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Figure 1: AutoPartGen can be applied, by itself or in combination with other models, to the
generation of compositional 3D objects, scenes and cities starting from 3D models, images or text.

Abstract
We introduce AutoPartGen, a model that generates objects composed of 3D parts
in an autoregressive manner. This model can take as input an image of an object, 2D
masks of the object’s parts, or an existing 3D object, and generate a corresponding
compositional 3D reconstruction. Our approach builds upon 3DShape2VecSet,
a recent latent 3D representation with powerful geometric expressiveness. We
observe that this latent space exhibits strong compositional properties, making it
particularly well-suited for part-based generation tasks. Specifically, AutoPartGen
generates object parts autoregressively, predicting one part at a time while condi-
tioning on previously generated parts and additional inputs, such as 2D images,
masks, or 3D objects. This process continues until the model decides that all
parts have been generated, thus determining automatically the type and number
of parts. The resulting parts can be seamlessly assembled into coherent objects
or scenes without requiring additional optimization. We evaluate both the overall
3D generation capabilities and the part-level generation quality of AutoPartGen,
demonstrating that it achieves state-of-the-art performance in 3D part generation.
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1 Introduction

Processing 3D objects, including generating them based on a textual description or an image, is an
important aspect of Spatial Intelligence. Current 3D generators often treat objects or even entire
scenes as monolithic shells. However, many applications require modeling their compositional
structure, decomposing them into well-defined 3D parts to enable reasoning or manipulation at a
finer granularity, such as applying textures and materials to each part separately. More specifically, a
character in a video game should be decomposable into different parts to support animation or allow
the game software to swap clothes or accessories. Windows and doors in the 3D model of a house
need to be separate entities to allow user interaction, such as opening or closing them. Similarly, the
design of a machine must consist of distinct parts to be functional (e.g., the cogs in a clock) or to
enable 3D printing or other kinds of CNC manufacturing.

In this paper, we address the problem of generating 3D objects with a compositional structure. We
introduce AutoPartGen, a new autoregressive model that can directly generate a 3D object part by
part, building on a powerful latent 3D representation. AutoPartGen is robust, flexible, and scalable.
As shown in Fig. 1, AutoPartGen can be applied, either independently or in combination with other
models, to generate compositional 3D objects, scenes, or even cities, starting from 3D models,
images, or text prompts. AutoPartGen solves three key problems to enable such applications: (i)
object-to-parts, where it decomposes an existing 3D object into meaningful parts; (ii) image-to-parts,
where the model generates 3D parts from an unstructured input image; and (iii) masks-to-parts, where
users can provide 2D part masks to guide the generation. In the first two scenarios, AutoPartGen
automatically predicts semantically meaningful 3D parts without requiring part annotations. In the
third scenario, user-provided masks offer fine-grained control over the model partitioning.

Our autoregressive approach has two key benefits. First, it models the joint distribution over the
object parts, ensuring that they fit together cohesively. Second, it enables the model to generate a
variable number of parts, which is crucial since the number of parts is not fixed or known a priori.

We build AutoPartGen on recent advances in latent 3D representations and parameterize the 3D
surface x � R3 of the object using a latent vector z 2 RM�d, where M is the latent length and
d is the latent dimension. We use the 3DShape2VecSet representation [65, 31, 66] and observe,
for the first time, that this representation is inherently compositional. Specifically, we show that
the concatenation z = z(1) � z(2) 2 R2M�d of two codes z(1) and z(2) decodes into the union
x = x(1) [ x(2) of the corresponding surfaces x(1) and x(2).

Based on this insight, we propose generating a sequence of latent codes z(1); : : : ;z(K), each decoding
into a corresponding 3D part x(k). Crucially, the generation of each part is conditioned on an
overall latent representation of the target 3D object x as well as on all previously generated parts
x(1); : : : ;x(k�1). This conditioning improves the consistency of the generated parts, meaning that
they better fit each other compared to the output of the methods that extract parts independently [5, 60].

As noted in [5], object decomposition is an ambiguous problem. For example, a chair might be
decomposed into few high-level parts (e.g., seat, back, legs) or a more granular set of components (e.g.,
individual leg segments, cushion, backrest slats). This choice typically depends on the application
or the preferences of the 3D artist creating the asset. We address this ambiguity by making the 3D
autoregressive model stochastic, using denoising diffusion to generate the next part vector z(k) based
on the previously generated parts z(1); : : : ;z(k�1) and the available evidence (i.e., the full 3D object,
an image of the object, or 2D part masks, depending on the application). Importantly, we train a
single diffusion model capable of handling all three cases.

We evaluate AutoPartGen against state-of-the-art part-aware 3D generators. Compared to the recent
PartGen [5], AutoPartGen is easier to implement and maintain (as it does not require training
several multi-view image generators) and more accurate. Compared to HoloPart [60], a method that
completes a pre-segmented outer surface of a mesh to form 3D parts, AutoPartGen is more accurate
and significantly more capable, as it can automatically discover parts and reconstruct them from either
a 2D image or a “shell” 3D object, optionally guided by 2D masks, not requiring any 3D annotation.
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2 Related Work

Generating a 3D object from a single image, or even just text, faces an obvious challenge: the 3D
object contains signi�cantly more information than the image or the text. This is similar to the
problem of generating images or videos from text, and it is solved by learning a prior, or conditional
distribution, from billions of data samples. However, data of this size is unavailable for 3D objects.
Authors address this problem by involving 2D image or video generators in the 3D generation process.
We distinguish two main camps: multi-view direct and single-view latent 3D generation.

Multi-view 3D Generation. In multi-view 3D generation, one asks the image generator to do
most of the lifting, generating several views of the 3D objects, and thus simplifying extracting a
3D object from them. First, this was done using Score Distillation Sampling (SDS) [42], an idea
explored extensively in follow-ups like GET3D [13], Proli�cDreamer [54], DreamGaussian [51],
Lucid Dreamer [9] which seek to achieve multi-view consistency via iterative (and slow) optimization
of a radiance �eld (NeRF [44] or 3DGS [24]). A signi�cant innovation, pioneered by UpFusion [23],
3DiM [55], Zero-1-to-3 [36] and MVDream [45], was to �ne-tune the image generator to directly
produce multiple consistent views of the object. By making the image generator more 3D aware, 3D
reconstruction becomes simpler, as noted in InstantMesh [57], GRM [58], and others [56, 50].

Single-view Latent 3D Generation.The alternative approach is to start from a single image of
the object and directly reconstruct the 3D object from it. Because single-view reconstruction is
extremely ambiguous, this requires to learn a reconstruction function. This was the path taken, for
example, by LRM [19] and others [17, 48]. However, their deterministic reconstruction model cannot
cope well with this ambiguity and often produces blurry outputs. Much better results were recently
obtained by switching to stochastic 3D reconstruction based onlatentdiffusion. Some of the best
single-image 3D reconstructors are based on the 3DShape2VecSet [65] latent representation (also
similar to Michelangelo's [67]). Building on it, CLAY [66], DreamCraft3D [47], CraftsMan [30],
TripoSG [31], and others [10, 59, 63] are able to generate highly detailed and accurate 3D shapes. We
build on this representation as well and show that it also supports compositionality very effectively.

Composable 3D Generation.Approaches to composable 3D generation typically start by decompos-
ing objects into constituent parts. One common strategy represents objects as mixtures of primitives,
often without semantic labels. For instance, SIF [16] models object occupancy using mixtures
of 3D Gaussians. LDIF [15] represents shapes as a set of local deep implicit functions (DIFs),
spatially arranged and blended using a template of Gaussian primitives. Methods such as Neural
Template [21] and SPAGHETTI [1] achieve decompositions through auto-decoding. SALAD [29]
utilizes SPAGHETTI for diffusion-based generation. PartNeRF [52] expands this concept by employ-
ing mixtures of NeRFs. NeuForm [32] and DifFacto [39] speci�cally target part-level controllability.
DBW [38] uses textured superquadrics to decompose scenes. In contrast, another research direction
emphasizes explicitly semantic parts. PartSLIP [35] and PartSLIP++ [71] segment objects into seman-
tic components from point clouds using vision-language models. Part123 [34] adapts techniques from
scene-level approaches like Contrastive Lift [2] to reconstruct object parts. PartSDF [49] learns latent
codes for parts using an auto-decoder and then uses SALAD for part prediction. Comboverse [8]
leverages single-view inpainting model and 3D generator for composable 3D generation with spatial-
aware SDS optimization. Deep Prior Assembly [69] reconstructs 3D scenes from a single image in a
zero-shot manner by assembling large models. MIDI [20] extend pre-trained image-to-3D genera-
tor to multi-instance generator through costly global attention. CAST [62] reconstructs physically
consistent 3D scenes from a single RGB image using occlusion-aware diffusion and GPT-guided
physics correction. HoloPart [60], a recent work, starts from the shell of a 3D object and a part-level
segmentation for it and performs 3D amodal part completion.

The work most related to ours is PartGen [5]. This squarely sits on the `multi-view direct' camp (see
above). It uses multi-view diffusion models for segmentation and completion of compositional 3D
objects from diverse modalities.

3D Segmentation.3D parts can be obtained by segmenting a 3D object (although the resulting
parts will generally be incomplete). Some approaches for semantic 3D segmentation such as [68, 28,
53, 25, 2] used neural �elds to `fuse' 2D semantic features in 3D. Contrastive Lift [2] introduced
a slow-fast contrastive clustering scheme for 3D instance segmentation. Recent methods such
as [26, 64, 43, 3] integrate SAM [27] and often CLIP to model multi-scale concepts, where LangSplat
explicitly encodes scale information and N2F2 learns to bind concepts to scales automatically. Neural
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Figure 2:AutoPartGen generates parts autoregressively.At each step, a 3D latent diffusion model
generate the next part, conditioned on the previously generated partsz (1 ;:::;k ) , the overall object~z,
and, optionally, an imageI of the object and an imageJ (k ) of the part. The latent representation uses
3DShape2VecSet and the diffusion model is a DiT.

Part Priors [4] used learned priors for test-time decomposition. Additionally, efforts to develop 3D
`foundation' models [70, 7] are enabling zero-shot point cloud segmentation across diverse domains.

3 Method

Let x � R3 be a3D objectgiven by a surface embedded inR3. We assume that the object is
compositional, meaning that it can be expressed as the unionx =

S K
k=1 x (k ) of K disjoint parts

x (1) ; : : : ; x (K ) , each of which is also a surface. Concretely,x is usually a 3D mesh created by an
artist, andx (k ) are the components of the mesh that the artist has manually de�ned when creating the
mesh. These parts are thus de�ned to facilitate editing of the 3D object or for functional purposes, such
as animation. Generally, the same 3D object can have different and equally valid part decompositions.

Our aim is to learn to generate 3D objectsx and their part decompositionsx (1) ; : : : ; x (K ) . We
consider three different scenarios. In the �rst scenario (object-to-parts), we are given the 3D objectx ,
and the goal is to sample a possible decomposition of this object into parts. Furthermore, we may
potentially have an object̂x which is incomplete with respect to its constituent parts — a case that
may arise ifx is acquired by a 3D scanner that cannot lookinsidethe object or synthesized by a
generator that is not aware of the internal structure of the object, as exempli�ed by [60]. In this case,
therefore, the goal is to alsocompletethe parts, thus recovering the complete objectx as a byproduct.

In the second scenario (image-to-parts), the starting point is an imageI : 
 ! R3 of the object,
where
 � R2 is the (�nite) image domain. Inferring the objectx from a single image is also known
as theimage-to-3Dproblem. Here, the task is to also infer its part decompositionx (1) ; : : : ; x (K ) .

In the third scenario (masks-to-parts), we are given, in addition to the imageI , K 2D partmasks
M (k ) : 
 ! f 0; 1g that indicate the pixels in the imageI that belong to each partx (k ) . These masks
can be de�ned manually or, more likely, automatically, utilizing a 2D segmentation model. The
problem is the same as before, but the 3D parts must match the prescribed masks.

In all these cases, recovering the parts (or the object) isambiguous. These problems
are thus stochastic and are solved by learning suitable conditional probability distribu-
tions: p(x (1) ; : : : ; x (K ) j x ) (object-to-parts),p(x (1) ; : : : ; x (K ) j I ) (image-to-parts), and
p(x (1) ; : : : ; x (K ) j I; M (1) ; : : : ; M (K ) ) (masks-to-parts). We develop a single model that can
handle all three cases.
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3.1 Latent 3D shape space

Directly de�ning, modeling, and learning a distribution on 3D surfaces is dif�cult. We thus introduce
a latent space, providing a �nite-dimensional parametrization of the surfaces.

We utilize theVecSetrepresentation developed by [65]. This representation is based on learn-
ing an encoder-decoder pair(E; D ). The encoderE takes a collection ofN object points
P = f p1; : : : ; pN g = sampleN x and maps them to a latent vectorz = E(P). HeresampleN is a
function that samplesN random points from the surface of the objectx , so thatP � x . The decoder
takes the latent vectorz and a query 3D pointp 2 R3 and evaluates thesigned distance function
(SDF) atp asSDF(pjx ) = D(pjz). The encoder-decoder pair is thus `translational', in the sense
that it translates one type of representation of the object (the point cloudP) into another (the signed
distance functionSDF(�jx )).1

In more detail, the encoderE compresses the point cloudP into a sequencez = ( z1; : : : ; zM ) of M
tokenszi 2 RD . TheM � N tokens are obtained by �rst subsampling the point cloudP into a much
smaller set of points~P = f p1; : : : ; pM g = sampleM P � P and then by applying a transformer
neural network to the points in~P to outputz. The transformer also attends to the large number of
points inP ef�ciently via cross-attention. The network is designed to bepermutation equivariant,
meaning that the order of the points and tokens is immaterial, explaining the moniker `VecSet'. The
decoderD takes a pointp 2 R3 and the tokensz and outputs the value of the signed distance function
SDF(pjx ), also utilizing a transformer neural network in the form of a Perceiver [22].

Figure 3: Compositionality of the VecSet
space.Concatenation of two latents will re-
sult in a spatial combined mesh.

The intuition behind this representation is that each
token vectorzi encodes a local region of the surface
centered at the pointpi . However, the transformer
allows tokens to communicate globally, which makes
this interpretation somewhat loose. Empirically, we
have discovered that locality, or at least composition-
ality, is well supported by the representation. As we
show in Fig. 3, the tokens can be concatenated to
form a new latent vectorz = z (1) � z (2) that de-
codes into a new surfacex = x (1) [ x (2) that is a
good approximation of the union of the two parts,
without any retraining.

3.2 Latent 3D diffusion

Having established the latent representationz for the shapes, the next task is to learn a model that
can sample a shape given some evidencey, from a conditional probability distributionp(z j y) (for
example,y could be the imageI of the object). This utilizes (latent) diffusion. In brief, we de�ne a
sequence of progressively more noised versions of the latent vectorz asz t =

p
� t z +

p
1 � � t �;

where� � N (0; I ) is a Gaussian noise vector and� t , t = 0 ; 1; : : : ; T is a schedule of noise levels.
Following [46, 14], we introduce the�ow velocity v(t; z t ; � ) = ( z t �

p
� t � )=

p
1 � � t : The diffusion

modelv̂ (t; z t ; � ) is trained to predict the �ow velocitŷv(t; z t j y) given only the latent vectorz t and
the conditiony, minimizing the lossL (v̂ ) = E (y; z ) ;t;� kv̂(t; z t j y) � v(t; z t ; � )k2 averaged over a
training set of evidence-latent vector pairs(y; z), a random time stept and noise� .

3.3 Autoregressive 3D part generation

The model described in Section 3.1 generates the entire 3D objectx (or, more precisely, its latent
representationz) as a whole. Here, we consider the problem of generating the object parts instead.
Our goal is to learn asingle modelthat can handle all three part generation scenarios: object-to-part,

1For this to work, a few technical assumptions are required. We assumex to be the �nite disjoint union of
closed regular surfaces smoothly embedded inR3 without self-intersections. This makes the surfaces orientable;
then, the surfaces splitR3 into disjoint regions alternating between the outside and inside of the object. In this
way, the signed distance function is well de�ned. The partsx ( k ) are de�ned in the same way, and in fact, they
are formed by the union of one or more of the closed surfaces that comprisex , so that a signed distance function
is de�ned for each part too.
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Table 1:3D part completion. Reconstruction quality of the parts and whole object.� reproduced.

Method 3D Mask Parts Whole Object

IoU " F-Score" CD# IoU " F-Score" CD#

HoloPart� [60] 3 0.658 0.836 0.065 0.821 0.945 0.018
PartGen [5] 7 0.614 0.812 0.121 0.779 0.921 0.033
AutoPartGen 7 0.665 0.861 0.047 0.832 0.967 0.012

image-to-part, and masks-to-part, depending on the inputsy provided. An overview of the pipeline is
shown in Figure 2.

To generate an undetermined number of partsK , we consider an autoregressive approach, where
a single partx (k ) is generated each time, based on what was generated before. The model can
thus be described as a conditional distributionp(z (k ) j y; z (1) ; : : : ; z (k � 1) ) wherez (k ) is the latent
representation of thek-th part and the inputy collects the additional evidence available to the model.

The nature of this evidence depends on the reconstruction scenario. In the object-to-part scenario,
y is simply the 3D objectx . In the image-to-part scenario,y is the imageI of the object. In the
masks-to-part scenario,y is the imageI as well as the masked imageJ (k ) = M (k ) � I , denoting
which parts should be generated next.

Knowledge of the previously generated partsz (1) ; : : : ; z (k � 1) is essential as this allows the model to
ensure that the next part �ts together well with the previously generated ones. Furthermore, in all
cases we consider, the evidencey also provides some evidence on the overall shape of the object.
As suggested in Fig. 3, we can represent the union of parts by simply concatenating their latent
representations. However, for compactness, we found it useful to fuse their codes into one, which we
obtain as:z (1 ;:::;k � 1) = E

�
[ k � 1

j =1 sampleN D(� j z ( j ) )
�
, wheresampleN is a function that samples

N points from the surface of the object de�ned by the zero level set of the SDF functionD(�jz (k ) ),
we call this strategy re-encoding.

We found it optional but useful to pin down the overall object by adding to the evidencey a code~z
for the object as a whole, which is either given outright (object-to-part,~z = E(sampleN x̂ )) or can
be obtained by the model itself (image-to-part and masks-to-part,~z � p(z j I )) by directly providing
an unmasked image to our mode.

With all this, we learn a conditional generator model

z (k ) � p(z (k ) j~z; z (1 ;:::;k � 1) ; y); (1)

wherey = � for the object-to-part scenario,y = I for the image-to-part scenario, andy = ( I; M (k ) )
for the masks-to-part scenario. The generation process stops when all the input masks have been
processed, if available, or when the model outputs a prede�ned special[EoT] token, representing
empty shape. In practice, we represent the[EoT] token using latents whose values are all zeros.

Based on Section 3.2, learning the distribution Eq. (1) amounts to learning a velocity �eldv̂ (t; z t j
~z; z (1 ;:::;k � 1) ; y): During inference, we useclassi�er-free guidance(CFG) [18] to modulate the
strength of the conditioning. In the most general case, the model is conditioned by the overall (partial)
object~z, the previously generated partsz (1 ;:::;k � 1) , and a masked image pairy = ( I; J (k ) ). We
modulate the importance of the geometric and visual conditioning as follows:

v̂ CFG(t; z t j ~z ; z (1 ;:::;k � 1) ; y) = wimg

�
v̂ (t; z t j ~z ; z (1 ;:::;k � 1) ; I; J ( k ) ) � v̂ (t; z t j ~z ; z (1 ;:::;k � 1) )

�

+ wgeom

�
v̂ (t; z t j ~z ; z (1 ;:::;k � 1) ) � v̂ (t; z t ; ; )

�
+ v̂ (t; z t ; ; ); (2)

wherewimg andwgeommodulate, respectively, image and geometry conditioning. The different inputs
are implemented by �rst encoding into tokens, which are then cross-attended by a transformer neural
network computing the �ow velocity. Hence, to suppress an input we simply replace it with dummy
tokens. In the same way, we randomly drop some input at training time to allow the model to learn to
use any required subset of the inputs.

Discussion Here, we contrast our model to prior works and justify its design. The most straight-
forward approach to part generation is to sample each partx (k ) independently from a `marginal'
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Figure 4:Image-to-parts scenario.Given an input image, AutoPartGen recovers a compositional
3D object made up of several meaningful and complete parts.

distributionp(x (k ) ). However, this model lacks a mechanism to tie the parts together and would
result in a soup of random, uncoordinated parts. The simplest such mechanism is to provide evidence
y for the overall shape of the 3D object. For instance, in the image-to-3D case,y = I could be a 2D
image of the object, and we may sample parts from the conditional distributionp(x (k ) j I ). While I
constrains the shape and position of the possible parts, these are still quite ambiguous. This explains
why PartGen [5] conditions part generation on a multi-view imagey = I MV of the 3D objectx , and
HoloPart [60] starts from a (partial) 3D reconstructiony = x̂ of the object itself.

Even then, the reconstruction contexty is likely insuf�cient because there is no indication ofwhich
part should be reconstructed next. We could sample the parts in a random order, but this would not
be very ef�cient. Furthermore, because the part decomposition is not unique, we would still need to
extract a coherent subset of parts from the `part soup' so obtained.

Prior works address this issue by explicitly telling the 3D reconstruction model which part to extract
next. PartGen does so by providing a multi-view imageJMV of the part, and HoloPart by providing
a 3D maskM 3D of the part, de�ning distributionsp(x (k ) j I MV ; JMV ) and p(x (k ) j x̂ ; M 3D),
respectively. Hence, the problem of generating a coherent collection of parts is of�oaded to a
mechanism external to the 3D reconstructor. On the contrary, our 3D generator/reconstructor makes
this determination by itself, operating autoregressively, one part at a time, without additional models.

4 Experiments

We �rst give the implementation details of AutoPartGen, including network architectures, training
procedures, and datasets. We then demonstrate its performance under various conditions, highlighting
its versatility for different applications. Next, we compare our approach with state-of-the-art 3D
completion methods and provide ablation studies to analyze key design choices. Finally, we showcase
several applications of AutoPartGen.

4.1 Implementation Details

Architecture. Our architecture builds upon the 3DShape2VecSet [65] framework, with some mod-
i�cations. Speci�cally, we increase the input points of the VAE encoder to 32K, and utilize both
point coordinates and normals as input features to better capture �ne-grained geometric details.
The diffusion model is implemented as a DiT [41] with a width of 2048 and 24 layers. For image-
conditioned generation, we use DINOv2 [40] to encode the input imageI and part-masked images
J (k ) = I � M (k ) independently. The resulting features are concatenated along the channel dimension
and passed through a small MLP to match the diffusion transformer input. We provide more details
in the supplementary material.

Training. We use the AdamW optimizer with a learning rate of 1e-4 and train the model for 500K
iterations on 256 NVIDIA H100 GPUs. Training the full model takes approximately 4 days. More
details on hyperparameters and data preprocessing are provided in the supplementary material. During
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Figure 5:Object-to-parts scenario. Given an input 3D object, AutoPartGen regenerates it as a
composition of meaningful and complete 3D parts.

Figure 6:Masks-to-parts scenario. AutoPartGen reconstructs a compositional 3D object guided by
user-provided 2D part masks. Varying these masks yields different decompositions, potentially at
different levels of granularity.

training, we randomly drop the image condition, the geometry condition, or both with probabilities
of 0.05 each. For CFG, we usewimg = 7 andwgeom = 4 as the default setting.

Training Data. Our training data pipeline draws inspiration from PartGen [5], but is substantially
scaled to encompass approximately 300K assets and 2M individual parts. We start with a collection of
1.8M 3D assets, all licensed that permit AI training. Each asset is stored in glTF/GLB formats, which
contains multiple meshes in it and embeds a hierarchical structure. To manage complexity, if an
asset contains more than a prede�ned maximum of 15 meshes, we iteratively merge meshes from the
bottom up, until the mesh count is within this limit. To prepare for training VAE and diffusion models,
we compute a truncated signed distance for each part in a normalized space and also render different
views for image-conditioned cases. More details are included in the supplementary materials.

4.2 Object, Image and Masks to 3D Parts Generation

We test AutoPartGen with different types of inputs to demonstrate its versatility. Speci�cally, we
consider: (1) image-to-parts generation from a single input image, where the images are generated by
text-to-image (2D) generators; (2) object-to-parts decomposition from a full 3D mesh, with meshes
sourced from Google Scanned Objects [11]; and (3) masks-to-parts generation with user-provided
2D part masks, where the masks are taken from PartObjaverse-Tiny [61]. Figures 4 to 6 qualitatively
demonstrates that AutoPartGen produces accurate and consistent 3D parts across all these input types.

4.3 Comparison to the State-of-the-Art

Evaluation Protocol. We use PartObjaverse-Tiny [61] for evaluation, �ltering out very small parts
following the protocol of [60]. This dataset comprises objects from diverse categories with manually
annotated 3D part segmentations. We use standard metrics to assess the quality of the reconstructed
geometry: Intersection-over-Union (IoU), Chamfer Distance (CD), and F-score. IoU is calculated
on643 voxel grids, and the F-score adopts a distance threshold of0:02. We report the quality of the
reconstruction of individual parts and of the overall object after merging them.

Results. We compare AutoPartGen to two recent methods: PartGen [5] and HoloPart [60]. We focus
on mask-controlled part generation. Recall that HoloPart takes as input the overall partial 3D object
and 3D part segmentations and outputs the complete parts. We adapt both PartGen and AutoPartGen
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