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Abstract

Advances in 3D generative Al have enabled the creation of physical objects from
text prompts, but challenges remain in generating objects that require multiple
component types for roboitc assembly. We present a pipeline that integrates 3D
generative Al with vision-language models (VLMs) to enable function-aware part
assignment for the robotic assembly of multi-component objects from natural
language. Our method leverages VLMs for zero-shot multimodal reasoning about
object geometry and functionality, decomposing Al-generated meshes into multi-
component 3D models using a predefined set of structural and panel components.
We show that a VLM can identify which mesh regions require panel components
in addition to structural components based on the functionality of the object. In
an evaluation across five test objects, users selected VLM-generated assignments
90.6% of the time, compared to 59.4% for a rule-based baseline and 2.5% for a
random baseline. Finally, we validate that our proposed VLM-driven pipeline can
generate function-aware multi-component part assignments that can be translated
into robotic assembly sequences and physically assembled.

1 Introduction

Recent developments in 3D Generative Al have enabled users to create a wide variety of geometries
from natural language input [[14} 7] 26]. Extending this capability to make physical objects from a text
prompt could empower users who don’t have technical expertise in complex 3D design software or
manufacturing processes. While previous research has explored physical making with 3D generative
Al challenges remain in creating objects composed of multiple component types with different
functionalities [5} |6 4]. Robotic assembly offers a potential approach to create physical objects
from multiple component types, while supporting modularity, reuse and part-level editing [8, |13} [12].
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However, most 3D generative Al models produces monolithic meshes that lack the component-level
representation required for robotic assembly path planning and assembly sequencing generation. For
robotic assembly, the system must know which physical components should be used and where those
components should be placed.

Decomposing Al-generated meshes into predefined components is challenging becuase assignments
can depend on the geometry and functionality of both the object and its parts. In this study, we use
two component types: structural and panel components (Figure[I)). Structural components form the
primary load-bearing frame of the object, while panel components create functional surfaces such
as seats, tabletops, shelves, backs, covers, or light-diffusing surfaces. The main focus of this paper
is determining where panel components should be placed on an Al-generated mesh. This problem
cannot be solved by geometry alone. For example, a stool may require panels on the seat to create a
flat sitting surface, while a lamp may require panels on the lampshade to diffuse light. Similarly, a
rule that assigns panels to all upward-facing surfaces may work for a table or shelf, but fail for objects
where the functional surface is vertical. Panel assignment therefore requires reasoning about both the
geometry of the generated mesh and the intended function of the object.

To address these challenges and enable text-driven, multi-component robotic assembly with generative
Al, we present:

- A function- and geometry-aware VLM approach for assigning panel components and decomposing
Al-generated meshes into multi-component 3D models.

- An evaluation comparing VLM-generated assignments against rule-based and random baselines
across multiple object categories, showing that participants more often judged VLM assignments as
functionally appropriate.

- An end-to-end framework connecting natural language input, 3D generative Al, VLM-based
component assignment, and robotic assembly with predefined structural and panel components.

Text Input Assembly Components Multi Component Assembly Generation Robotic Assembly
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Figure 1: From text input to multi-component robotic assembly using predetermined components

2 Related Work

2.1 3D Generative Al for Prompt-Based Design and Fabrication.

Recent advances in text-to-3D models such as DreamFusion [21], Get3D [7]], and Latte3D [25]] have
enabled users to generate a wide array of geometries from natural language prompts. To physically
realize these models, prior work has mainly explored 3D printing pipelines [4,[24]. Systems such as
Sketch2Prototype transform sketches into printable designs for additive manufacturing [5]. Style2Fab
extends this by allowing users to modify and customize the stylistic attributes of 3D models while
preserving printability [6]. However, these approaches are for 3D printing with generative Al output
that lacks the component-level representation necessary for robotic assembly.

2.2 Part Aware Generation of 3D Objects.

Part-aware generative models have enabled structured 3D shape synthesis through component-level
reasoning. For example, PartGen [3]] develops a diffusion-based pipeline that reconstructs semantically
meaningful parts from text inputs. StructureNet [[18] introduces graph-based part hierarchies geometry



synthesis. ShapeAssembly [9] generates objects using a programmatic part layout optimized for
visual coherence. While these contributions advance part-level generative modeling, they mostly aim
to reconstruct coherent shapes or to support part-level geometry editing. In contrast, our goal is to
leverage part-level reasoning to inform the assembly geometry from a predefined set of component

type.

2.3 Component Segmentation of 3D Objects.

Previous approaches to decomposing 3D shapes into components have relied on supervised methods
such as hierarchical recursive networks, point-based segmentation, and semantic graphs [29, 2}
28]. More recent unsupervised and generative methods, such as Neural Parts [20]], auto-decoder
frameworks for 3D diffusion models [[19], and joint-aware techniques [[15], address earlier limitations
by introducing flexibility and connection constraints for multi-part reconstruction. However, while
these methods improve geometric decomposition, they do not consider robotic assembly or the
functional roles of components.

2.4 Vision-Language Models for Prompt Based Robotic Assembly.

VLMs have previously been used to ground natural language instructions for assembly tasks. For
example, CLIPort [22]] couples CLIP-based perception for pick-and-place tasks. SayCan [[1]] integrates
language models with affordance scoring to execute multi-step instructions. StructDiffusion [[L6]
use diffusion and transformer architectures with multimodal input for compositional tasks. VLMs
have also been explored for assembly sequence generation. Zhu et al. [30]] introduces a seq2seq
transformer that infers part assembly sequences. Neural Assembler [27] convert multi-view imagery
of block-based models into step-wise assembly plans. These systems demonstrate the potential of
VLMs from robotic manipulation to assembly sequence generation. In this paper, we extend the
use of VLMs for generating assembly geometry by assigning component types based on object
functionality.

3 Methods

The pipeline begins with (i) a 3D generative Al model, (ii) discretization of the Al generated mesh
into primitive units, (iii) a VLM task selecting functionally relevant parts based on the component
type, (iv) a second VLM task from components to geometric labels, and (v) a conversational interface
for user alignment.

3.1 Text-to-Mesh Generation.
We present a pipeline using VLM and generative Al to translate natural language inputs into multi-

component 3D models for robotic assembly. The system begins with a user prompt, which is used to
generate a mesh using Autodesk’s 3D generative Al model [17].

3.2 Mesh Discretization and Decompostion.

We define two classes of assembly components: (1) structural components, which form the primary
load-bearing frame, and (2) panel components, which attach to the structural frame to provide

functional surfaces.
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Figure 2: The two predefined component types used in our system.



To create primary load-bearing frame, the Al-generated mesh is discretized into structural components.
This is done by voxelizing the mesh using a xed grid resolution based on the dimensions of
the structural components. The placement of panel components depend on the functionality and
geometry of the object. Attaching panels indiscriminately can add unnecessary weight and waste
components. To address this, we developed a VLM task to selectively assign faces that should have
panel components based on the functionality of the object.

3.3 VLM for Function Aware Part Selection.

The VLM is tasked to understand the object's functionality and geometry to identify the parts
requiring a prede ned component. In this study we use Google's Gemini 2.5 pro model. The VLM
gives a response based on the three inputs: the description of the object from the user (to understand
the object's functionality), an axonometric image of the Al generated mesh (to understand the object's
geometry), and the component type - in this case the type is panel component (to understand the
component's functionality). Conditioned on these inputs, the VLM is tasked to reason over both
functionality and geometry to determine which parts require the component. For example, given
the prompt “l want a chair” and the image of the-génerated mesh, the VLM returns for panel
component “Parts = seat, backrest” as shown in Figure 2.

System Prompt: You are an assistant that selects the functional parts of an object that require a
speci ed component type. Use: (1) the description of the object, (2) an axonometric image of the
Al-generated mesh, and (3) the component type. Select the minimal set of parts that ful Il the object's
functionality. Output only the part names as speci ed, no explanations.

Query: Given an image of {user text prompt}, identify which parts of the object should have panel
component based on the object's intended functionality. Select only the minimal number of distinct
parts required. Output format: Parts =[]

Figure 3: System Pipeline: Vision Language Model for Function and Geometry Aware Part Selection

3.4 VLM for Geometry Aware Part Selection.

The previous VLM task provides a list of parts within the object that should have a panel component.
However, the robot must also know where those parts are physically located within the 3S assembly.
To map these parts back to the-génerated geometry, we merge coplanar faces in the discretized
mesh and assignh each mesh face a unique integer label for the VLM to reference. Labels for
inward-facing vertical and downwartacing horizontal faces are omitted, as they might not be
reachable by the robot arm. This prevents the model from assigning panels to places the robot can't
access. For the second VLM task, the model receives three inputs: the description of the object from
the user, an axonometric rendering of the labeled mesh faces showing both sides of the geometry,
and the part list from the rst VLM task. Conditioned on these inputs, the VLM matches each part
in the list to the corresponding face label. For the example, given the list of parts from the rst
VLM task “Parts = seat, backrest” and the image of the labeled mesh, the VLM returns “Labels = 4,
6" (Figure 3). The panels are mapped to the labels in the 3D model to create the multi component
assembly.



System Prompt: You are an assistant that maps functional parts of an object to their face labels in a
labeled axonometric mesh. Use: (1) the description of the object, (2) an image of a labeled mesh,
and (3) a list of parts. Select the minimal set of labels that correspond to the listed parts. Output only
the label numbers, no explanations.

Query: Given a labeled image of {prompt}, select the label numbers that exactly correspond to the
following parts: {parts}. Select only the minimal set of labels needed. Output format: Labels =]

3.5 Robotic Assembly

Once the multi-component assembly is generated by the VLM, a UR20 robotic arm equipped with
Robotiq grippers assemblies the physical geometry. The multi-component assembly from the VLM
is exported as two lists: a coordinate Kt= f (X, Vi;z;rx;;ry; 2z )9, and a component type list

T = fto;t1g. In ourimplementation, the type = O denotes a structural component, which is picked
from sources; = 0 (a conveyor belt with structural components), while= 1 denotes a panel
component, which is picked from sourse= 1 (a stack of panel components). The coordinate list is
sorted in a bottom-to-top sequence while preserving connectivity to ensure that physically connected
components are placed consecutively.

For each componentin C, the robot moves to the source coordingtdased on the component
typet;, picks the component, moves to the component coordmatand place the component. We
utilized autodesk's internal robotics research platform integrated with Fusion 360.

Algorithm 1 Robotic Assembly Algorithm for Panel Component and Structural Component
Require:  « Component coordinatéS = f(Xi;Vi;Zi;Ix;;lyi iz )0
» Component type¥ = ftg;tigwheret; 2 f 0; 1g
» Source locationSy; S; for each component type
Ensure: All component are placed at target positions using pick-and-place operations
1:
2: Initialization
3: Initialize robot to home posg oot
4: Open gripper with widtWgpen
5: Iterate through all components in component cooridnates sequence
6: fori =1 tondo
7
8
9

Determine source location based on component type
if t; = 0 then Structural Component

: source Sy
10: end if
11: if t; = 1 then Panel Component
12: source S
13: end if

14: Compute pickup and placement poses

15: pickup  (source:x;source.y; source:2

16:  place  (Xi;Yisziirx;lyifz)

17: Pick-up sequence

18: Move to(pickup:x; pickup:y; pickup:z + hgase
19: Move topickup

20: Close gripper with forcé gap

21: Move to (pickup:x; pickup:y; pickup:z + hgase)
22: Placement sequence

23: Move to(place:x; place:y; place:z+ hgase)

24: Move toplace

25: Open gripper with widtlWiejease

26: Move to(place:x; place:y; place:z+ hgaso)

27: Output: Component successfully placed
28: end for




4 Experiments and Results

4.1 Experiment Setup.

To assess the effectiveness of the Vision-Language Model (VLM) approach, we conducted a com-
parative analysis againstrale-basedapproach and eandomapproach. In the rule-based approach,
panels were assigned to all upward-facing surfaces, under the assumption that horizontal surfaces are
the most likely functional user case for panel components. For the random approach, panels were
assigned by randomly selecting labels from the set of mesh faces (Figure 4).

Figure 4: Multi-component assemblies of ve different objects created using three different ap-
proaches: random, rule-based, and vision-language models

We recruited thirty two participants to evaluate component assignments on ve objects across three
approaches, resulting in 480 judgments. Participants were asked to select all alternatives they
considered appropriate or acceptable for panel placement based on the object's function. We assume
that multiple valid assignments may exist based on user preference rather than a single ground truth.
Functional reasoning about part placement is subjective and cafgpeindent, meaning that several
assignments can satisfy the object's intended use. Several assignments may be equally reasonable
depending on how a user imagines the object being used.

To avoid forced-choice bias, participants were allowed to select multiple options or none for an object.
For each object—method pair, we compute the selection rate as:

# participants selecting methan on objecto
Ratemn = p p 329 )

100%

6
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