or in other words, to be able to respond to external
stimuli in a way that aligns with the physical world. To this end,
recent work attempted to predict and simulate the physical prop-
erties of objects through visual priors. For example, PhysGaussian
seamlessly integrates physically grounded Newtonian dynamics
within 3D Gaussians to achieve high-quality object motion syn-
thesis [87]. PhysDreamer endows static 3D objects with interac-
tive dynamics by leveraging the object dynamics priors learned by
video generation models [96]. VR-GS enables real-time execution
with realistic dynamic responses on virtual objects by developing
a physical dynamics-aware interactive Gaussian Splatting in a VR
setting [49]. PhysTwin proposed a novel framework that uses sparse
videos of dynamic objects under interaction to produce a photo-

and physically realistic, real-time interactive virtual replica [46].
These learned models depend on pre-labeled and specified datasets,
requiring precise specification of boundary conditions or material
properties of the object to be simulated as a prerequisite in addition
to the visual input.

Additionally, visual priors are typically limited to reasoning
about objects made from uniform materials. For objects consisting
of multiple components with varying materials (e.g., a bottle with a
plastic body and a silicone cap, even if they share the same color), or
for objects featuring complex internal mechanical structures (e.g.,
a sippy cup), visual data for the whole object’s appearance alone
cannot fully capture the implicit material and structural details.
However, this information can be easily parsed by MLLMs, which
are equipped with extensive knowledge of the production and con-
struction of physical objects [26, 56]. Recent work has explored
using MLLMs to infer inner-object structure, including articulation
generation (e.g., PhysX-Anything [10], URDF-Anything [59], Ar-
ticulateAnything [54]), part-level physical reasoning (e.g., PhysX-
3D [9], MeshLLM [31], LLaMA-Mesh [83], OmniObject3D [85]),
and affordance description (e.g., PhysX-Anything [10], PhysX-3D
[9]). These approaches demonstrate the potential of multimodal
models for predicting geometry and physical properties, but they
remain primarily generative and dataset-driven, and typically do
not produce a systematic, human-interpretable representation that
supports downstream editing or interactive refinement. RealTwin
provides a systematic digital-twin reconstruction pipeline that goes
beyond specific property prediction. It outputs a unified attribute
graph to guide reconstruction, and supports automatic articulation
extraction, structural parsing, affordance generation, and rig syn-
thesis. Moreover, RealTwin operates in a zero-shot manner while
also supporting an optional human-in-the-loop interactive author-
ing workflow, enabling non-expert users to create and refine digital
twins without requiring domain-specific prior knowledge.

2.2 Realism in Digital Representations from
Human-Centered Perspectives

Realism is a crucial measure for digital representations of the phys-
ical world. While advances in techniques have enabled highly de-
tailed 3D geometries [6, 86], photorealistic rendering [98], and
accurate physical modeling [46, 87], these forms of technical real-
ism do not necessarily translate into what users perceive as real
[28, 29]. For instance, even with photorealistic shading, digital hu-
mans with rigid or unnatural expressions often evoke discomfort,
a phenomenon widely referred to as the uncanny valley [67]. This
gap highlights that realism is not only a matter of technical fidelity
but fundamentally a matter of human judgment.

Prior work has emphasized that realism in digital environments
is constructed through the interpretive processes of human percep-
tion and cognition [93]. On the perceptual side, the human visual
system is highly sensitive to cues such as lighting consistency, mo-
tion continuity, and material detail [28, 33, 93]. On the cognitive
side, realism is further shaped by factors including cultural back-
ground, prior experience, and situational context [5]. For instance,
when seeing a cup, people immediately associates it with hold-
ing liquid; similarly, when a cup rendered with glass-like material
appears to fall, people naturally anticipate it might break. Thus,
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establishing a human-centered concept of realism in digital twins
can significantly blur the boundary between the virtual and the
real.

This perspective is particularly important in application domains
such as virtual reality [20, 33, 50, 70], education [4, 82, 97], and hu-
man–robot interaction [32]. When digital representations fail to
align with human perceptual expectations, task performance, sense
of presence, and user trust are easily compromised [32, 79, 80]. Con-
versely, understanding the perceptual attributes that most strongly
contribute to realism—such as the motions [32], the behaviors or
interactions [38, 43, 78], or the tactile plausibility [81, 94]—enables
systems to improve user experience directly.

Inspired by the Human Processor Model [11], which frames per-
ception, action, and cognition as integral components of human
experience, we systematically characterize the human-centered at-
tributes that influence realism in digital representations. Building
on this framework, we decompose human-centered realism in digi-
tal twins into three corresponding dimensions—perceptual reality,
motion or interaction reality, and cognitive reality—and integrate
them into our proposed concept of the reality-preserving digital
twin.

2.3 MLLM Grounding for the Physical World
Multi-modal Large Language Models (MLLMs) have emerged as
powerful tools for understanding and interpreting the physical
world through comprehensive multimodal reasoning [15, 22, 56, 99].
By leveraging large-scale visual and textual corpora, MLLMs can
go beyond simple tasks such as object recognition, scene descrip-
tion, and contextual queries [21, 30, 52]. They are also capable of
extracting attributes of objects from an image, enabling deeper
physical world grounding. The SayCan series, for instance, has
demonstrated how high-level semantic abstractions that extend
beyond raw pixels can be effectively linked to real-world environ-
ments. [7, 14, 23, 41, 91].

Furthermore, MLLMs offer a zero-shot and scalable framework
for world understanding, and are easy to generalize to new tasks
and environments without requiring task-specific data or retrain-
ing [77, 88]. This generalization is often enabled by the model’s
ability to incorporate rich object-centric contextual information
(e.g., object co-occurrence patterns [63], affordance priors [74, 89],
and common-sense physical knowledge [3]. By embedding the
knowledge into object representations, MLLMs can reason more
effectively about object identity, functionality, and interaction dy-
namics [39]. This makes them particularly well-suited for tasks that
require structured and grounded object understanding. Thus, in this
work, we apply MLLMs to generate and construct a computational
and scalable attribute graph for digital twin reconstruction.

In addition to MLLMs, knowledge graph-based representations
have become increasingly important for 3D modeling and physical-
world tasks, such as virtual object retrieval [47, 48], human-object
interaction understanding [23, 58], scene understanding [19, 26,
36, 45, 56], and robot task planning [56], providing an expressive
and flexible way to represent complex information. This graph rep-
resentation method has increasingly gained attention to enhance
MLLMs with structured, interpretable outputs. These graphs make
outputs from MLLMs computationally tractable, easily editable,

and intuitive to visualize [56], which is essential for downstream
tasks [12, 56]. Inspired by these methods of MLLM-driven graph
representation, we apply MLLMs to parse implicit contextual ob-
ject information to construct the object-centric attribute graph
framework, making reality-preserving digital twins informative
and scalable for downstream tasks.

3 Representing and Grounding
Reality-Preserving Digital Twins (RPDTs)
with Concept Graph

In this section, we first define the concept of Reality-Preserving
Digital Twin (RPDT) and the structural representation using an
object-centric concept graph for RPDT. Then, we present an MLLM-
based grounding framework to automatically construct RPDT.

3.1 Definition and Implications of RPDT
The concept of reality-preserving centers around the relation, in-
teraction, and ecology between the object and its surrounding en-
vironments. State-of-the-art game engines (e.g., UE 5) can achieve
both fine renderings in appearance (e.g., with industrial PBR pro-
duction) and certain degrees of interactivity beyond static meshes
(e.g., adding physical properties to the target object), which push
forward the boundary of "realism" in the virtual space. However,
they often rely on customizations in engineering for certain effects
without a unified standard. From a human-centric perspective, the
representation of a digital object that makes itself "real" should con-
ceptually align well with the human’s understanding, perception,
and expectation of the real copy. Consequently, a key question to
be unveiled is how we can define the boundaries of "realism" from
the human end.

Inspired by the Human Processor Model [11], which frames per-
ception, action, and cognition as the core of human experience, we
decompose human-centered realism into three corresponding as-
pects: perceptual, motion, and cognitive systems, which shape how
reality is experienced. Reflections on these layers are: (1) Percep-
tion reality means how closely the visual appearance of a digital
object mimics its real-world counterpart. High-fidelity geometry,
texture, and material attributes can significantly impact the effect
of photorealistic rendering. Unfortunately, in the vast collection
of web images and 3D assets, fine-grained appearance attributes
(e.g., materials of an object’s different segments) are not prioritized
and are often missing in the majority. (2) Motion, or interaction
reality stands for creating a faithful physics simulation where the
digital object behaves as its real-world equivalent would, especially
in how it responds to environments and human operations. This
involves the representation and simulation of an object’s interac-
tive features, such as mechanical structures, soft materials, and
articulations, which are key to making a digital object interactable,
though usually too complex to be explicitly annotated. (3) Cogni-
tion reality involves the higher-level cognitive processes where
users mentally model and understand the appearance, interactivity,
and functionality based on their observations of and interactions
with a digital object.

Consequently, we define the Reality-Preserving Digital Twin
(RPDT) as a digital counterpart that is cognitively, visually, and
interactively consistent with reality. Given a real-world object, we
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expect its RPDT to be constructed and maintained structurally, with
dynamic and scalable attributes and details for appearance, physics,
and interactivity.

3.2 Concept Graph Representation for RPDT
To holistically model the above-mentioned multidimensional real-
ities, we propose a graph structure that hierarchically integrates
appearance attributes (e.g., material, geometric segmentation) as
the perception reality [72]; physical properties (e.g., mechanical
structure, kinematic, articulation, mass distribution) correspond
to the cognitive reality for reasoning about object dynamics [51];
and interaction semantics (hand affordances, causal relationships)
lead to motion or interaction reality (physical interactions, manip-
ulation) [34, 68], as is shown in Fig. 1. This graph acts as a unified
knowledge backbone that dynamically aligns human expectations
with computational representations. In addition, it ensures scala-
bility through modular updates of nodes (object components) and
edges (inter-component dependencies or environmental interac-
tions) while preserving cross-modal consistency across perception,
motion, and cognition layers.

3.2.1 Graph Elements. The concept graph of RPDT is built upon
conceptual subdivisions where a particular part of an object is
obliged to be distinguished from another. As is shown in Fig. 1(b),
starting from the root node that represents the object itself, the
graph illustrates a series of physical subdivisions that gradually
break the object into atomic components with indivisible physics
and semantics. In the concept graph𝐺𝑅𝑃𝐷𝑇 = (𝑉 , 𝐸), a node 𝑣 ∈ 𝑉
represents a component of the object at a specific subdivision layer
(the object itself is also a component of its own), while an edge 𝑒 ∈ 𝐸
linking two nodes represents the physical or conceptual relation
between them.

Vertices can be categorized into three types - root, non-leaf, and
leaf vertices, as is shown in Fig. 1(b). The root vertex refers to the
object itself, which maintains the global information of the object.
Non-leaf vertices represent intermediate components that can be
further subdivided into smaller parts, while leaf vertices represent
the atomic components that cannot be further subdivided and have
indivisible physics and semantics. A vertex, regardless of its type,
can be represented as 𝑣 = (𝑝∗,𝐶,𝐴𝑣, 𝑅), where 𝑝∗ refers to a pointer
to its parent vertice;𝐶 = {𝑐∗1, 𝑐

∗
2 · · · } refers to a list of pointers to its

child vertices (subdivisions); 𝐴𝑣 refers to an attributed dictionary
maintained at this vertice; 𝑅 refers to a list of relations that it has
with other vertices.

There are two types of edge: 1) a directed edge that indicates a
parent-child relationship, which means one component is the direct
subdivision of the other, and 2) an undirected edge that indicates
a physical relation among two components. The former type is
simply a pointer that indicates a subdivision relationship, while
an edge 𝑒 = (𝑣1, 𝑣2, 𝐴𝑒 ) of the latter type contains a dictionary
of attributes 𝐴𝑒 that characterize the physical properties of the
connection (𝑣1, 𝑣2).

By expanding the attribute space 𝐴𝑣, 𝐴𝑒 in vertices and edges,
we can easily extend realistic appearance, physics, and interactive
features associated to particular object components. Below, we
illustrate some key attributes for reality-preserving reconstruction.

3.2.2 Appearance, Physics, and Mechanical Structures of RPDT.
Each component’s appearance attributes mainly include geometry
(e.g., mesh), textures, and physically-based rendering (PBR) mate-
rial properties. These attributes are mostly compatible with the
representations in advanced photorealistic rendering engines such
as Blender and Unreal Engine 5, so that cutting-edge rendering
techniques, such as LOD optimization for watertight mesh and
texture, can be implemented based on our representations.

Physical attributes are parameters that illustrate the object’s
physical properties in materials, including material type (e.g., metal,
plastic, rubber, clay, etc.), roughness, mass distribution, andmaterial-
specifiedmechanics parameters (e.g., Young’smodulus for deformable
bodies, yield stress for plasticity, Rayleigh damping coefficients,
etc.). These attributes can better help to simulate the physical be-
havior and interactions of objects within the virtual environment,
enabling accurate modeling of their deformation and dynamic re-
sponse to external forces.

For mechanical structures, the attribute representation in RPDT
is designed to align with widely adopted robotic modeling stan-
dards such as URDF (Unified Robot Description Format), ensuring
seamless compatibility with existing robotics frameworks like ROS
(Robot Operating System). Each mechanical component’s attributes
include joint definitions (e.g., revolute, prismatic, fixed), kinematic
chains, and dynamic constraints—all structured in a format directly
translatable to URDF specifications. For instance, a revolute joint
between two components would encode its axis of rotation, angular
limits, and torque parameters within the edge attribute dictionary.
Moreover, complex attributes such as rigging, where the mechanics
are coupled with materials, can also be introduced to simulate ad-
vanced physical effects such as soft limbmovements and anisotropic
force response.

The above attributes are anchored to particular vertices (e.g.,
appearance attributes, physical attributes, and articulations) or
edges (e.g., URDF joints).

3.2.3 Affordance and Interactivity of RPDT. In addition to the above
attributes to characterize an object itself, affordance and interac-
tivity, or how objects can be manipulated and interacted with by
humans, are also critical attributes in building RPDT [35, 68]. Affor-
dance of a component can be formalized through tuple descriptors
(𝐺, 𝐸), where 𝐺 represents the target gesture to trigger the affor-
dance, which can be either a static hand pose 𝑝 (e.g., represented
in 21 keypoints 1 or MANO hand pose [75]) or a sequence of poses
(𝑝1, · · · , 𝑝𝐾 ) under the component mesh’s coordinates. A threshold-
based method measuring whether | |𝑝′ − 𝑝 | |2 < 𝜏 can be applied
to determine whether an arbitrary hand pose 𝑝′ matches a target
hand pose 𝑝 in the component mesh’s frame. 𝐸 refers to a program
(or a script) binding to the component that will be triggered upon
the gesture’s matching and unmatching events. For example, 𝐸
may encode (1) a rotational update that opens a hinged lid when
a pinch–lift gesture is detected, or (2) a state-change script that
dispenses liquid when a wrap-grasp gesture anchors around a bot-
tle’s pump head. This enables users to engage with an object in a
manner that reflects real-world interactions with component-level
responsiveness, which can better reflect the interaction behavior
with complex objects. Since the capability of 𝐸 is constrained by
1https://github.com/google-ai-edge/mediapipe
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the underlying simulation engine (e.g., fluid splashing effects are
often difficult to realize in traditional game engines), for simplicity,
we only consider physical anchoring behaviors in our implemen-
tation (e.g., setting a specific rigid-body part to be anchored or
disanchored to particular hand segments).

3.3 Grounding RPDTs on Concept Graph
Based on the above graph representation, we develop a grounding
framework that supports the automatic reconstruction of RPDT. As
illustrated in Fig. 2, the workflow consists of two stages: S1: given
an image of the target object as input, the MLLM constructs a graph
representation under our prompt-engineering strategy; S2: and this
output graph serves to inform AI tool chaining in implementing the
attributes of the RPDT. We also introduce the end-user interface
designed to support users in editing the intermediate results within
the grounding framework.

3.3.1 Building Concept Graph with MLLM. We employ a few-shot
template prompting approach [84] to decompose the object, con-
structing the object’s concept graph. Specifically, the first author
conducted a set of preliminary prompt designs and tested them
with MLLM. Then, another three authors acted as quality checkers,
providing feedback on the generated content. This iterative process
continued through multiple rounds until all authors were satisfied
with the generated content. Finally, we propose a set of four key
prompt input factors, and we then concatenated each part to form
a complete prompt. We introduce the rationales about how we
designed the prompt below, with Fig. 3 showing its details:

(1) Task setup. This part instructs the role of MLLM (as an object
decomposing assistant), its responsibilities, and its output style.

Table 1: Node and Edge Types of RPDT

Category Type Description

Nodes
Root node The object itself, maintaining

the global information of the ob-
ject.

Non-leaf node Intermediate components that
can be further subdivided into
smaller parts.

Leaf node Atomic components that cannot
be further subdivided and have
indivisible physical and seman-
tic properties.

Edges Direct edge A parent–child relationship.
Undirected edge A physical coupling relation-

ship.

(2) Description of object decomposition based on RPDT. In this
part, we integrate the concept of RPDT knowledge defined in Sec.
3.2 to guide the MLLM. First, we instruct the MLLM to identify the
object and provide a general description. Then, we input an RPDT
knowledge table (see Table 1) and provide an RPDT graph of a record
player as an example (see Fig. 1) to inspire the MLLM to construct
the graph. We also specify URDF as the output format for MLLM’s
description of mechanical structures, ensuring compatibility with
subsequent AI tool processing.

(3) Output optimization. This part is designed to optimize the
output generated by the MLLM through stepwise constraints and
examples. We instruct the MLLM to convert the text description
of the graph generated in the previous step into JSON format to
facilitate reading by AI tool chaining. We also input a JSON file as
an example in this part.

(4) Self-check. This part enables MLLM to check the results of its
RPDT object graph construction and ensure that each component of
the object has been accurately recognized and the graph elements
have been successfully generated.

3.3.2 Inferring Attribute Values with AI Tool Chaining. After deter-
mining the graph structure (vertices and edges) and all the concep-
tual attributes in the text with MLLM inference, we employ an AI
tool chaining approach to infer those attribute values that cannot
be directly given by the MLLM output. We explain how we chain
different AI tools with MLLM to infer several key attribute values
with complex data types, including 3D mesh, mechanical structure,
hand affordance, and body rig.

A1: Mesh reconstruction and subdivision. As is shown in
Fig. 4(a), given one or more images of the object to reconstruct, the
system first employs TRELLIS [86] to predict the entire 3D mesh of
the object and assign it to the mesh value of the root vertex. Then
it traverses the RPDT graph constructed from stage 1, recursively
from the root vertex. At each component vertice, assuming its mesh
value is known as 𝑀 = (𝑉𝑀 , 𝐸𝑀 ), the system runs a subdivision
process to assign the mesh values of all its child vertices. To achieve
this, the system first generates a set of orthogonal projection maps
𝐼1, 𝐼2, · · · , 𝐼𝐾 with multiple views by re-imaging the parent com-
ponent’s mesh from uniformly distributed cameras 𝐶1,𝐶2, · · · ,𝐶𝐾 .
For each child component, the system acquires the child compo-
nent’s text description given by the MLLM from the first stage,
and then employs Grounded-SAM [76], a text-guided segmenta-
tion model, on each projection map to get the segmentation masks
𝑀𝑎𝑠𝑘𝑘 of the target child component in different views. The system
employs a slight dilation on each segmentation mask and examines
each vertex’s occupancy in each mask. By merging the valid mesh
vertices predicted by all the masks, we can finally get the subset of
mesh vertices that belong to the child component. The formulation
can be represented as follows:

𝑉 ′ =
⋃
𝑖

{OrthProj(𝐶𝑖 , 𝑣) ∈ dilate(𝑀𝑎𝑠𝑘𝑖 , 𝜖), 𝑣 ∈ 𝑉 } (1)

where OrthProj refers to the orthogonal projection operation that
project 𝑣 to the 𝐶𝑖 ’s imaging plane; dilate means the dilating the
area of𝑀𝑎𝑠𝑘𝑖 by 𝜖 .

A2: Mechanical structure reconstruction. We propose the
mechanical structure reconstruction tool chain as is shown in Fig.
4(b). Mechanical structure is an attribute for edges that indicates
the physical connection. The former stage iteratively constructs
the graph with semantic annotations for every edge (e.g., the con-
nection type). However, for physical connections, their physical
attributes, including the joint position, rotation, and constraints,
are not yet determined. To obtain these attributes, after recon-
structing the 3D model, the system renders it into multi-view im-
ages. These rendered images are then provided to a state-of-the-art
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Figure 2: Workflow. The workflow of RealTwin consists of two stages. Stage 1 performs graph construction driven by the
MLLM, and Stage 2 uses the AI tool chaining to realize the kettle’s attributes informed by the graph. Dashed lines indicate the
workflow for other attributes in a standard setting.

Figure 3: Prompt design of RPDT graph construction.

MLLM (e.g., GPT-4o2 ), which is prompted to leverage its image-
generation/editing capability to iteratively annotate joint positions

2https://openai.com/

directly on the input image, returning the same image with the
2D joint position marked in red dots. For each physical connec-
tion edge, a structured URDF-based prompt specifies the joint type
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Figure 4: Tool Chaining to realize attributes: (a) Mesh reconstruction and subdivision; (b) Mechanical structure reconstruction;
(c) Hand affordance generation; (d) Body rigging.

along with its joint type and constraint descriptions. By synthe-
sizing 2D annotations from multiple views and lifting them to 3D
collectively, the 3D joint position can be acquired. This process can
be formulated as an optimization problem:

𝑝∗ = Proj(𝑎𝑟𝑔𝑚𝑖𝑛𝑝Σ𝑖 | |OrthProj(𝐶𝑖 , 𝑝) − 𝑥𝑖 | |2, 𝑀) (2)

where 𝑝 is the 3D point to be optimized; 𝑥𝑖 is the 2D annotation
given by the MLLM for the image captured by the 𝑖𝑡ℎ camera. The
Proj function means projecting the optimized point to the object
mesh as the joint position. Although two non-collinear views are
theoretically sufficient for triangulating a 3D joint, relying solely
on two views proved fragile in practice due to annotation noise,
object self-occlusion, and symmetric geometries commonly found
in household articulated objects. To balance robustness and annota-
tion cost, we adopt three evenly spaced orthographic views. After

acquiring the joint position, the joint’s rotation can be estimated
by: 1) fitting the set of split points with a plane 𝑃1, getting a perpen-
dicular unit vector 𝑥1; 2) intersecting 𝑃1 with the mesh’s tangent
plane at the joint point to get a unit vector 𝑥2; and 3) getting an
orthogonal coordinate system (𝑥1, 𝑥2, 𝑥1 × 𝑥2) to represent the ro-
tation. Meanwhile, the joint’s constraints can be retrieved based on
the MLLM’s prior knowledge of the object and the joint type.

A3: Hand affordance generation.Hand affordance means how
the hand can interact with an object. To automatically generate a
set of plausible affordances for an object, the system first generates
textual gesture descriptions that illustrate the feasible hand gestures
for interacting with the object using MLLM. In this step, the MLLM
is prompted to first consider the object’s identity and typical us-
age, and then reason about which hand–object interactions would
be plausible given these functionalities, before listing them. The
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instruction is: "Considering the object’s name and functionalities,
think about what hand gestures are plausibly involved in using this
object, and list as many such gestures as possible, describing each
in detail." Despite this procedure, the MLLM may still hallucinate
and produce implausible gestures. However, as described in Sec.
3.3.3, human users can easily correct such cases through a simple
demonstration-based user interface in AR environment. Leveraging
the MLLM’s image generation capability, a prompt with the format
"[img] Given this object, generate an image with a hand interacting
with the object in the following manner: [gesture description]. Keep the
object shape and position unchanged in the output image." is used to
generate an image with the hand affordance. Then, a hand tracking
model (e.g., MediaPipe) is applied to detect the 2.5D hand pose (e.g.,
relative to the root in depth) from the image. In order to get the
hand’s transform relative to the object’s mesh, we use TRELLIS to
simultaneously reconstruct the 3D meshes of both the image only
with the object and the image with the object and the interacting
hand. Then we align these two meshes and choose one keypoint
that is not occluded as the "reference keypoint". By projecting the
reference point to the mesh with the interacting hand, and updating
the rest of the keypoints by relative position from the pose, the
hand skeleton can be aligned to the object mesh, as is shown in Fig.
4(c).

A4: Body rigging. For body rigging, we directly apply RigNet
[90], a model that can automatically generate rigging from the 3D
mesh, on the reconstructed mesh on all the components with the
"rigging" attribute, as is shown in Fig. 4(d).

Throughout the above AI tool chaining approach, we effectively
infer complex attribute values such as 3D meshes, mechanical struc-
tures, hand affordances, and body rigs by integrating various AI
models with MLLM inference, thereby enriching the object rep-
resentation and enabling more sophisticated downstream applica-
tions.

3.3.3 End-user Interfaces. Building on the automatic grounding
framework, we design a lightweight user interface that enables
users to rapidly construct an RPDT from simple text or image in-
puts, with minimal learning and usage cost. Through this interface,
users can directly edit intermediate results within the grounding
framework, thereby maintaining the freedom to apply personalized
modifications or correct errors made by the AI tools, as detailed
below.

1) Graph element correction through natural language. In S1,
when the generated concept graph contained errors, users were
able to revise it by issuing natural language commands (e.g., “the
connection between the handle and the body is wrong; it should
be a fixed connection”).

2) Interactive refinement of segmentation. In A1, when the
Grounded-SAM segmentation produced errors, users could refine
the result by interactively adding positive points (regions expected
to be inside the mask) and negative points (regions expected to be
outside the mask) on the image, as is shown in Fig. 6. The system
then updated themask accordingly and provided real-time feedback,
enabling users to iteratively adjust the segmentation results.

3) Hand affordance demonstration. In A3, users may first review
the MLLM-generated hand affordances to assess their plausibility.
If an affordance is incorrect or if additional affordances are needed,

users can enter the AR editing environment, where the object’s
3D model is preloaded. The virtual object can be freely positioned
in space to a convenient location. Once placed, the user presses
a button to begin recording and directly performs the intended
gesture on or around the virtual object. During this process, the
system captures all hand keypoints and the hand–object relative
pose, and binds the demonstrated gesture to the corresponding
object. A second button press finalizes and saves the new gesture.
Once bound, repeating the same gesture near the object in AR
is recognized by the system, thereby enabling user-defined hand
affordance creation, as is shown in Fig. 7. The virtual object becomes
an interactive 3D asset in the AR environment, allowing users or
developers to directly manipulate it or further script its behaviors
based on the newly defined affordance.

4 Evaluation
This section presents an evaluation on the performance of 1) MLLM-
driven graph construction for RPDT, including the inference accu-
racy of the nodes and edges for each object, and 2) the success rate
of attribute values inferred by MLLM and realized by the AI tool
chaining.

4.1 Evaluation of MLLM Graph Construction
4.1.1 Design and Metrics. To evaluate the accuracy of MLLMs in
constructing the RPDT concept graph, we selected 50 objects for
testing. To ensure that each object’s graph contains at least two
sub-vertices and one edge, we prioritize objects with articulated
structures or those that have more than one component. We in-
clude 10 articulated objects from the PARIS dataset [61], which are
rendered using Blender to synthesize the textured images as the
input into our test set. We further include 40 daily objects from
9 categories with real-world image captures: 11 containers, 5 sta-
tionery items, 5 bathroom products, 4 home appliances, 4 small
tools, 4 pieces of furniture, 3 game controllers, 2 kitchenware items,
and 2 pieces of fitness equipment. The test set constitutes a total
of 50 images for reconstruction. Two experimenters independently
evaluated all results requiring human assessment, after which they
discussed and resolved any disagreements to finalize the results.

We used GPT-o1 3 as the base MLLM model, which supports
multimodality (text+image) inference for both input and output,
to construct the concept graphs with the prompt shown in Sec.
3.3.1. We choose o1 for its strong multimodal grounding and in-
struction following, reliable structured outputs (e.g., JSON) needed
for graph parsing, and stable long-context performance observed in
our pilot tests. During the construction, some attributes that can be
described through text are also inferred, which are also evaluated
these attributes in this section. The attribute keys that we included
in our evaluations are component description and material type for
the vertices.

For each object, the experimenters provide a ground-truth con-
cept graph𝐺 𝑓 𝑅𝑃𝐷𝑇 = (𝑉𝑓 , 𝐸𝑓 ) with the abovementioned textual
attributes, where the number of non-root vertices is denoted as 𝑁 ,
For each concept graph generated by the MLLM 𝐺𝑅𝑃𝐷𝑇 = (𝑉 , 𝐸),
the number of vertices that match the ground-truth concept graph

3https://openai.com/o1/
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is denoted as 𝑁𝑎 (matching means that the description of each at-
tribute of the vertex is consistent), and the number of redundant
vertices generated is denoted as 𝑁𝑏 . The inference recall

𝑁𝑎

𝑁
, preci-

sion 𝑁𝑎

𝑁𝑏+𝑁𝑎
, and F-1 score 2×Recall×Precision

Recall+Precision are reported. Similarly,
we also evaluate the edges for each object graph and calculate their
recall, precision, and F-1 score. For the attributes of component
description and material type, the experimenter manually examines
the correctness of the text.

4.1.2 Results. We report the overall results in the Table 2. The
main failure in vertex prediction occurs with more complex objects
(such as fitness equipment with more than 10 components). These
objects often contain many small parts and internal structures that
are difficult to observe from images, which can be overlooked by
the MLLM. Additionally, since MLLMs infer structures and compo-
nents based on common knowledge bases, they may struggle with
customized or modified items. For example, if an Xbox controller
has customized buttons covered with protective caps, the MLLM
may not accurately interpret their structure.

As for the edges connected by vertices, the main issue lies in
multi-degree-of-freedom mechanical structures that are difficult
to infer. Take the stylus of a vinyl record player as an example—it
can rotate around its base and can also be lifted upward by the
finger to reach the record, meaning it has an additional degree of
vertical freedom. The MLLM initially missed this detail during the
first round of graph construction. However, when the experimenter
provided a second round of decomposition prompting (e.g., “Could
you check the movement style of the stylus?” and requested an
updated graph), theMLLM constructed a completely accurate graph.

Table 2: Results for the graph construction

Recall Precision F1 score
vertices 99.3% 98.0% 98.3%
edges 91.3% 95.0% 92.2%
component description 95.4% 95.8% 95.0%
material type 93.8% 96.7% 94.4%

4.2 Evaluation of Attribute Value Inference
Further, we evaluate how graph attributes are inferred on the con-
structed concept graph with MLLM and AI tools, using GPT-4o4
as the backbone model for its strong image-generation consis-
tency—advantages such as stable style control, coherent multi-
element composition, and high-fidelity texture rendering—supporting
more reliable visual attribute inference. All of the attributes de-
scribed in Sec 3.3.2, except body rigging, are evaluated. This is
because body rigging can be independently implemented by the
external RigNet [90] without the involvement of MLLM and any
algorithms developed within RealTwin. In addition, rig genera-
tion is mainly relevant for deformable objects (e.g., animals, plants,
soft-body structures). We evaluated the rigging performance on 10
animal-like furry toys and obtained the following results: recall =
0.914, precision = 0.749, and F1 = 0.763. These metrics were com-
puted using the number of ground-truth rigs (𝑁 ), the number of
correctly identified rigs (𝑁1), and the number of falsely predicted
4https://openai.com/index/hello-gpt-4o/

extra rigs (𝑁2), following: recall 𝑁1
𝑁
, precision 𝑁1

𝑁1+𝑁2
, and F-1 score

2×Recall×Precision
Recall+Precision . Further discussion on the future development of

body rigging is provided in Sec. 6. Two experimenters indepen-
dently evaluate all results requiring human assessment, after which
they discuss and resolve any disagreements to finalize the results.

4.2.1 Mesh reconstruction and subdivision. We randomly selected
30 objects from a real-world object set in Sec 4.1.1 to examine the
quality and accuracy of mesh reconstruction and subdivision. For
each object, our experimenter captured 3 images of the object in
the real world from different views. The TRELLIS [86] model was
employed to generate the 3D mesh of the object. After obtaining
the 3D mesh, for each child component of this object, we select
𝐾 = 3 to render the orthogonal projection maps 𝐼1, 𝐼2, 𝐼3, using a
distributed camera setup. The distributed camera 𝐶1,𝐶2,𝐶3 is fixed
at an elevation angle of 36 degrees relative to the 3D mesh, rotating
120 degrees in azimuth around the mesh each time to render 3
orthogonal projection maps. Next, Grounded-SAM [76] was used to
generate the segmentation masks based on the child component’s
text description for every projection map, followed by applying
Formula 2 to generate the mesh segment that belongs to this child
component. If a component’s segmented mesh was visually correct
and consistent with its description, the experimenters would label
it as successfully segmented.

Results: These 30 objects have a total of 72 components to be
subdivided, with 60 components successfully subdivided, resulting
in an acceptance rate of 83.3%. Beyond the overall success rate, the
failure cases reveal several reconstruction challenges. Most errors
arise when components are occluded or internally hidden, such as
ink refills or inner liquids, making them visually inaccessible for
projection-based segmentation. Transparent or reflective materials
also create ambiguous boundaries, and fine mechanical seams are
often too subtle to preserve across multi-view projections, leading
to merged or incomplete subdivisions. These challenges can be
partially mitigated through our human-in-the-loop interface, since
users inherently understand the semantic structure of the object
and can correct missing components or refine boundaries through
interactive edits. For the long-term goal of fully automatic and large-
scale RPDT construction, future developments of RealTwin may
need to integrate more advanced 3D generation models that incor-
porate fine-grained structural semantics of the object, or the object
concept graph that we design, as prompts to help the generation
process.

4.2.2 Mechanical structure reconstruction. We randomly selected
30 objects from a real-world object set in Sec 4.1.1 to assess their
mechanical structural attributes inferred by MLLM. For each joint
connecting two components, after getting the component 3D mesh
segments from the previous step in Sec. 4.2.1, we use the URDF
format to represent the joint between the segments. URDF describes
a joint connecting two meshes by defining a joint with its type,
parent link (parent mesh segment that remains stationary or fixed
in the object’s frame of reference), child link (child mesh segment
that moves relative to the parent link), joint position, and the range
of motion constrained by the joint, establishing the motion rela-
tionship between the parent and child links. We implemented the
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robot simulation environment Isaac Sim 5 to read and visualize
URDF files, simulating the jointed mesh segments’ motions. The
experimenter could observe the simulated motions defined by the
URDF file in Isaac Sim to evaluate whether the motion is consistent
with the real-world objects. The key parameters to define a joint are
joint type, joint position, and range of joint’s motion. We evaluated
the ability of MLLM to infer these three parameters. The joint type
and range of motion can be described using language, so these
two parameters can be directly generated by MLLM. Additionally,
we have specified that GPT’s output format adheres to the URDF
standard description. The joint position is a 3D coordinate, which
MLLM cannot provide directly. Therefore, we used the method men-
tioned in Sec. 3.3.2, utilizing GPT-4o’s image generation feature to
annotate the 2D orthogonal camera render maps in Sec. 4.2.1, and
then project the annotations onto the original 3D mesh to get the
joint position. The experimenter then imports the URDF file into
Isaac Sim to observe whether these parameters are correctly defined
and records the acceptance for three parameters, respectively.

Results: The 30 objects collectively contain 35 joints. The accep-
tance for joint type prediction reached 97.1%, and the acceptance
for joint limit prediction reached 94.2%. For joint position predic-
tion, the acceptance of the MLLM annotations was 88.7%. A total
of 26 joints were successfully predicted and simulated in Isaac Sim
with all three parameters correctly predicted. Beyond the overall
acceptance rates, the failure cases reveal that most errors occur not
in identifying the correct joint type, which the MLLM often predicts
reliably, but in locating the precise joint position on the 3D mesh.
When the visual cues in the rendered projections do not clearly
expose where two components physically connect, the model tends
to place the joint at a visually plausible but incorrect region, such as
the opposite side of a lid or at the center of a symmetric body. This
issue becomes more pronounced for objects with enclosed hinges
or joints embedded within thick shells, where the true articulation
point is only visible from specific viewpoints. Symmetric geometries
further amplify this ambiguity because multiple positions appear
equally reasonable from the projections alone. Another source of
failure arises in objects with tightly coupled or multi-joint assem-
blies, where the relative motion of adjacent components cannot be
distinguished from isolated single-view observations, causing the
system to collapse multiple degrees of freedom into a single simpli-
fied joint. These observations suggest that accurate joint generation
requires additional constraints beyond appearance, such as enforc-
ing geometric consistency across views, incorporating physical
plausibility checks on candidate motions, or leveraging structural
semantics from the concept graph to restrict the feasible joint infer-
ences. Future extensions may also incorporate lightweight physical
reasoning modules that test the plausibility of a predicted joint by
simulating candidate motions, or integrate motion exemplars from
internet videos to ground the model’s understanding of how similar
mechanisms behave.

4.2.3 Hand Affordance Generation. We randomly selected 30 ob-
jects from the real-world object set in Sec 4.1.1 to evaluate hand
affordance prediction using MLLM. For each component of the ob-
ject, the experimenters first provide MLLM with a photo of the real
object. Then they use GPT-4o to generate photos that demonstrate
5Isaac Sim: docs.isaacsim.omniverse.nvidia.com/latest/index.html

the interactions between hands and this target object. The experi-
menters then assess the generated images, evaluating whether they
are physically plausible, labeling them as True or False. Finally, they
discuss and finalize the result for each image.

Results: A total of 129 hand affordance images were generated
for the 30 objects, with an accuracy of 92.5%. The failure cases
highlight inherent challenges in generating reliable hand–object
interactions purely from static images and language prompts. Most
errors arise when the MLLM infers a plausible but physically incor-
rect gesture due to limited visibility of graspable regions, leading to
hand poses that either intersect the geometry or fail to align with
the component’s true affordance. Additional failures occur when
the object containing joints is misinterpreted, for example, mistak-
ing a hinged lid for a detachable one, which leads the system to
generate removal-like gestures instead of rotational manipulations.
Potential extensions include integrating contact region detection to
ensure that generated hand poses align with feasible grasp surfaces,
employing interaction plausibility checks that evaluate whether
forces, orientations, and contact points are physically reasonable,
and constraining hand poses based on the object’s structural se-
mantics to rule out invalid manipulations. Future developments
may also leverage small-scale hand–object simulation modules or
hand-object motion examples to better align generated gestures
with realistic human interaction patterns.

4.2.4 Processing Time and Hardware Implementation. We report
execution time using a workstation equipped with an NVIDIA H20
GPU (96 GB VRAM, CUDA 12.4), an AMD EPYC 9K84 96-Core
Processor (16 vCPUs allocated), and 153 GB of system memory. To
compare how object complexity influences computational cost, we
distinguish between simple objects and complex objects: an object
is considered complex if its concept graph contains more than two
leaf nodes or more than three non-leaf nodes.

The full pipeline requires 153.3 ± 18.6 s for simple objects and
399.0 ± 27.9 s for complex objects on average. The results show
that simple objects maintain relatively stable and moderate latency
across stages, reflecting the lower structural ambiguity and lim-
ited graph depth involved. Complex objects show increases in pro-
cessing time, particularly in stages involving MLLM-based reason-
ing and rig generation. These stages incur additional computa-
tional overhead due to the larger and more intricate object graphs,
denser structural relationships, and the need to infer and construct
more partial physical properties. Even with differences, the overall
pipeline remains tractable for reconstructing RPDTs.

5 User Study
To evaluate the practical applicability of our framework, we conduct
a user study to understand participants’ experience with RealTwin
in practice. To further explore broader usage scenarios with de-
sign implications of RPDT, we recruit participants from diverse
professional backgrounds, contributing ideas on new extensions
for RPDTs in the future.

5.1 Participants and Procedure
We recruit 12 participants through questionnaires from the campus,
aiming for a diverse mix of professional backgrounds (6 male, 6
female; age: avg = 26.1, std = 2.9). The participants include 1 VR
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developer, 2 installation artists, 2 architects, 1 fashion designer, 2
product managers, 2 game developers, 1 curator, and 1 industrial
designer.

We use a pour-over kettle as the example object. Guided by an
experimenter, participants are first introduced to the concept of
RPDT and the workflow of the framework. Participants then cap-
ture photos of the object, from which the framework automatically
generates a concept graph and corresponding attributes using AI
tools. Participants observe both intermediate outputs (e.g., graph
structure and segmentation results) and final attributes in interac-
tive environments, such as joint movements in Isaac Sim and hand
affordance recognition in VR.When the framework inference errors
occur, participants use the interfaces described in Sec. 3.3.3 to refine
intermediate results; otherwise, prepared error cases are provided
to let them experience the editing process. Throughout the study,
participants are encouraged to think aloud and customize edits via
the interface. Our study also included a free-exploration phase, dur-
ing which participants were encouraged to try reconstructing any
additional objects available in the environment. At the end, each
participant completes a semi-structured interview (see Appendix A
for full questions) and a seven-question Likert-scale questionnaire
evaluating their experience with the framework. The interviews are
video-recorded by two experimenters. The study was conducted in
our laboratory and received ethical approval from the university’s
ethics review board.

5.2 Results

Figure 5: Distribution of subjective rating scores of the
questionnaire for user experience. 1 -strongly disagree, 7
- strongly agree.

We employed a mixed-methods approach in analyzing the user
study. The questionnaire responses provided a broad overview of
participants’ perceptions. Qualitative data from the semi-structured
interviews were analyzed using thematic analysis. In total, we col-
lected approximately 12 hours of video recordings from 12 partic-
ipants. All recordings were transcribed using a commercial ASR
service (iFLYTEK6) and subsequently reviewed for accuracy by
two experimenters. Then, the experimenters independently con-
ducted open coding on the transcripts. Coding disagreements were
discussed between the two experimenters until a consensus was
reached. Based on the final coding results, the whole research team

6https://www.iflyrec.com/zhuanwenzi.html

worked together to iteratively group the codes and identify recur-
ring themes, which are used to organize our findings. The combined
insights informed a set of design implications, which are presented
in the following subsections.

As shown in Fig. 5, the questionnaire results indicated that partic-
ipants generally reported positive experiences with the framework,
particularly in terms of satisfaction with the outcome, perceiving
the workflow as intuitive, and enabling iterative refinement. The re-
sponses also revealed opportunities for improvement, especially in
helping participants achieve their intended goals and in supporting
broader adoption in future use.

5.2.1 Intuitive and Engaging Reconstruction Experience by RealTwin.
Participants consistently described RealTwin as both easy to com-
prehend and open to active user participation. Unlike opaque black-
box systems, RealTwin’s step-by-step process—generating attribute
graphs and chaining AI tools—was perceived as transparent and
aligned with users’ own reasoning about object structures (P7, P10).
For instance, P10, a designer with professional product modeling
experience, explained that “traditional workflows usually begin by
modeling components and then assembling them, a process that re-
quires substantial prior expertise”. By contrast, RealTwin approaches
reconstruction by decomposing a whole object, which P10 noted
“felt more consistent with human intuition about how physical struc-
tures are understood”. This comprehensibility lowered the entry
barrier and made the workflow approachable even for those with-
out deep 3D modeling expertise. At the same time, participants
valued the opportunity to directly and actively participate the re-
construction process. Through using interactive interfaces, partici-
pants were able to inject their own understanding and intent into
the pipeline (P1, P7, P9). As one installation artist highlighted, “If I
want to add special interactions to my artwork, I can simply demon-
strate them myself, and they can be directly bound to the digital
twin of the piece—this is incredibly convenient.”. This participatory
element not only improved the reliability of the outcomes but also
fostered a stronger sense of collaboration and co-construction with
the framework (P8, P11).

5.2.2 Efficient Workflow and Richness in Concepts of Digital Twin.
When reflecting on their prior experiences with 3D modeling and
reconstruction tools such as Blender, Rhino, Unity, and Reality Com-
poser, participants highlighted a clear contrast between traditional
workflows and RealTwin. Conventional methods were described as
time-consuming, rigid, and requiring significant manual effort. For
example, when using traditional 3D scanning applications, partici-
pants noted that the workflow typically involved holding a camera
ormobile phone andmoving around the object, or even flipping it, to
capture sufficient geometric information from multiple angles (P7,
P12). By contrast, RealTwin’s automated pipeline of attribute graph
generation andAI tool chaining reduced the need for repetitiveman-
ual operations (P7, P11). Participants also appreciated the richness
of the RPDT concept. They noted that while traditional pipelines
mainly focus on reconstructing static models, RPDT makes it possi-
ble to reconstruct additional properties of physical entities, such as
physics and affordances (P1, P3, P4, P10). Because these properties
can be represented through a relatively easy process, participants
noted that the resulting digital twins appeared more realistic and
were easier to adopt in virtual environments (P4, P9, P10, P11). For
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example, this was considered particularly valuable in game develop-
ment, where “many virtual interactions are inspired by and aligned
with those of the physical world” (P10). Similarly, in the fashion
design industry, the participant highlighted that RealTwin could
“quickly reconstruct how different fabrics and cuts would look on a
model, greatly reducing both cost and time” (P12).

5.2.3 Challenges and Implications in Reconstruction Fidelity and
Structural Complexity. Participants also identified several challenges
and future design implications for the framework. The most fre-
quently mentioned concern was the difficulty of reconstructing
internal or fine-grained structures that are not directly visible, such
as the liquid inside a cup, the layered compartments of a refriger-
ator, or the cavities of centrifuges and other delicate mechanical
components (P1, P10, P3). Some suggested that the framework could
include predictive modeling of internal structures while preserv-
ing interfaces that allow users to make manual corrections, which
would improve the accuracy of container-like objects. Participants
also noted that the current framework struggles with complex me-
chanical systems, such as assembly line machinery or weaponry,
where fine-grained functional details are critical (P3, P10). Others
mentioned limitations in handling large or fragile objects when
demonstrations were required (P8). For tasks demanding industrial
precision or rigid control, participants suggested that traditional
CAD or simulation tools might still be preferable (P4, P8, P11). For
example, one participant described the idea of creating a digital
twin of a fishing rod and recording the action of lifting a fish out
of the water as part of the rod’s affordance. “This action involves
cun jin, a subtle wrist motion that generates precise force within a
very short range”, which participants noted might be too delicate
for the current framework to faithfully capture (P10). Finally, they
emphasized the need to balance ease of input with fidelity of re-
sults, observing that overly simplified descriptions could lead to
incomplete or oversimplified reconstructions (P6, P8).

6 Discussion
This discussion examines the technical evaluation results, the poten-
tial for large-scale scalability, and the user-centered insights from
our study. We highlight the strengths and current limitations of
MLLM-based grounding, explore how large-scale RPDT generation
could stimulate future AI-driven innovation, and envision how ac-
tive end-user participation can enable personalized, creative RPDT
reconstruction and help cultivate a thriving RPDT ecosystem.

6.1 Implications on MLLM-based Grounding for
RPDT

In this paper, we implement an MLLM-based RPDT grounding
framework with a systematic evaluation on MLLM’s capability as
the backbone to drive the reconstruction of objects in the physical
world for the first time. Taking advantage of the cross-modality
prior knowledge of the physical world that MLLM has learned from,
our results have verified that MLLM generally has a good zero-shot
grounding capability for real-world objects in terms of appearance,
physics, functionality, and interactivity, achieving a consistently
high F-1 score for concept graph construction (98.3% and 92.2%), ma-
terial recognition (94.4%), mechanical structure recognition (97.1%),

and hand affordance inference (92.5%). We also found that such real-
world grounding capability can be further enhanced when MLLM
is equipped with a vast AI toolset, allowing MLLM to overshoot
its inherent capability limitation (e.g., 3D generation) by chaining
AI tools. The mutual development of MLLM and AI tools has also
formed a good complementary effect to push forward the boundary
of physical world grounding.

Meanwhile, drawing from the failure cases in our evaluation,
we find that MLLM is still hard to deal with situations where the
object to reconstruct is out of the MLLM’s knowledge scope, ex-
tremely complex or precise in the structure, or yielding ambiguities
(e.g., invisible structure, specific materials) for grounding. It’s an
essential question how to address these challenges to make RPDT
grounding even "more realistic". A potential solution is to optimize
MLLM’s knowledge base, knowledge updating mechanism, and
instant knowledge acquisition strategy. For example, when dealing
with an object with complex mechanical structures, the user can
upload the documentation of this object to provide MLLM with
additional details. When dealing with unseen objects or ambigu-
ities, MLLM can actively seek help from the user (e.g., requiring
them to provide additional information or clarification), where the
user’s response can also be used to fine-tune the model [13, 40, 95].
Future research on these topics is key to enhancing the robustness
and adaptability of RPDT grounding, making it more capable of
handling diverse and complex real-world scenarios.

While the current framework contains multiple interdependent
components, this modular design is necessary because each stage
isolates and resolves a distinct class of failures that single-stage,
end-to-end approaches cannot reliably handle. Decomposing the
process into attribute-graph construction, geometric reconstruc-
tion, mechanical-structure inference, affordance generation, and
rig synthesis produces explicit, standardized intermediate repre-
sentations such as part-level meshes, URDF-like joint descriptions,
and VR-ready interactive assets. These representations make the
reasoning process interpretable, enable human users to inspect and
correct outputs at each step, and preserve fine-grained control over
structural and interaction fidelity, which would be unattainable in
a monolithic black-box model.

Moreover, much of the framework computational cost stems
from the performance of deployed AI modules (e.g., Trellis [86] for
mesh reconstruction, RigNet for rig generation [90], SAM2 [76]
for segmentation). These domain-specific modules can be replaced
directly as more capable models emerge, improving the frame-
work’s performance naturally with advances in domain-specific
AI models. For example, faster mesh reconstruction, more reliable
3D subdivisions, or more accurate and lightweight rigging meth-
ods could directly reduce latency. Moreover, the framework can
be simplified in certain user scenarios. For example, in a home-
placement or interior-decoration simulation AR application, users
may only require approximate geometry and basic affordances for
positioning and visualization. In such cases, detailed rig synthesis
and component-level physical property inference are less critical,
and the pipeline can safely skip these modules to significantly im-
prove runtime performance.
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6.2 Scaling RPDT for Large-Scale Data Mining
and AI-Driven Innovation

We propose a concept graph to represent RPDT, enabling the unified
decoupling of object reality properties. Each vertex and edge in the
graph is computable and interpretable. Integrated with our ground-
ing framework of MLLM and AI tools, this graph can serve as the
object’s recognizable blueprint by AI, enabling large-scale mining
of internet data to generate a vast amount of product blueprints.
As MLLMs and AI tools rapidly evolve, more and more internet
data could be used to contribute to the automatic generation of
blueprints. One promising direction is the product images and
videos on the internet. For example, product review videos typ-
ically include interactions between the blogger and the product,
such as testing all the product’s features and presenting the results.
In this case, MLLM can analyze the video to identify the product’s
possible affordances and interactivity, product durability, or how
the object behaves under different conditions, thereby enriching the
construction of the product’s digital twin blueprint. This ability to
extract nuanced information from a variety of content sources leads
to highly detailed and accurate digital twins, surpassing traditional
methods.

Moreover, as the scale of RPDT generation expands, AI could
evolve from merely reconstructing objects to creating entirely new
ones, much like an inventor. By training AI systems on extensive
RPDT datasets, these systems could autonomously generate new
product designs and blueprints. This capability could herald an era
where AI-driven innovation not only replicates existing designs but
also invents new products based on a profound understanding of
physical properties and human interactions. In this context, scaling
up RPDT generation could lead to the emergence of novel AI-driven
designs and manufacturing, pushing the limits of digital twins. This
is essential for embodied intelligence, as scaling up digital twins
enables AI systems to better comprehend and interact with the
physical world, creating new opportunities across industries and
transforming how we design, interact with, and innovate in both
virtual and physical environments. With reinforcement learning or
online learning techniques [13], MLLMs could continuously refine
their understanding, adapt to specific reconstruction needs, and
improve the accuracy and efficiency of the models over time. This
process would allow for more personalized and context-specific
digital twins, making the system more adaptable and responsive to
real-world changes.

As the metaverse continues to evolve, the demand for auto-
mated, real-time, and in-situ digital-twin generation is increasing.
As a general and extensible digital-twin reconstruction pipeline, Re-
alTwin still requires several key advancements to move toward real-
time performance. In VR/AR usage scenarios, users are inherently
equipped with headset-mounted cameras that continuously capture
the geometry and appearance of surrounding objects while pro-
viding stronger contextual awareness during real-time interaction.
Future versions of the system could leverage this capability to recon-
struct objects in a streaming manner [53, 55], rather than relying
solely on offline, multi-stage processing. First, essential stages of the
pipeline must evolve toward single-pass or near-real-time inference,
including high-speed multi-view fusion, low-latency geometry re-
construction, and direct articulation prediction from sparse views

[8, 53, 55]. Second, affordance inference and rig generation must
support incremental, streaming-based updates, avoiding full regen-
eration whenever the object or its viewpoint changes [54, 73]. Third,
attribute-graph inference will require high-throughput MLLMs or
locally distilled lightweight models to reduce multimodal round-
trip latency [24, 57]. Finally, tighter integration with on-device
sensing and spatial tracking (e.g., depth sensing, hand tracking)
would allow the system to progressively refine the digital twin as
the user moves around the object.

6.3 End-User-Oriented RPDT: Ecosystem,
Personalization, and Creative Potential

Our user study revealed that RealTwin enables end users to recon-
struct digital twins in ways that are intuitive, engaging, and efficient.
Participants emphasized its transparency and step-by-step process,
which aligned with human reasoning about object structures, while
also lowering the entry barrier compared to traditional 3D mod-
eling tools. They valued the opportunity to actively participate in
the reconstruction process through interactive interfaces, enabling
them to inject their own understanding and intent. However, they
also highlighted challenges in reconstruction fidelity and structural
complexity, particularly in capturing internal details and intricate
mechanical systems, pointing to the importance of balancing ease
of input with reconstruction accuracy.

The frameworkwe propose for reconstructing RPDTs is therefore
not only fully automated but also incorporates interactive interfaces
that allow users to refine intermediate results. This combination
empowers individuals without specialized expertise to reconstruct
objects with high precision while still supporting customization
and adaptation to diverse usage contexts. As a result, we envision
that the framework could contribute to the rapid growth of digital
assets on the internet, sparking creativity in a manner similar to
AI-driven image generation technologies, which have enabled the
general public to become digital creators.

Although RealTwin already supports user-driven modifications
of intermediate reconstruction results, we propose the development
of a more accessible framework that further improves usability.
Beyond the current interactive interfaces, several additional capa-
bilities are needed, as highlighted by our findings. First, to address
the challenge of reconstructing internal or fine-grained structures,
the system should support predictive modeling combined with user
correction to balance automation with fidelity. Second, to handle
complex mechanical systems, the framework should provide mod-
ular editing tools that allow users to refine joint types, motion
ranges, or dependencies with greater precision [65]. Third, consid-
ering large or fragile objects, lightweight or remote demonstration
mechanisms (e.g., adaptive gesture simulation in AR without phys-
ical manipulation) could expand applicability across more contexts
[100]. Finally, to reduce the risk of oversimplified outputs, usability
could be enhanced by multi-step guidance or visual feedback that
helps users iteratively refine reconstruction without requiring deep
expertise. Previous work has also highlighted the significance and
challenges of personalized digital twin reconstruction [60], which
necessitates that the digital twin incorporates more personalized
elements, such as usage marks on objects or handcrafted decora-
tions. Existing research has demonstrated the potential of using
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natural language to modify the attributes in our RPDT graph (e.g.,
materials [98], textures [16, 62], and 3D models [17, 18, 66, 92]).
By integrating these advancements into our framework, RealTwin
can be more accessible to end-users to reconstruct objects with
personalized features or customized modifications.

Looking ahead, we envision that combining fully automated re-
construction with user-driven participation will be essential for the
next generation of RPDT frameworks. Such hybrid systems could
automatically scale RPDT generation across massive datasets while
preserving avenues for end-user interventions to inject personal,
contextual, or domain-specific knowledge. This balance between
automation and human-in-the-loop participation will not only en-
hance usability and fidelity but also foster broader adoption across
industries, shaping an ecosystem where RPDTs become both uni-
versally accessible and deeply customizable.

7 Limitations and Future Work
RealTwin supports the reconstruction of common affordance inter-
actions, but more diverse forms of real-world human–object affor-
dances should also be included. For example, indirect interactions
(e.g., pressing a button to open a lid), or physical–digital interac-
tion mappings involving electronic components (e.g., pressing the
spindle of a record player should trigger music playback). Prior
work has explored how users may author such complex interactions
in AR environments [60, 100]; however, scaling up the automatic
construction of these attributes with logic-driven affordances re-
mains an open challenge, requiring more expressive interaction
grammars, richer causal models, and improved physical–digital
correspondence inference.

In addition, RealTwin does not yet support continuous hand–object
interactions or multi-hand gesture bindings. For example, continu-
ously squeezing a ketchup bottle to extrude sauce, or holding an
Xbox controller with two hands while pressing buttons with dif-
ferent fingers. These interaction processes involve time-dependent
state transitions, continuous deformation tracking, and complex
conditional logic, which our present pipeline cannot capture. We
plan to focus future work onmodeling and binding these temporally
extended and multi-limb interaction behaviors.

The complex coupling among physical attributes should also be
considered in a more fine-grained digital-twin reconstruction. Also,
attributes such as material, mass, or mechanical constraints directly
affect interaction dynamics. For instance, objects with identical ap-
pearance but different weights will exhibit different lifting motions,
and interactions between hands and special surface materials can
cause noticeable appearance changes (e.g., a soft balloon deforming
when squeezed). These factors represent important directions for
extending the realism and fidelity of the framework.

Furthermore, beyond inanimate objects, the lightweight, low-
barrier construction of digital twins for living entities (e.g., pets,
people, or moving agents) is another important future direction. In-
teracting with the digital twin of a living creature requires modeling
autonomy, behavioral dynamics, and safety constraints.

8 Conclusion
In this paper, we introduce the concept of the Reality-Preserving
Digital Twin (RPDT) with a scalable concept graph representa-
tion, derived from a human-centric perspective. We propose an
MLLM-based grounding framework with AI tool chaining for RPDT
reconstruction. The technical evaluation showcases the MLLM’s
ability to reconstruct physical-world objects by utilizing its cross-
modal knowledge. Our user study reveals that RealTwin is intuitive,
engaging, and efficient, and participants valued its transparent step-
by-step process, which mirrors human reasoning about object struc-
tures and lowers the learning curve for non-experts. Enlightened
by RealTwin, we discuss critical issues, such as future digital twin
ecology, interaction space, and real-world adoption toward truly
end-to-end fine-grained and scalable digital twin reconstruction.
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A Appendix
A.1 Questionnaire Questions and

Semi-Structured Interview Questions
The goal of our user study is to evaluate the practical applicability
of the framework and to explore a wider range of usage scenarios.
Accordingly, we prioritize dimensions such as ease of use, under-
standability, and the system’s ability to support users in realizing
their intended outcomes. For this reason, we designed task-specific
questions that remain grounded in core System Usability Scale
(SUS) constructs while better capturing the unique experience of
interacting with RealTwin. Moreover, RealTwin is intentionally
designed as an AI-driven pipeline in which most reconstruction
decisions are automated, and human involvement is limited to light-
weight, corrective interactions. Under this interaction mode, SUS
questions about unnecessary system complexity, dependence on

technical support, or cumbersome manual operation are not rel-
evant dimensions, because users are neither expected to operate
the system extensively nor required to learn a complex interface.
These constructs, therefore, are not included in our questionnaire.

Rate these statements (All 1 to 7 Likert scale from Strongly dis-
agree to Strongly agree):

• Q1: “I feel easy when I use the framework.” Corresponds to
SUS constructs related to ease of use and learnability.

• Q2: “I am satisfied with the outcome of this framework.”
Relates to SUS constructs concerning integration of functions
and user confidence.

• Q3: “I was able to improve the output iteratively.” This item
assesses iterative controllability, a core aspect of RealTwin’s
pipeline in which most decisions are automated by AI and
human involvement consists of lightweight, corrective inter-
ventions.

• Q4: “I was able to achieve what I had in mind with this frame-
work.” This item evaluates the system’s ability to support
users in achieving their intended reconstruction goals.

• Q5: “The reconstruction process was intuitive.”Aligns with
SUS constructs regarding ease of use, learnability, and system
consistency, capturing intuitiveness and process clarity.

• Q6: “I will recommend this tool to others.” This item mea-
sures users’ willingness to recommend the tool, reflecting
perceived usefulness and overall acceptance, and encour-
ages participants to consider broader usage scenarios for
RealTwin.

• Q7: “I will use this tool in the future.” Corresponds broadly
to the intention-to-use dimension in the SUS, assessing long-
term acceptance.

Semi-Structured Interview Questions:
• Could you walk me through how you used the framework?
What steps did you take in the process?

• What kinds of objects would you most like to reconstruct
with this framework, and why?

• In your view, does the RPDT created with this framework
feel like a realistic digital twin? Why or why not?

• Have you had any previous experiences with digital twin cre-
ation or 3D reconstruction? What kinds of software or tools
did you use, and how would you compare those experiences
with using RealTwin?

• While working with the framework, were there any chal-
lenges you faced, or things you felt were difficult or not
possible to achieve? How do you think it could be improved?

• Were there any parts of the framework that surprised you—something
unexpected, either positive or negative?

• Thinking about your own research or work, in what contexts
do you see this framework being useful or applied?

• Compared with traditional black-box AI models, what do
you see as the strengths and weaknesses of a framework that
allows human intervention in the process?

A.2 Failure Cases
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Figure 6: Mesh segmentation failure case. Users could refine the AI segments by interactively adding positive red points (regions
expected to be inside the mask) and negative blue points (regions expected to be outside the mask) on the image.

Figure 7: Hand affordance failure case. Users could directly demonstrate the intended gesture in the AR environment to bind
the hand affordance to the target object.
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