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Figure 1. We introduce PartGen, a pipeline that generates compositional 3D objects similar to a human artist. It can start from text,
an image, or an existing, unstructured 3D object. It consists of a multi-view diffusion model that identifies plausible parts automatically
and another that completes and reconstructs them in 3D, accounting for their context, i.e., the other parts, to ensure that they fit together
correctly. Additionally, PartGen enables 3D part editing based on text instructions, enhancing flexibility and control in 3D object creation.

Abstract

Text- or image-to-3D generators and 3D scanners can now
produce 3D assets with high-quality shapes and textures,
but as single, fused entities lacking meaningful structure.
In contrast, most applications and creative workflows re-
quire 3D assets to be composed of distinct, meaningful
parts that can be independently manipulated. To bridge
this gap, we introduce PartGen, a novel approach for gen-
erating, from text, images, or unstructured 3D objects, 3D
objects composed of meaningful parts. Our method lever-
ages a multi-view diffusion model to extract plausible and
view-consistent part segmentations from multiple views of a
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3D object, dividing it into meaningful components. A sec-
ond multi-view diffusion model then processes each part in-
dividually, filling in occlusions and generating completed
views, which are subsequently passed to a 3D reconstruc-
tion network. The completion process ensures that the re-
constructed parts integrate cohesively by considering the
context of the entire object, compensating for missing infor-
mation caused by occlusions and, in extreme cases, hallu-
cinating entirely invisible parts based on contextual cues.
We evaluate PartGen on both generated and real 3D assets,
demonstrating significant improvements over segmentation
and part completion baselines. We also showcase down-
stream applications such as text-guided 3D part editing.

https://silent-chen.github.io/PartGen/


1. Introduction
It is now possible to obtain high-quality 3D objects from
text or images via 3D generation [13, 15, 19, 52, 57, 59,
79, 87] and 3D scanning [16, 64, 93]. However, the objects
obtained in this manner are usually monolithic and unstruc-
tured, represented by a single neural field, mixture of Gaus-
sians, or mesh. This is insufficient in a professional setting,
where the structure of an asset is of paramount importance.
For example, 3D artists often use parts to facilitate reusing,
editing, and animating 3D objects.

In this paper, we thus consider the problem of obtain-
ing structured 3D objects that comprise several meaningful
parts, akin to the models produced by 3D artists. For in-
stance, an artist may wish to decompose the 3D model of
a person into its clothes and accessories, as well as various
anatomical features like hair, eyes, teeth, and limbs. When
a 3D object is generated or scanned, however, its parts are
usually ‘fused’ together. This is undesirable because the
parts may carry different semantics, materials, or motion.
Parts may also be physically detachable and interchange-
able, and an artist may wish to remove, replace, or edit
them independently. In video games, parts often need to
be reconfigured dynamically, e.g., to represent a character
picking up a weapon or changing clothes. Parts are also im-
portant for 3D understanding in robotics, embodied AI, and
spatial intelligence [49, 54].

Inspired by these requirements, we introduce PartGen,
a method to upgrade existing 3D generation pipelines from
producing unstructured 3D objects to generating composi-
tions of meaningful 3D parts (Fig. 1). To do so, we address
two key questions: (1) how to automatically segment a 3D
object into parts, and (2) how to extract high-quality, com-
plete 3D parts even when these are only partially—or not at
all—visible from the exterior of the 3D object.

Part segmentation and completion are highly ambiguous
tasks. Since different artists may find it useful to decom-
pose the same object in different ways, there is no ‘gold-
standard’ segmentation for any given 3D object. Hence, the
goal is to model the distribution of plausible part decompo-
sitions rather than a single one. Furthermore, current 3D re-
construction and generation methods only model an object’s
visible outer surface, omitting internal details. Therefore,
decomposing an object into parts often requires completing
or even hallucinating them entirely.

To model this ambiguity, we base part segmentation and
completion on generative models. We note that most state-
of-the-art 3D generation pipelines [13, 15, 19, 40, 52, 57,
59, 79, 87] start by generating several consistent 2D views
of the object, and then apply a 3D reconstruction network
to those images to recover the 3D object. We build upon
this two-stage scheme and address part segmentation and
completion before 3D reconstruction is carried out.

First, we cast part segmentation as a stochastic multi-

view-consistent coloring problem, fine-tuning a multi-view
image generator to produce several color-coded segmenta-
tion maps of the given 3D object. We do not assume any
explicit or deterministic taxonomy of parts. Instead, we
train the model on a large collection of artist-created data,
capturing how 3D artists typically decompose objects into
parts. This approach has two key benefits. First, it lever-
ages an image generator that is already trained to be view-
consistent. Second, it reduces obtaining multiple plausible
segmentations of the object to drawing multiple samples
from the model. In practice, we show that this approach
better captures the artists’ intent compared to fine-tuning a
model like SAM [36] or SAM2 [72] for the same task.

Second, we fine-tune another multi-view image genera-
tor to complete the segmented parts while accounting for
the context of the object as a whole. In this manner, parts
which are only partially visible, or even invisible, in the
original input views, are revealed in full to the 3D recon-
struction network. This has the benefit of removing most of
the ambiguity in the reconstruction task, which is important
because the 3D reconstructor network is deterministic and
cannot handle ambiguity well. Furthermore, because com-
pletion is contextual, the resulting parts fit together well,
forming a coherent 3D object despite the fact that the parts
are reconstructed independently.

We show that PartGen can be applied to different input
modalities: starting from text, an image, or a real-world 3D
scan, PartGen can generate 3D assets with meaningful parts.
We assess our method empirically on a large collection of
3D assets produced by 3D artists or scanned, both quantita-
tively and qualitatively. We also demonstrate that PartGen
can be easily extended to the task of 3D part editing.

2. Related Work
3D generation from text and images. The problem of
generating 3D assets from text or images has been thor-
oughly studied in the literature. Some authors have built
generators from scratch. For instance, CodeNeRF [31]
learns a latent code for NeRF in a Variational Autoencoder
fashion, while Shap-E [32] and 3DGen [22] do so using la-
tent diffusion. PC2 [56] and Point-E [63] diffuse a point
cloud, and MosaicSDF [99] uses a semi-explicit SDF-based
representation. However, 3D training data is scarce, which
makes it difficult to train text-based 3D generators directly.

DreamFusion [67] demonstrated for the first time that 3D
assets can be extracted from text-to-image (T2I) diffusion
models with the Score Distillation Sampling (SDS) loss.
Variants of DreamFusion explore representations like hash
grids [42, 68], meshes [42], and 3D Gaussians (3DGS) [9,
82, 101], tweaks to the SDS loss [28, 89, 91, 109], condi-
tioning on an input image [55, 68, 81, 83, 103], regularizing
normals or depth [70, 77, 81], and extensions of SDS to 3D
editing tasks [7, 65, 75, 78, 110, 111].



Other works focus on improving the 3D awareness of the
T2I model, simplifying the extraction of a 3D output and es-
chewing the need for slow SDS optimization. Inspired by
3DIM [92], Zero-1-to-3 [48] fine-tunes the 2D generator to
output novel views of the object. Two-stage approaches [6,
10, 19, 23, 24, 26, 46, 50, 51, 57, 77, 85, 90, 94, 96–98] take
the output of a text- or image-to-multi-view model that gen-
erates multiple views of the object and reconstruct the lat-
ter using multi-view reconstruction methods like NeRF [60]
or 3DGS [33]. Other approaches reduce the number of in-
put views generated and learn a fast feed-forward network
for 3D reconstruction. Perhaps the most notable example is
Instant3D [40], based on the Large Reconstruction Model
(LRM) [27]. Recently, there has been a focus on 3D com-
positional generation [12, 41, 66, 112]. D3LL [18] learns
3D object composition through distillation from a 2D T2I
generator. ComboVerse [8] starts from a single image, but
mostly at the level of different objects instead of their parts,
performing single-view inpainting and reconstruction, and
using SDS for composition.

3D segmentation. Our work decomposes a given 3D ob-
ject into parts. Several works have considered segmenting
3D objects or scenes represented in an unstructured manner,
often as neural fields or 3D Gaussian mixtures. Semantic-
NeRF [106] was the first to fuse 2D semantic segmentation
maps in 3D with neural fields. DFF [37] and N3F [88] pro-
pose mapping 2D features to 3D fields, allowing for super-
vised and unsupervised segmentation. LERF [34] extends
this concept to language-aware features like CLIP [71].
Contrastive Lift [2] considers instance segmentation, fusing
information from several independently segmented views
using a contrastive formulation. GARField [35] and Om-
niSeg3D [102] consider that concepts exist at different lev-
els of scale, which they identify with the help of SAM [36].
LangSplat [69] leverages both CLIP and SAM, creating dis-
tinct 3D language fields to model each SAM scale explicitly,
while N2F2 [3] automates binding the correct scale to each
concept. Neural Part Priors [4] completes and decomposes
3D scans with learned part priors in a test-time optimization
manner. Finally, Uni3D [107] learns a ‘foundation’ model
for 3D point clouds, enabling zero-shot segmentation.

Primitive-based representations. Some authors propose
representing 3D objects as a mixture of primitives [104],
which can be seen as related to parts, although they are usu-
ally non-semantic. For example, SIF [20] represents an oc-
cupancy function as a mixture of 3D Gaussians. LDIF [21]
uses the Gaussians to window local occupancy functions
implemented as neural fields [58]. Neural Template [29]
and SPAGHETTI [1] learn to decompose shapes in a simi-
lar manner using an auto-decoding setup. SALAD [38] uses
SPAGHETTI as the latent representation for a diffusion-
based generator. PartNeRF [86] is conceptually similar

but builds a mixture of NeRFs. NeuForm [43] and Diff-
Facto [62] learn representations that afford part-based con-
trol. DBW [61] decomposes real-world scenes with tex-
tured superquadric primitives.

Semantic Part-Based Representations. Others have con-
sidered 3D parts that are semantic. PartSLIP [47] and Part-
SLIP++ [108] use vision-language models to segment ob-
jects into parts using point clouds as the representation.
Part123 [45] is conceptually similar to Contrastive Lift [2],
but applied to objects rather than scenes, and to the output
of a monocular reconstruction network instead of NeRF.

In this paper, we address a problem different from the
ones above. We generate compositional 3D objects from
various modalities using multi-view diffusion models for
segmentation and completion. Parts are meaningfully seg-
mented, fully reconstructed, and correctly assembled. We
handle the ambiguity of these tasks in a generative way.

3. Method
This section introduces PartGen, our framework for gener-
ating 3D objects composed of several 3D parts. Each part
is a distinct, human-interpretable, self-contained and com-
plete element. PartGen can take different modalities as in-
put (text prompts, image prompts, or 3D assets) and per-
forms part segmentation and completion by repurposing a
powerful multi-view diffusion model for these two tasks.
An overview of PartGen is given in Fig. 2.

The rest of the section is organized as follows. In
Sec. 3.1, we introduce the necessary background on multi-
view diffusion and briefly describe how PartGen can be ap-
plied to text, image, or 3D model inputs. Then, in Secs. 3.2
to 3.4, we describe how PartGen automatically segments,
completes, and reconstructs meaningful parts in 3D. In
Sec. 3.5, we describe the dataset used to train PartGen.

3.1. Background on 3D generation

First, we provide essential background on multi-view diffu-
sion models for 3D generation [40, 77, 79]. These methods
typically adopt a two-stage approach to 3D generation.

In the first stage, given a prompt y, an image generator Φ
outputs several 2D views of the object from different van-
tage points. Depending on the nature of y, the network Φ is
either a text-to-image (T2I) model [40, 77] or an image-to-
image (I2I) model [76, 90]. Here, we assume that the net-
work outputs four views from the four cardinal directions
around the object, each with a resolution of H ×W ; these
are arranged in a 2 × 2 grid, forming a single ‘multi-view’
image I ∈ R3×2H×2W . This model thus provides a prob-
abilistic mapping I ∼ p(I | Φ, y). In addition to text and
images, the input y can also be an existing 3D model. In
this case, I is obtained by rendering the 3D model from the
four cardinal views.



<Text Prompt> 

M
ul

ti-
V

ie
w

 
Se

gm
en

ta
tio

n

M
ut

i-
V

ie
w

 P
a

rt
 C

om
p

le
tio

n 
N

et
w

or
k 

or

Conditional Multi-View 
Generator 

Re
co

ns
tr

uc
tio

n 
N

et
w

or
k

Grid View Segmentation Map

Completed Parts 3D Parts and Object

+

Figure 2. Overview of PartGen. Our method begins with text, single images, or existing 3D objects to obtain an initial grid view of the
object. This view is then processed by a diffusion-based segmentation network to achieve multi-view consistent part segmentation. Next,
the segmented parts, along with contextual information, are input into a multi-view part completion network to generate a fully completed
view of each part. Finally, a pre-trained reconstruction model generates the 3D parts.

The 2D views I are subsequently passed to a Reconstruc-
tion Model (RM) [40, 79, 95], denoted as Ψ, i.e., a neu-
ral network that reconstructs the 3D object L in both shape
and appearance. The generator Φ is obtained by fine-tuning
an image generation model pre-trained on Internet-scale 2D
data, which is a significant advantage compared to learning
a 3D generator directly, as 3D training data is scarce.

There are many possible choices for the base image gen-
eration and 3D reconstruction models. In the experiments,
we follow AssetGen [79] and obtain Φ by fine-tuning a pre-
trained text-to-image diffusion model with an architecture
similar to Emu [14], an image generator based on latent dif-
fusion using 8 latent dimensions. Details of the fine-tuning
strategy are given in Sec. 4.4 and the sup. mat. For the RM
Ψ, we use LightplaneLRM [5], trained on our dataset.

3.2. Multi-view part segmentation

The first contribution of our paper is a method for decom-
posing a 3D object into its constituent parts. Inspired by
multi-view diffusion approaches, we frame this decompo-
sition problem as a multi-view segmentation task instead of
direct 3D segmentation. Specifically, the goal is to map I
to a collection of 2D masks M1, . . . ,MS ∈ {0, 1}2H×2W ,
one for each visible part of the object. Notably, both the
image I and the masks Mi are multi-view grids.

Addressing 3D object segmentation through the lens of
multi-view diffusion offers several advantages. First, it al-
lows us to repurpose existing multi-view models Φ, which,
as described in Sec. 3.1, are already pre-trained to produce
multi-view consistent generations in the RGB domain. Sec-
ond, it integrates easily with established multi-view frame-
works. Third, decomposing an object into parts is an inher-
ently non-deterministic, ambiguous task as it depends on
the desired granularity, application requirements, and artis-
tic intent. By learning this task with probabilistic diffusion
models, we can capture this ambiguity effectively.

We train the model using a dataset of artist-created 3D
objects (Sec. 3.5), where each object L is annotated with a
possible decomposition into 3D parts, L = (S1, . . . ,SS).
The input to the model is a multi-view image I , and the
output is a set of multi-view part masks M1,M2, . . . ,MS

corresponding to parts S1, . . . ,SS . To fine-tune the multi-
view image generators Φ for this task, we quantize the
RGB space into Q different (and fixed) colors c1, . . . , cQ ∈
[0, 1]3. For each training sample L = (Sk)Sk=1, we assign
colors to the parts, mapping part Sk to color cπk

, where
π is a random permutation on {1, . . . , Q} (we assume that
Q ≥ S). Given this mapping, we render the segmenta-
tion map as a multi-view RGB image C ∈ [0, 1]3×2H×2W

(Fig. 4). Then, we obtain Φseg by fine-tuning Φ to: (1) take
as conditioning the multi-view image I , and (2) generate the
color-coded multi-view segmentation map C, hence sam-
pling C ∼ p(C | Φseg, I).

This approach can produce alternative segmentations by
simply re-running Φseg, which is stochastic. It further ex-
ploits the fact that Φseg is stochastic to discount the specific
‘naming’ or coloring of the parts, which is arbitrary. Nam-
ing is a technical issue in instance segmentation that usually
requires ad-hoc solutions, but here it is implicitly addressed
by the stochastic nature of the model.

To extract the segments at test time, we sample the color-
coded segmentation map C and simply quantize it based on
the reference colors c1, . . . , cQ, discarding parts that con-
tain only a few pixels.

Implementation details. The network Φseg has the same
architecture as the network Φ with some changes to allow
conditioning on the multi-view image I: we encode it into
latent space with the VAE and stack it with the noised latent
as the input to the diffusion network.
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Figure 3. Training data. We obtain a dataset of 3D objects de-
composed into parts from artist-created assets. These come ‘natu-
rally’ segmented into parts according to the artist’s design.

3.3. Contextual part completion

Our method so far has produced a multi-view image I of
the 3D object along with 2D segments M1,M2, . . . ,MS .
What remains is to convert these into full 3D part recon-
structions. Given a mask M , we could submit the masked
image I ⊙M to the RM Ψ to obtain a 3D reconstruction
of the part, i.e., Ŝ = Ψ(I ⊙M). However,some parts can
be heavily occluded by other parts and, in extreme cases,
may be entirely invisible. While we could train the RM to
handle such occlusions, in practice, this approach does not
work well because part completion is inherently a stochastic
problem, whereas the RM is deterministic.

To solve this problem, we repurpose yet again the multi-
view generator Φ, this time to perform part completion. The
latter model is able to generate a full object from text or a
single image, so, properly fine-tuned, it should be able to
hallucinate any missing portion of a part.

Formally, we fine-tune Φ into a completion model Φcomp
which maps the masked multi-view part image I⊙M to the
completed multi-view part image Ĵ ∼ p(Ĵ | Φcomp, I⊙M).
However, we note that sometimes parts are barely visible, so
the masked image I ⊙M provides very little information.
Because we need the generated part to fit well with the other
parts and the whole object, we provide the model with the
unmasked image I for context. Thus, we condition p(Ĵ |
I ⊙M, I,M) on the masked image I ⊙M , the unmasked
image I , and the mask M . The importance of the context I
increases with the extent of the occlusion.

Implementation details. The network architecture resem-
bles that of Sec. 3.2, but extends the conditioning, motivated
by the inpainting setup in [73]. We apply the pre-trained
VAE separately to the masked image I⊙M and the context
image I , yielding 2 × 8 channels, and stack them with the
8D noise image and the unencoded part mask M to obtain
the 25-channel input to the diffusion model.

3.4. Part reconstruction

Given a multi-view part image Ĵ , the final step is to re-
construct the part in 3D. Because the part views are now
complete and consistent, we can simply use the RM to
obtain a predicted reconstruction Ŝ = Ψ(Ĵ) of the part.
We found that the RM does not require fine-tuning to re-
construct object parts, so any good-quality reconstruction
model is likely to work well here.

3.5. Training data

To train the various models, we require a dataset of 3D
objects consisting of multiple parts. We constructed this
dataset from a collection of 140k 3D artist-generated assets,
licensed for AI training from a commercial source. Each as-
set L is stored as a GLTF scene that generally contains sev-
eral watertight meshes (S1, . . . ,SS). These usually corre-
spond to parts as created by the original artists, for instance
for editing convenience. Example objects from the dataset
are shown in Fig. 3.

Multi-view generator data. To train the multi-view gen-
erator models Φ, first of all, we have to render the target
multi-view images I consisting of 4 views of the full ob-
ject. Following Instant3D [40], we rendered shaded colors
I from the 4 views from the orthogonal azimuths and 20◦

elevation and arranged them in a 2 × 2 grid. In the case
of text conditioning, the training data consists of the pairs
{(In, yn)}Nn=1 of multi-view images and their text captions.
Following AssetGen [79], we chose the 10k highest-quality
assets and generated their text captions using a CAP3D-like
pipeline [53] that used the LLAMA3 model [17]. In the
case of image conditioning, we use all 140k models, and the
conditioning yn comes in the form of single renders from a
randomly sampled direction.

Part segmentation and completion data. To train the part
segmentation and completion networks, we need to addi-
tionally render the multi-view part images and their depth
maps. We filter the dataset to avoid having excessively gran-
ular parts that likely lack semantic meaning. To this end, we
first cull the parts that take less than 5% of the object vol-
ume, and then remove the assets that have more than 10
parts or consist of a single monolithic part. This results in
a dataset of 45k objects containing a total of 210k parts.
Given an object L = (Ss)

S
s=1, we render the corresponding

multi-view images (Js)Ss=1 (shown in Fig. 3) and the corre-
sponding depth maps (δs)Ss=1 from the same viewpoints.

The segmentation diffusion network is trained on the
dataset of pairs {(In,Mn)}Nn=1, where the segmentation
map M = [Mk]Sk=1 is a stack of multi-view binary part
masks Mk ∈ {0, 1}2H×2W . Each mask shows the pixels
where the corresponding part is visible in I: Mk

i,j = [k =

argminlδ
l
i,j ], where k, l ∈ {1, . . . , S} and brackets denote

Iverson brackets. The part completion network is trained on



Input SAM2 SAM2-finetune Ours Sample 1 Ours Sample 2 Ours Sample 3SAM2–4 view Part123

Figure 4. Examples of automatic multi-view part segmentations. By running our method several times, we obtain diverse segmentations,
covering the space of artist intents better than alternatives.

Automatic Seeded
Method mAP50↑ mAP75↑ mAP50↑ mAP75↑
Part123 [45] 11.5 7.4 10.3 6.5
SAM2† [72] 20.3 11.8 24.6 13.1
SAM2∗ [72] 37.4 27.0 44.2 30.1
SAM2 [72] 35.3 23.4 41.4 27.4
PartGen (1 sample) 45.2 32.9 44.9 33.5
PartGen (5 samples) 54.2 33.9 51.3 32.9
PartGen (10 samples) 59.3 38.5 53.7 35.4

Table 1. Segmentation results. SAM2∗ is fine-tuned on our data
and SAM2† is fine-tuned for multi-view segmentation.

Ours Sample 1 Ours Sample 2 Ours Sample 3Context Incomplete Part GTMask

Figure 5. Qualitative results of part completion. The images
with blue borders are the inputs. Our algorithm produces various
plausible completions across different runs. Even when given an
empty (i.e., invisible) part, PartGen attempts to generate internal
structures inside the object, such as sand or inner wheels.

the dataset of triplets {(In′ , Jn′ ,Mn′)}N ′

n′=1. All the com-
ponents are produced in the way described above.

4. Experiments
We first individually evaluate the two main components of
our pipeline, namely part segmentation (Sec. 4.1) and part
completion and reconstruction (Sec. 4.2). We then evalu-
ate how well the decomposed reconstruction matches the
original object (Sec. 4.3). For all experiments, we use 100
held-out objects from the dataset described in Sec. 3.5.

4.1. Part Segmentation

Evaluation protocol. We set up two settings for the seg-
mentation task. One is automatic part segmentation, where
the input is the multi-view image I , and the method is re-
quired to output all parts of the object M1, . . . ,MS . The
other is seeded segmentation, where we assume that users
provide a point as an additional input for a specific mask. In
this case, the segmentation algorithm is regarded as a black
box M̂ = A(I) mapping the multi-view image I to a ranked
list of N part segmentations (which can, in general, par-
tially overlap). This ranked list is obtained by scoring can-
didate regions and removing redundant ones — more details
are provided in the sup. mat. We then match these segments
to the ground-truth segments Mk and report mean Average
Precision (mAP). This precision can be low due to the in-
herent ambiguity of the problem: the parts predicted by the
algorithm will not match any particular artist’s choice.

Baselines. We consider the original and fine-tuned
SAM2 [72] as our baselines for multi-view segmentation.
We fine-tune SAM2 in two different ways. First, we
fine-tune SAM2’s mask decoder on our dataset, given the
ground-truth masks and randomly selected seed points for
different views. Second, we concatenate the four orthogo-
nal views in a multi-view image I and fine-tune SAM2 to
predict the multi-view mask M (in this case, the seed point
randomly falls in one of the views). SAM2 produces three



View completion J 3D reconstruction S
Method Compl. Multi-view Context CLIP↑ LPIPS↓ PSNR↑ CLIP↑ LPIPS↓ PSNR↑

Oracle (Ĵ = J) GT — — 1.0 0.0 ∞ 0.957 0.027 18.91

PartGen (Ĵ = B(I ⊙M, I)) ✓ ✓ ✓ 0.974 0.015 21.38 0.936 0.039 17.16
w/o context (Ĵ = B(I ⊙M)) ✓ ✓ ✗ 0.951 0.028 16.80 0.923 0.046 14.83
single view (Ĵv = B(Iv ⊙Mv, Iv)) ✓ ✗ ✓ 0.944 0.031 15.92 0.922 0.051 13.25

None (Ĵ = I ⊙M ) ✗ — — 0.932 0.039 13.24 0.913 0.059 12.32

Table 2. Part completion results. We first evaluate view part completion by computing scores w.r.t. the ground-truth multi-view part
image J . Then, we evaluate 3D part reconstruction by reconstructing each part S and rendering it. See text for details.

Input Example Parts 
(a) 3D Decomposition

Reconstructed 3D Input Example Parts Reconstructed 3D Input Example Parts Reconstructed 3D

Input Example Parts 
(a) Part-Aware Text-to-3D

Generated 3D Input Example Parts Generated 3D Input Example Parts Generated 3D

Input Example Parts 
(b) Part-Aware Image-to-3D

Generated 3D Input Example Parts Generated 3D Input Example Parts Generated 3D

Input Example Parts 
(c) 3D Decomposition

Reconstructed 3D Input Example Parts Reconstructed 3D Input Example Parts Reconstructed 3D

> A chihuahua 
wearing a tutu

> A cat 
wearing a lion 
costume

> A gummy 
bear driving a 
convertible 

image_to_repr_3d_id00017_a_chihuahua_wearing_a_tutu_images_render

Figure 6. Examples of applications. PartGen can effectively generate or reconstruct 3D objects with meaningful and realistic parts in
different scenarios: a) Part-aware text-to-3D generation; b) Part-aware image-to-3D generation; c) 3D decomposition. Some assets, like
the hamburger and the blocks, consist of more than three parts, but we display only three for a more visually balanced arrangement.

regions for each input image and seed point. For automatic
segmentation, we seed SAM2 with a set of query points
spread over the object, obtaining three different regions for
each seed point. For seeded segmentation, we simply return
the regions that SAM2 outputs for the given seed point. We
also provide a comparison with recent work, Part123 [45].

Results. We report the results in Tab. 1. As shown in the
table, mAP results for our method are much higher than oth-
ers, including SAM2 fine-tuned on our data. This is pri-
marily because of the ambiguity of the segmentation task,
which is better captured by our generator-based approach.
We further provide qualitative comparisons in Fig. 4.

4.2. Part completion and reconstruction

We utilize the same test data as in Sec. 4.1, forming tuples
(Sk, I,Mk, Jk) consisting of the 3D object part Sk, the full
multi-view image I , the part mask Mk, and the multi-view

image Jk of the part, as described in Sec. 3.5. We choose
one random part index k per model and omit it from the
notation below for conciseness.

Evaluation protocol. The completion algorithm and its
baselines are treated as a black box Ĵ = B(I ⊙M, I) that
predicts the completed multi-view image Ĵ . We then com-
pare Ĵ to the ground-truth render J using Peak Signal-to-
Noise Ratio (PSNR) of the foreground pixels, Learned Per-
ceptual Image Patch Similarity (LPIPS) [105], and CLIP
similarity [71]. The latter is an important metric since the
completion task is highly ambiguous, which motivates eval-
uating semantic similarity. We also evaluate the quality of
the reconstruction of the predicted completions by compar-
ing the reconstructed object part Ŝ = Ψ(Ĵ) to the ground-
truth part S using the same metrics, but averaged after ren-
dering the part to four random novel viewpoints.



Original “pink cup with 
square bottom”

“Green cup with 
cute logo”

“Yellow cup with a 
smile on it”

Original “Black magic hat” “White hat” “Cowboy hat”

Original “White T-shirt with 
logo”

“Hawaii shirt” “Cloth with colorful 
texture”

Figure 7. 3D part editing. We can edit the appearance and shape
of the 3D objects with text prompt.

Method CLIP↑ LPIPS↓ PSNR↑

PartGen (L̂ =
⋃

k Ψ(Ĵk)) 0.952 0.065 20.33
Unstructured (L̂ = Ψ(I)) 0.955 0.064 20.47

Table 3. Model reassembling results. The quality of 3D recon-
struction of the object as a whole is close to that of the part-based
one, showing that the predicted parts fit together well.

Results. We compare our part completion algorithm (Ĵ =
B(I ⊙ M, I)) to several baselines: using no completion
(Ĵ = I ⊙ M ), omitting the context (Ĵ = B(I ⊙ M)),
and completing single views independently (Ĵv = B(Iv ⊙
Mv, Iv)). The latter two are fine-tuned based on Φ. We also
compare to an oracle (Ĵ = J), that uses complete ground-
truth parts, providing the upper bound on part reconstruc-
tion performance, where the only bottleneck is the RM.

As shown in Tab. 2, our model largely surpasses the
baselines. Both joint multi-view reasoning and contextual
part completion are important for good performance. We
further provide qualitative results in Fig. 5.

4.3. Reassembling parts

Evaluation protocol. Starting from the multi-view image
I of a 3D object L, we run the segmentation algorithm to
obtain segmentation (M̂1, . . . , M̂S), reconstruct each 3D
part as Ŝk = Ψ(Ĵk), and reassemble the 3D object L̂ by
merging the 3D parts {Ŝ1, . . . , ŜN}. Detailed implementa-
tion of part reassembling is included in the sup. mat. We
then compare L̂ =

⋃
k Ψ(Ĵk) to the whole-object recon-

struction L̂ = Ψ(I), i.e. without decomposing the object
into parts, using the same protocol as for our method.

Results. Table 3 shows that our method achieves perfor-
mance comparable to directly reconstructing the objects us-
ing the RM (L̂ = Ψ(I)), with the additional benefit of pro-
ducing the reconstruction structured into parts, which are
useful for downstream applications such as editing.

4.4. Applications

Part-aware text-to-3D generation. First, we apply Part-
Gen to part-aware text-to-3D generation. We train a text-
to-multi-view generator similar to [79], which takes a text
prompt as input and outputs a grid of four views. For il-
lustration, we use the prompts from DreamFusion [67]. As
shown in Fig. 6, PartGen can effectively generate 3D ob-
jects with distinct and completed parts, even in challenging
cases with heavy occlusions, such as the gummy bear. Ad-
ditional examples are provided in the sup. mat.

Part-aware image-to-3D generation. Next, we consider
part-aware image-to-3D generation using images from [24,
94]. Building upon the text-to-multi-view generator, we fur-
ther fine-tune the generator to accept images as input with
a strategy similar to [100]. Further training details are pro-
vided in the sup. mat. Results are shown in Fig. 6, demon-
strating that PartGen is successful in this case too.

Real-world 3D object decomposition. PartGen can also
decompose real-world 3D objects. We demonstrate this
using objects from Google Scanned Objects (GSO) [16].
Given a 3D object from GSO, we render different views to
obtain an image grid and then apply PartGen as described
above. The last row of Fig. 6 shows that PartGen can effec-
tively decompose real-world 3D objects.

3D part editing. Finally, we show that once the 3D parts
are decomposed, they can be further modified individually.
As illustrated in Fig. 7, a variant of our method enables ef-
fective editing of the shape and texture of parts based on tex-
tual prompts. This part-based editing prevents unintended
modifications to other parts of the 3D object. The details of
the 3D editing model are provided in the sup. mat.

5. Conclusion
We have introduced PartGen, an approach to generate 3D
objects as compositions of 3D parts, given as input text,
images, or unstructured 3D objects. PartGen can recon-
struct 3D parts that are minimally or even not visible, utiliz-
ing the guidance of a multi-view diffusion prior. We have
also shown several applications of PartGen, including text-
guided part editing. This is a promising step toward the
generation of 3D assets that are more useful in professional
workflows.
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PartGen: Part-level 3D Generation and Reconstruction
with Multi-View Diffusion Models

Supplementary Material

This supplementary material contains the following
parts:
• Implementation Details. Detailed descriptions of the

network architectures, baselines for part completion,
training and inference settings for all models used in Part-
Gen are provided.

• Additional Experiment Details. We describe the de-
tailed evaluation metrics employed in the experiments and
provide additional experiments.

• Additional Examples. We include more outputs of our
method, showcasing applications with part-aware text-to-
3D, part-aware image-to-3D, real-world 3D decomposi-
tion, and iteratively adding parts.

• Failure Case. We analyse the modes of of failure of Part-
Gen.

• Discussion. We discuss the compatibility of PartGen with
other reconstruction models and potential alignment is-
sues in part reassembling.

• Ethics and Limitation. We provide a discussion on the
ethical considerations of data and usage, as well as the
limitations of our method.

A. Implementation Details
We first provide network architectures and then we pro-
vide details of the training pipeline used in PartGen (Ap-
pendices A.3 to A.6). In addition, we provide the imple-
mentation details for the applications: for part composition
(Appendix A.7) and for part editing (Appendix A.8).

A.1. Network architectures

Diffusion Model. The architecture of the diffusion model
used in the paper is similar to [14], which contains an au-
toencoder to encode images and a U-Net for the denoising
process. Specifically, the autoencoder compresses the im-
ages into 8 channels with a compression ratio of 8. For
more details, please refer to [14].

Reconstruction Model. We use lightplaneLRM [5] as the
reconstruction model with 128 × 128 × 128 voxel grids.
The Splatter and Renderer components both use 3-layer
MLPs with a width of 32. For detailed implementation,
please refer to [5].

A.2. Baseline for part completion

We compare our PartGen (Ĵ = B(I ⊙M, I)) to four base-
lines: (1) directly use the reconstruction model Ψ to recon-
struct the 3D part without completing the multi-view part

image (Ĵ = I ⊙M ); (2) fine-tune Φ to complete the multi-
view part image without given the multi-view image of the
whole object (Ĵ = B(I⊙M)); (3) fine-tune Φ to only com-
plete 4 views one by one (Ĵv = B(Iv ⊙Mv, Iv)); (4) use
the groundtruth completed multi-view part image for 3D re-
construction (Ĵ = J).

A.3. Text-to-multi-view generator

We fine-tune the text-to-multi-view generator starting with
a pre-trained text-to-image diffusion model trained on bil-
lions of image-text pairs that uses an architecture and data
similar to Emu [14]. We change the target image to a grid of
2×2 views as described in Section 3.5 following Instant 3D
[40] via v-prediction [74] loss. The resolution of each view
is 512× 512, resulting in the total size of 1024× 1024. To
avoid the problem of the cluttered background mentioned
in [40], we rescale the noise scheduler to force a zero termi-
nal signal-to-noise ratio (SNR) following [44]. We use the
DDPM scheduler with 1000 steps [25] for training. During
the inference, we use DDIM [80] scheduler with 250 steps.
The model is trained with 64 H100 GPUs with a total batch
size of 512 and a learning rate 10−5 for 10k steps.

A.4. Image-to-multi-view generator

Building on the text-to-multi-view generator, we further
fine-tune the model to accept images as input conditioning
instead of text. The text condition is removed by setting it
to a default null condition (an empty string). We concate-
nate the conditional image to the noised image along the
spatial dimension, following [11]. Additionally, inspired
by IP-adapter [100], we introduce another cross-attention
layer into the diffusion model. The input image is first con-
verted into tokens using CLIP [71], then reprojected into
157 tokens of dimension 1024 using a Perceiver-like archi-
tecture [30]. To train the model, we utilize all 140k 3D
models of our data collection, selecting conditional images
with random elevation and azimuth but fixed camera dis-
tance and field of view. We use the DDPM scheduler with
1000 steps [25], rescaled SNR, and v-prediction for train-
ing. Training is conducted with 64 H100 GPUs, a batch
size of 512, and a learning rate of 10−5 over 15k steps.

A.5. Multi-view segmentation network

To obtain the multi-view segmentation network, we also
fine-tune the pre-trained text-to-multi-view model. The in-
put channels are expanded from 8 to 16 to accommodate
the additional image input, where 8 corresponds to the la-



Input image Generated caption 

Input Target

> A red cylindrical 
cup with a smooth 
matte finish a flat 
bottom 

> A red necktie 
made of smooth 
shiny material

> A dark brown, 
tapered, wooden leg 
with a smooth, glossy 
surface and a pointed 
tip

> A dead tree trunk 
with a rough, brown 
texture and several 
thin, bare branches.

Input image Generated caption 

Figure 8. 3D part editing and captioning examples. The top sec-
tion illustrates training examples for the editing network, where a
mask, a masked image, and text instructions are provided as con-
ditioning to the diffusion network, which fills in the part based on
the given textual input. The bottom section demonstrates the input
for the part captioning pipeline. Here, a red circle and highlights
are used to help the large vision-language model (LVLM) identify
and annotate the specific part.

tent dimension of the VAE used in our network. We cre-
ate segmentation-image pairs as inputs. The training setup
follows a similar recipe to that of the image-to-multi-view
generator, employing a DDPM scheduler, v-prediction, and
rescaled SNR. The network is trained with 64 H100 GPUs,
a batch size of 512, a learning rate of 10−5, for 10k steps.

A.6. Multi-view completion network

The training strategy for the multi-view completion network
mirrors that of the multi-view segmentation network, with
the key difference in the input configuration. The number
of input channels (in latent space) is increased to 25 by in-
cluding the context image, masked image, and binary mask,
where the mask remains a single unencoded channel. Ex-
ample inputs are illustrated in Figure 5 of the main text. The
network is trained with 64 H100 GPUs, a batch size of 512,
a learning rate of 10−5, and for approximately 10k steps.

A.7. Parts assembly

When compositing an object from its parts, we observed
that simply combining the implicit neural fields of parts
reconstructed by the Reconstruction Model (RM) in the
rendering process with their respective spatial locations
achieves satisfactory results.

To describe this formally, we first review the rendering
function of LightplaneLRM [5] that we use as our recon-
struction model. LightplaneLRM employs a generalized

1 3 5 10
k

0.2

0.3

0.4

0.5

0.6

0.7

Re
ca

ll@
k 

(Io
U 

> 
0.

5)

Recall@k (IoU > 0.5) Comparison

ours (1 sample)
ours (5 sample)
ours (10 sample)
SAM2 (finetuned)
SAM2 (original)
SAM2 (4 views)

1 3 5 10
k

0.10

0.15

0.20

0.25

0.30

0.35

0.40

0.45

Re
ca

ll@
k 

(Io
U 

> 
0.

75
)

Recall@k (IoU > 0.75) Comparison

ours (1 sample)
ours (5 sample)
ours (10 sample)
SAM2 (finetuned)
SAM2 (original)
SAM2 (4 views)

Figure 9. Recall curve of different methods. Our method achieve
better performance comparing with SAM2 and its variants.

Emission-Absorption (EA) model for rendering, which cal-
culates transmittance Tij , representing the probability of a
photon emitted at position xij (the jth sampling point in the
ith ray) reaching the sensor. Then the rendered feature (e.g.
color) vi of ray ri is computed as:

vi =

R−1∑
j=1

(Ti,j−1 − Ti,j)fv(xij)

where fv(xij) denotes the feature of the 3D point xij ;
Ti,j = exp(−

∑j
k=0 ∆ · σ(xik)), where ∆ is the distance

between two sampled points and σ(xik) is the opacity at po-
sition xik, Ti,j−1 − Ti,j captures the visibility of the point.

Now we show how we generalise it to rendering N parts.
Given feature functions f1

v , . . . , f
N
v and their opacity func-

tions σ1, · · · , σN , the rendered feature of a specific ray ri
becomes:

vi =

R−1∑
j=1

N∑
h=1

(T̂i,j−1 − T̂i,j)w
h
ij · fh

v (xij).

where wh
ij = σh(xij)/

∑N
l=1 σ

l(xij) is the weight
of the feature fh

v (xij) at xij for part h; T̂i,j =

exp(−
∑j

k=0

∑N
h=1 ∆·σh(xik)), ∆ is the distance between
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> A dachshund 
dressed up in a 
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a pond

Figure 10. More examples. Additional examples illustrate that PartGen can process various modalities and effectively generate or recon-
struct 3D objects with distinct parts.

two sampled points and σh(xik) is the opacity at position
xik for part h, and T̂i,j−1− T̂i,j is the visibility of the point.

A.8. 3D part editing

As shown in the main text and Figure 7, once 3D assets
are generated or reconstructed as a composition of differ-
ent parts through PartGen, specific parts can be edited us-
ing text instructions to achieve 3D part editing. To enable
this, we fine-tune the text-to-multi-view generator using
part multi-view images, masks, and text description pairs.
Example of the training data are shown in Figure 8 (top).

Notably, instead of supplying the mask for the part to be
edited, we provide the mask of the remaining parts. This
design choice encourages the editing network to imagine
the part’s shape without constraining the region where it has
to project. The training recipe is similar to multi-view seg-
mentation network.

To generate captions for different parts, we establish an
annotation pipeline similar to the one used for captioning
the whole object, where captions for various views are first
generated using LLAMA3 and then summarized into a sin-
gle unified caption using LLAMA3 as well. The key chal-



…

…

…

…

Composed ObjectInput 1 Part 2 Parts 3 Parts

> A chihuahua 
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Figure 11. Iteratively adding parts. We show that users can iteratively add parts and combine the results of PartGen pipeline.

lenge in this variant is that some parts are difficult to identify
without knowing the context information of the object. We
thus employ the technique inspired by [78]. Specifically, we
use red annulet and alpha blending to emphasize the part be-
ing annotated. Example inputs and generated captions are
shown in Figure 8 (bottom). The network is trained with 64
H100 GPUs, a batch size of 512, and the learning rate of
10−5 over 10,000 steps.

B. Additional Experiment Details

We provide a detailed explanation of the ranking rules ap-
plied to different methods and the formal definition of mean
average precision (mAP) used in our evaluation protocol.
Additionally, we report the recall at K in the automatic seg-
mentation setting.

Ranking the parts. For evaluation using mAP and recall at
K, it is necessary to rank the part proposal. For our method,
we run the segmentation network several times and concate-
nate the results into an initial set P of segment proposals.
Then, we assign to each segment M̂ ∈ P a reliability score
based on how frequently it overlaps with similar segments
in the list, i.e.,

s(M̂) =

∣∣∣∣{M̂ ′ ∈ P : m(M̂ ′, M̂) >
1

2

}∣∣∣∣

where the Intersection over Union (IoU) [39] metric is given
by:

m(M̂,M) = IoU(M̂,M) =
|M̂ ∩M |+ ϵ

|M̂ ∪M |+ ϵ
.

The constant ϵ = 10−4 smooths the metric when both re-
gions are empty, in which case m(ϕ, ϕ) = 1, and will be
useful later.

Finally, we sort the regions M by decreasing score s(M)
and, scanning the list from high to low, we incrementally
remove duplicates down the list if they overlap by more
than 1/2 with the regions selected so far. The final result
is a ranked list of multi-view masksM = (M̂1, . . . , M̂N )
where N ≤ |P| and:

∀i < j : s(M̂i) ≥ s(M̂j) ∧ m(M̂i, M̂j) <
1

2
.

Other algorithms like SAM2 come with their own region
reliability metric s, which we use for sorting. We otherwise
apply non-maxima suppression to their ranked regions in
the same way as ours.

Computing mAP. The image I comes from an object L
with parts (S1, . . . ,SS) from which we obtain the ground-
truth part masks S = (M1, . . . ,MS) as explained in Sec-
tion 3.5 in the main text. We assign ground-truth segments



(a) Grid view generation failure

Input Generated Grid View Reconstructed 3D

> An orangutan 
using chopsticks to 

eat ramen

> a group of squirrels 
rowing crew

(b) Segmentation Failure

(C) Reconstruction Model Failure

Input Segmentation Map Reconstructed 3D

Input Reconstructed 3D Depth map

Figure 12. Failure Cases. (a) Multi-view grid generation failure,
where the generated views lack 3D consistency. (b) Segmentation
failure, where semantically distinct parts are incorrectly grouped
together. (c) Reconstruction model failure, where the complex ge-
ometry of the input leads to inaccuracies in the depth map.

to candidates following the procedure: we go through the
list M = (M̂1, . . . , M̂N ) and match the candidates one
by one to the ground truth segment with the highest IOU,
exclude that ground-truth segment, and continue travers-
ing the candidate list. We measure the degree of overlap
between a predicted segment and a ground truth segment
as m(M̂,M) ∈ [0, 1]. Given this metric, we then report

the mean Average Precision (mAP) metric at different IoU
thresholds τ . Recall that, based on this definition, comput-
ing the AP curve for a sample involves matching predicted
segments to ground truth segments in ranking order, ensur-
ing that each ground truth segment is matched only once,
and considering any unmatched ground truth segments.

In more detail, we start by scanning the list of segments
M̂k in order k = 1, 2, . . . . Each time, we compare M̂k to
the ground truth segments S and define:

s∗ = argmax
s=1,...,S

m(M̂k,Ms).

If m(M̂k,Ms∗) ≥ τ, then we label the region Ms as re-
trieved by setting yk = 1 and removing Ms from the list of
ground truth segments not yet recalled by setting

S ← S \ {Ms∗}.

Otherwise, if m(M̂k,Ms∗) < τ or if S is empty, we set
yk = 0. We repeat this process for all k, which results in
labels (y1, . . . , yN ) ∈ {0, 1}N . We then set the average
precision (AP) at τ to be:

AP(M,S; τ) = 1

S

N∑
k=1

k∑
i=1

yiyk
k

.

Note that this quantity is at most 1 because by construction∑N
i=1 yi ≤ S as we cannot match more proposal than there

are ground truth regions. mAP is defined as the average of
the AP over all test samples.

Computing recall at K. For a given sample, we define re-
call at K the curve

R(K;M,S, τ) = 1

S

S∑
s=1

χ

(
max

k=1,...,K
m(M̂s,Mk) > τ

)
.

Hence, this is simply the fraction of ground truth segments
recovered by looking up to position K in the ranked list
of predicted segments. The results in Figure 9 demonstrate
that our diffusion-based method outperforms SAM2 and its
variants by a large margin and shows consistent improve-
ment as the number of samples increases.

Seeded part segmentation. To evaluate seeded part seg-
mentation, the assessment proceeds as before, except that
a single ground truth part S and mask M is considered at
a time, and the corresponding seed point u ∈ M is passed
to the algorithm (M̂1, . . . , M̂K) = A(I, u). Note that, be-
cause the problem is still ambiguous, it makes sense for the
algorithm to still produce a ranked list of possible part seg-
ments.

C. Additional Examples
More application examples. We provide additional appli-
cation examples in Figure 10, showcasing the versatility of



our approach to varying input types. These include part-
aware text-to-3D generation, where textual prompts guide
the synthesis of 3D models with semantically distinct parts;
part-aware image-to-3D generation, which reconstructs 3D
objects from a single image while maintaining detailed
part-level decomposition; and real-world 3D decomposi-
tion, where complex real-world objects are segmented into
different parts. These examples demonstrate the broad ap-
plicability and robustness of PartGen in handling diverse
inputs and scenarios.

Iteratively adding parts. As shown in Figure 11, we
demonstrate the capability of our approach to compose a 3D
object by iteratively adding individual parts to it. Starting
with different inputs, users can seamlessly integrate addi-
tional parts step by step, maintaining consistency and co-
herence in the resulting 3D model. This process highlights
the flexibility and modularity of our method, enabling fine-
grained control over the composition of complex objects
while preserving the semantic and structural integrity of the
composition.

D. Failure Cases
As outlined in the method section, PartGen incorporates
several steps, including multi-view grid generation, multi-
view segmentation, multi-view part completion, and 3D
part reconstruction. Failures at different stages will result
in specific issues. For instance, as shown in Figure 12(a),
failures in grid view generation can cause inconsistencies
in 3D reconstruction, such as misrepresentations of the
orangutan’s hands or the squirrel’s oars. The segmenta-
tion method can sometimes group distinct parts together,
and limited, in our implementation, to objects containing
no more than 10 parts, otherwise it merges different build-
ing blocks into a single part. Furthermore, highly complex
input structures, such as dense grass and leaves, can lead to
poor reconstruction outcomes, particularly in terms of depth
quality, as illustrated in Figure 12(c).

E. Discussion
Compatibility with other reconstruction models. As
claimed in the main text, our pipeline is designed to be
compatible with various reconstruction models. In the cur-
rent implementation, the multi-view diffusion models out-
put four views at a fixed elevation (20◦) and distinct az-
imuth angles (0◦, 90◦, 180◦, 270◦) and later the 3D parts
and assets are reconstructed by lightplaneLRM. While
other reconstruction methods may require fine-tuning to
achieve optimal performance in this exact configuration, we
demonstrate empirically (as shown in Figure 13) that even
some open-source models [84, 94, 95] perform effectively
for part-level reconstruction tasks without additional fine-
tuning, and even when parts exhibit offsets from the center.

InstantMesh LightplaneLRMGRM LGM Uncompleted part Completed partInput 

Figure 13. Part reconstruction with different reconstruction
models. Results show that our pipeline is compatible with other
reconstruction models without further fine-tuning.

Inter-part crossover and alignment. Results in Table 3
in the main text suggest that our current method inherently
promotes effective part combinations because each part is
reconstructed considering contextual information from the
full object. Detailed assembly procedures supporting this
claim are provided in Appendix A.7. Nevertheless, we ac-
knowledge room for improvement. Enhanced part align-
ment and reduced crossover could potentially be achieved
by training a Lightplane Reconstruction Model (LRM) to
jointly reconstruct multiple parts simultaneously, leverag-
ing multi-view inputs for all parts to generate interdepen-
dent 3D reconstructions. Additionally, jointly completing
parts with 2D diffusion models is another promising ap-
proach currently under investigation. We expect these ad-
vancements will further refine the capabilities and insights
of 3DGen.

F. Ethics and Limitation
Ethics. Our models are trained on datasets derived from
artist-created 3D assets. These datasets may contain bi-
ases that could propagate into the outputs, potentially re-
sulting in culturally insensitive or inappropriate content. To
mitigate this, we strongly encourage users to implement
safeguards and adhere to ethical guidelines when deploying
PartGen in real-world applications.

Limitation. In this work, we focus primarily on object-
level generation, leveraging artist-created 3D assets as our
training dataset. However, this approach is heavily depen-
dent on the quality and diversity of the dataset. Extending
the method to scene-level generation and reconstruction is a
promising direction but it will require further research and
exploration.
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