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Fig. 1. Given an object mesh, SAM3D-Part enables interactive part selection on a rendered view and generates complete 3D part meshes. It supports fine-grained,
controllable selection (a) and full object decomposition (b) from arbitrary viewpoints.
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Part-level control is essential for modern 3D asset creation, where objects are
frequently edited, reused, animated, or fabricated through their individual
components. In many such workflows, users need only several specific com-
ponents rather than a complete object decomposition. However, existing 3D
generation methods produce all parts regardless of user intent, while prompt-
able 3D segmentation methods typically output partial surfaces instead of
reusable complete meshes. In addition, image-conditioned part generators
further struggle to preserve hidden geometry and accurate placement with-
out directly conditioning on the source mesh. To address these problems, we
present SAM3D-Part, a prompt-driven framework for selective part genera-
tion from input 3D object meshes. Given a source mesh and a part prompt,
SAM3D-Part first encodes the source geometry into compact mesh features
and aligns them with the rendered image, selective mask, and point-map ob-
servations via pixel-wise channel fusion. The fused representation conditions
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a feed-forward generative model to produce only the queried component as a
completed mesh. To place the generated part back into the source coordinate
frame, SAM3D-Part predicts dense per-voxel correspondences and estimates
the part transformation from distributed spatial evidence rather than a single
global pose code. For sequential multi-part queries, previously generated
parts are stored in a part cache and reused as contextual constraints, re-
ducing conflicts among independently requested components. Extensive
experiments and ablations demonstrate that SAM3D-Part can significantly
improve source alignment, reduce conditioning cost, and enable consistent
selective part generation, achieving state-of-the-art. Code and weights will
be available at https://github.com/Jiahao620/sam3d-part.
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1 Introduction

With the rapid development of 3D content creation, part-aware
control is becoming a central requirement in various applications.
Downstream workflows such as rigging, animation, part replace-
ment, kitbashing, and 3D printing often require individual compo-
nents to be isolated, edited, or reused independently from the full
object. In these workflows, users rarely need an exhaustive decom-
position of the entire asset. For instance, a modeler may want to
extract only a dragon’s wing, replace only a chair leg, or print only
a mechanical connector. This selective interaction mode is already
familiar in 2D image editing, where promptable segmentation en-
ables users to specify exactly the region they care about. For 3D
asset creation, we seek an analogous design that takes an existing
object mesh and a user-specified part prompt as input, then returns
a reusable part mesh geometrically aligned with the input object.

However, existing part-level 3D generation methods [Chen et al.
2025b; He et al. 2025; Liu et al. 2024; Yang et al. 2025b; Zhang et al.
2025] mainly focus on fully automatic object decomposition, aiming
to recover all constituent parts of an object. When users need only
one or two components, generating all parts is computationally
inefficient and still requires additional selection from the resulting
decomposition. More importantly, these methods cannot ensure
precise control over partition granularity. Although promptable 3D
segmentation methods [Li et al. 2026a; Ma et al. 2025; Yang et al.
2024] provide a more selective interface, they typically output in-
complete meshes using surface masks rather than complete part
meshes suitable for downstream reuse. Recent image-to-part gen-
eration methods, especially SAM3D [Chen et al. 2025a], are closer
to selective part generation, but they condition on rendered views
instead of the input mesh. This limits their ability to produce source-
aligned part meshes, especially for parts with occluded structures,
ambiguous boundaries, or strong dependence on the surrounding
geometry.
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In this paper, we address prompt-driven selective part extraction
from existing object meshes and introduce an effective framework,
named SAM3D-Part. Given an input mesh, we first select a suit-
able viewpoint, such as the front view, and render the mesh into a
2D image. The user then specifies the desired component through
simple point interactions, using one or a few clicks on the ren-
dered view. Based on these point prompts, we apply a SAM-based
segmentor [Ravi et al. 2025] to obtain the corresponding 2D part
mask, which serves as an intuitive prompt for subsequent 3D part
generation. Unlike surface segmentation methods that output only
labels or masks, SAM3D-Part formulates the task as conditional 3D
generation and directly produces a complete part mesh.

To ensure that the generated part remains consistent with the
source object, SAM3D-Part conditions the generation process on
both image-space prompts and mesh-space geometry. Specifically,
the rendered RGB image, the selected part mask, and the point-map
observation are encoded as 2D prompt tokens, where appearance,
user attention, and spatial information are fused at the same image-
patch locations. In parallel, the input mesh is encoded into 3D ge-
ometry tokens using a pretrained shape encoder. These 2D and 3D
condition tokens are then combined along the token dimension and
injected into the generative model through cross-attention. This
design provides the generator with both the user’s part-level intent
and the complete geometric context of the original mesh, including
regions that may be invisible from the selected view.

Built upon a two-stage sparse 3D generation framework, SAM3D-
Part first predicts the coarse occupancy of the queried part and
a dense XYZ correspondence map from the generated part to the
source mesh frame. Instead of regressing a single global pose, the
dense correspondence provides voxel-level spatial evidence, from
which the scale and translation of the generated part can be esti-
mated in closed form. The second stage then refines the predicted
structure into high-resolution geometry and decodes it into a stan-
dalone mesh. For sequential multi-part queries, we further maintain
a part cache that records previously generated components and
attaches this history to the mesh tokens, helping later queries avoid
conflicts and maintain consistency across extracted parts.

We evaluate SAM3D-Part on multiple object categories under
both single-part and multi-part settings. Extensive experiments
and ablation studies are conducted to assess part quality, source
alignment, and consistency across sequential queries. Experimental
results show that SAM3D-Part consistently outperforms existing
baselines in selective part generation, achieves better alignment with
the input object, and maintains stable performance when generating
multiple parts sequentially.

Our contributions are summarized as follows:

o We formulate prompt-driven selective part extraction from exist-
ing 3D meshes and propose a novel framework, i.e., SAM3D-Part,
aiming to generate reusable and source-aligned meshes for only
the user-specified components.

e Our SAM3D-Part combines SAM3D-derived image prompts with
input mesh features through an efficient pixel-aligned multimodal
fusion paradigm. It further incorporates dense correspondence-
based alignment and a part-cache mechanism to recover accurate
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part placement and improve consistency across sequential multi-
part queries.

o Extensive experiments and ablations demonstrate that SAM3D-
Part achieves better part quality, source alignment, and sequential
consistency than existing methods.

2 Related Work
2.1 Object-level 3D Generation

DreamFusion [Poole et al. 2022] pioneers text-to-3D generation by
optimizing a 3D representation with 2D diffusion priors via score
distillation sampling. Subsequent methods improve optimization
efficiency, geometry quality, and multi-view consistency [Chen et al.
2023; Lin et al. 2023; Shi et al. 2023; Tang et al. 2023], but still
suffer from slow per-instance optimization and 3D inconsistency.
Another line synthesizes multi-view images and reconstructs 3D
assets from them [Tang et al. 2024; Xu et al. 2024], while single-pass
feed-forward regressors enable faster image-to-3D generation at
the cost of geometric fidelity [Hong et al. 2024; Szymanowicz et al.
2024]. Recently, native 3D generative models have been trained
directly on 3D data with various representations [Jun and Nichol
2023; Nichol et al. 2022]. VecSet-based latent diffusion [Zhang et al.
2023] has become a strong paradigm for scalable mesh generation,
as shown by CLAY [Zhang et al. 2024], TripoSG [Li et al. 2025],
and Hunyuan3D-2.1 [Team 2025]. Meanwhile, structured 3D latent
models (e.g., TRELLIS [Xiang et al. 2025], Hi3DGen [Ye et al. 2025],
and Sparc3D [Li et al. 2026b]) further separate coarse structure
prediction from high-resolution latent generation. Despite their
strong ability to synthesize complete objects, these methods mainly
focus on object-level generation, leaving selective extraction of user-
specified components from existing meshes largely unexplored.

2.2 Part-level 3D Generation

Part-level generation aims to model objects as compositions of se-
mantically or geometrically meaningful components. Some methods
generate multiple parts jointly, often by predicting part layouts,
bounding boxes, or structured latent variables before synthesizing
part geometry [Chen et al. 2025b; He et al. 2025; Liu et al. 2024;
Yang et al. 2025b; Zhang et al. 2025]. Other approaches formulate
part generation as an automatic decomposition or reconstruction
problem, where all parts of an object are produced in a single for-
ward process or through sequential generation [Chen et al. 2026; Lin
et al. 2026; Tang et al. 2026; Yan et al. 2024, 2025; Yang et al. 2025a].
These methods are valuable for part-aware object synthesis and
structured shape modeling, but they usually assume that the goal is
to recover or generate the full set of object parts. Image-conditioned
methods (e.g., SAM3D [Chen et al. 2025a]) are closer to selective
part generation, as they can focus on a visible region specified in
an input view. However, because their conditions are mainly de-
rived from rendered images, they may not fully preserve invisible
geometry, volumetric occupancy, or the precise spatial relationship
between the target part and the original mesh. In contrast, our work
enables prompt-driven extraction of only the queried part from an
existing mesh, producing a complete component aligned with the
given object shape.
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2.3 3D Part Segmentation

3D part segmentation has long been studied as a fundamental prob-
lem for understanding object structure. Early learning-based meth-
ods operate on point clouds, typically requiring dense part anno-
tations for supervised training [Qi et al. 2017a,b; Zhao et al. 2021].
Although effective in specific domains, their generalization is limited
by the scale and coverage of annotated 3D datasets. Recent meth-
ods leverage powerful 2D foundation models (e.g., SAM [Kirillov
et al. 2023]) to improve open-world 3D segmentation. A common
strategy is to render a 3D object into multiple views, apply 2D seg-
mentation or promptable segmentation in image space, and then
lift the predicted masks back to the 3D surface [Abdelreheem et al.
2023; Cen et al. 2023; Liu et al. 2025, 2023b; Yang et al. 2024, 2023].
Meanwhile, promptable 3D segmentation methods extend the SAM
paradigm to 3D, using user prompts such as points or boxes as 3D
anchors to segment target parts [Li et al. 2026a; Ma et al. 2025].
These methods greatly enhance flexibility and reduce the need for
category-specific annotations, but their outputs are typically surface
labels or masks rather than complete part meshes. As a result, they
cannot directly provide complete components suitable for down-
stream editing, simulation, fabrication, or asset reuse. In contrast,
our work uses SAM-derived part images as prompts to guide 3D part
generation, achieving reusable and source-aligned part meshes.

3 Methodology

Overview. Given an object mesh M and a user-specified 2D part
mask m on one rendered view of M, our goal is to generate the
corresponding 3D part mesh . The generated part should be com-
plete and aligned with the coordinate frame of the original mesh.
We formulate this task as conditional 3D generation rather than
surface segmentation. As demonstrated in Figure 2, our proposed
SAM3D-Part takes both image-space prompts and mesh-space ge-
ometry as conditions, and directly generates the queried component
as a standalone mesh. Built upon a two-stage sparse 3D generation
framework, our method first predicts the coarse occupancy and
source-frame correspondence of the target part, then refines it to
achieve high-resolution geometry. This design allows the model to
use simple user interactions while preserving the geometric con-
text of the original mesh. A maintained cache volume of previously
segmented parts enables consistent sequential part generation.

3.1 Preliminaries

Flow Matching. Flow matching [Liu et al. 2023a] learns a contin-
uous transformation from a simple source distribution to the data
distribution. Let xo ~ N(0,I) be a Gaussian noise sample and x;
be a data sample. In rectified flow, an intermediate sample at time
t € [0,1] is defined as

xr = (1= t)xo + txi. (1)
The target velocity field is therefore
0" =x1 — X. (2)

A neural network vg (x4, t, ¢) is trained to predict this velocity under
condition c, using the objective

Len = Byyepe [lon(xe, 1,0) 0" 5] ®)
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Fig. 2. SAM3D-Part pipeline. Given an input mesh and user-specified image-space prompts, SAM3D-Part encodes the rendered RGB image, part mask, point
map, and source mesh geometry into 2D and 3D condition tokens. These tokens guide a two-stage generator that first predicts the coarse occupancy and
dense source-frame correspondences of the selected part, and then refines them into a high-resolution part mesh. A cache volume storing previously generated

parts is further used to support consistent sequential part generation.

During inference, generation starts from xo ~ N(0,I) and follows

the ordinary differential equation

dx
i vg(xz,t,¢) 4)

from t = 0 to t = 1, usually with Euler integration and classifier-free
guidance.

TRELLIS. TRELLIS [Xiang et al. 2025] is a scalable two-stage
framework for 3D generation based on structured 3D latents. Its
first stage, called Sparse Structure (SS), predicts a coarse sparse occu-
pancy structure. A flow-matching DiT (Diffusion Transformer [Pee-
bles and Xie 2023]) denoises latent tokens on a low-resolution 3D
grid, and a pretrained occupancy VAE decodes them into a binary
occupancy grid. This stage captures the main volumetric layout of
the object. The second stage, called Structured Latent (SLat), per-
forms generation only on occupied locations predicted by the first
stage. It refines the geometry with high-resolution latent features
and decodes them into the final mesh. This sparse-to-dense design
reduces computation while preserving detailed geometry.

SAM3D. SAM3D [Chen et al. 2025a] is closely related to our work
and serves as the direct foundation of SAM3D-Part. It addresses
the task of extracting a 3D object from a user-specified 2D mask
in an input image. Following the two-stage generation pipeline of
TRELLIS, it uses image-space conditions, including the rendered
RGB image, the user mask, and a predicted point map, to guide
3D object generation. However, its conditioning primarily relies
on 2D observations and does not explicitly use the input mesh
geometry. In addition, it predicts a global 7-DoF pose with a single
pose head to map the generated object back to the world coordinate
frame. In contrast, our task requires extracting a specific part from
an existing mesh, where the mesh geometry provides important
constraints. Therefore, we extend this framework with mesh-aware
conditioning, dense correspondence prediction, and an iterative
part-cache mechanism.
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3.2 Multi-modal Conditioning for Part-aware Generation

To obtain a specified part mesh, our SAM3D-Part uses both 2D
user prompts and 3D mesh geometry as conditions. The 2D prompt
presents the user intent and part information, while the 3D mesh
condition provides the full object geometry, including regions that
may be invisible from the selected view. We encode these inputs
into two condition streams: a 2D condition stream from rendering
and user masks, and a 3D condition stream from the source mesh
and the part cache. The two streams are concatenated along the
token dimension and injected into the DiT through cross-attention.

View Rendering and 2D Prompt Encoding. We first render the
input mesh M from a user-selected view. The rendering produces
an RGB image, a foreground mask, and a point map. The point map
records the 3D coordinate corresponding to each foreground pixel,
and sets background pixels to a constant value (i.e., —1). The user
then specifies the target part on the rendered image through simple
interactions such as clicks, and a SAM-based segmentor produces
the 2D part mask [Ravi et al. 2025; Yang et al. 2023].

To capture both local part details and global object context, we
encode two views for each 2D signal: a cropped view around the
part mask and a full rendered view. The RGB image and the mask
are encoded by a frozen DINOv2 image encoder [Oquab et al. 2024],
while the point map is encoded by a lightweight trainable patch
encoder. Instead of concatenating the three modalities as separate
token sequences, we fuse them at the same spatial patch locations.
In this way, each token contains appearance, user attention, and 3D
position information for the same image region. This cross-modal
fusion keeps the token size compact and makes the 2D condition
easier for the DiT to use.

Global Mesh Encoding. The 2D prompt alone is not sufficient for
part extraction, because it only observes the object from one view.
To provide complete 3D information, we encode the input mesh M
with a pretrained Hunyuan3D-2.1 ShapeVAE encoder [Team 2025].



Specifically, we sample 8, 1920 surface points from M, including
both uniformly sampled points and curvature-weighted points, and
feed them into the frozen encoder with corresponding normal and
sharp-edge labels. The encoder produces a set of 3D anchors with la-
tent features. Each anchor feature is concatenated with its positional
encoding, giving a compact token representation of the input mesh.
These mesh tokens allow the generation model to directly attend
to the geometry of the original object, instead of reconstructing it
only from the rendered view.

Part-Cache Encoding. For the iterative part extraction, we main-
tain a binary voxel cache C; for each extraction step i to record the
parts extracted in previous steps, i.e.,

C; = OR (Voxelize(#;), . . ., Voxelize(P;_1)) . (5)

This cache tells the model which regions have already been ex-
tracted. Instead of training a separate cache encoder, we attach the
cache information to the global mesh tokens. For each mesh anchor,
we query the corresponding voxel in C; via nearest-voxel lookup
and obtain a binary flag indicating whether this location belongs
to a previously extracted part. This flag is concatenated with the
anchor latent and position feature, and then projected to the DiT
condition dimension. As a result, each 3D condition token contains
local geometry, spatial position, and extraction history. This design
naturally supports iterative sub-part extraction.

3.3 Two-stage Part Generation and Global Alignment

Given the multi-modal conditions, SAM3D-Part follows a two-stage
generation process, as shown in Fig. 2. The first stage predicts the
sparse structure of the target part and its dense correspondence to
the source mesh. The second stage refines the part geometry on
the predicted structure and decodes the final mesh. Both stages are
trained with the flow matching objective introduced in Sec. 3.1.

Stage 1: Sparse Structure and Dense Correspondence Generation.
The first stage generates the coarse volumetric structure of the
queried part. A flow-matching DiT denoises a 3D latent grid under
the conditions from the 2D prompt, point map, source mesh tokens,
and part-cache tokens. The output latent is decoded by two heads.
The first head predicts a binary occupancy grid, which describes the
spatial support of the target part. The second head predicts a dense
XYZ volume, where each occupied voxel is assigned a corresponding
3D coordinate in the source mesh frame.

This dense XYZ prediction is important for robust alignment. A
direct pose regression head would provide only a small number of
supervision signals for each training sample, making pose learning
unstable. Instead, our model predicts source-frame coordinates for
all occupied voxels, providing dense voxel-level supervision. Since
each occupied voxel has both a local coordinate and a predicted
source-frame coordinate, their correspondence is already known
and no nearest-neighbor matching is required.

Closed-Form Source-Frame Alignment. The generated part is rep-
resented in a normalized local coordinate system. During training,
each ground-truth part is transformed from the source frame to this
local frame using only centering and isotropic scaling, without rota-
tion canonicalization. Thus, its local axes inherit the source-mesh
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axes, while the dense XYZ branch is supervised in the source frame.
Accordingly, we estimate only an isotropic scale and a translation;
this orientation consistency is learned rather than guaranteed at
inference. Let piocal(v) be the local coordinate of an occupied voxel
v, and let pglopa1 () be the source-frame coordinate predicted by the
dense XYZ head. We solve

nsl{;n Z ”s . Plocal(z)) +0— Pglobal(v)”i > (6)

where s is the isotropic scale and o is the translation. This least-
squares problem has a closed-form solution. Let piocal and pgiobal be
the centroids of the two point sets. The translation is

0 = Pglobal — S * Plocals (7)
and the scale is obtained by projecting the centered local coordinates
onto the centered global coordinates. The recovered (s, 0) is then
used to place the generated part back into the coordinate frame of the
source mesh. This alignment is not an ICP procedure [Chetverikov
et al. 2002], because the correspondences are directly predicted by
the model.

Stage 2: Structured Latent Refinement. After the sparse structure
and alignment are determined, the second stage refines the detailed
geometry of the part. It performs structured latent denoising only
on the occupied voxels predicted by Stage 1. Compared with Stage
1, this stage focuses on local geometric details rather than deciding
which region should be extracted. We also inject the same global
mesh condition into the Stage-2 DiT, so that the refined geometry
remains consistent with the surface and shape of the source object.
Finally, the structured latent is decoded into a complete part mesh
with geometry and appearance.

Training Objective. Both stages are trained with the same flow
matching objective:

Lev = B xox,c [||09(Xt, te) = (x1 — xo)ll%] , ®)
where x; is the ground-truth latent target, xo ~ N(0,I) is Gauss-
ian noise, and ¢ denotes the multi-modal conditions. In Stage 1,
x1 contains the latent targets for both occupancy and dense XYZ
prediction. In Stage 2, x; is the structured latent of the target part.
During inference, we sample from Gaussian noise and integrate the
learned velocity field with classifier-free guidance to obtain the final
part mesh.

4 Experiments

Table 1. Quantitative comparison of part generation. CD and F1-7 are com-
puted in GT-bbox-normalized space. Bold: the best result for each metric.

Method BBoxIoUT CD| F1-0057 F1-0.17

SAM-3D-Objects (Meta) 0.225 0.375 0.221 0.388

HoloPart + P3-SAM 0.291 0.452 0.445 0.521
X-Part + P3-SAM 0.458 0.282 0.608 0.674
OmniPart 0.552 0.192 0.666 0.756
Ours (full) 0.641 0.053 0.716 0.849
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Table 2. Quantitative comparison on PartObjaverse-Tiny. Bold: the best
result for each metric.

Method BBoxIoUT CD| F1-0057T F1-0.17
SAM-3D-Objects (Meta) 0.255 0.294 0.240 0.392
HoloPart + P3-SAM 0.270 0.114 0.531 0.617
X-Part + P3-SAM 0.317 0.111 0.547 0.634
OmniPart 0.473 0.065 0.585 0.782
Ours (full) 0.688 0.054 0.694 0.851

Table 3. Ablation on the multi-part test set. CD and F1-7 are computed in
the GT-bbox-normalized space. Bold: the best result for each metric.

Configuration BBoxT CD| F1-0057 F1-0.17
(a) Finetuned SAM3D 0.275 0.269 0.311 0.453
(b) + Mesh conditioning 0.426  0.134 0.510 0.664
(c) + Token fusion 0.518 0.128 0.592 0.731
(d) + XYZ branch 0611 0067  0.697 0.819
(e) + Part cache 0.625  0.061 0.711 0.839
(f) + 2-stage w. mesh condition 0.641 0.053  0.716 0.849

Table 4. Ablation on the robustness to viewpoint and click variations.

Study BBox IoU T CD | F1-0.05 T F1-0.1 7

Viewpoint 0.616 £0.098 0.057 +0.020 0.708 +0.097 0.838 £ 0.075
Click 0.609 £0.065 0.067 £0.024 0.686 + 0.053 0.819 £0.051

Table 5. Effect of token fusion on Stage-1 cross-attention efficiency. Our
fusion reduces token count and computational cost while incorporating
additional 3D conditions.

Metric SAM3D Ours Ours
(w/o fusion) (w/ fusion)
Tokens N 8218 12314 6836
Cross-attn FLOPs ~ 4.13T 599T 3.51T
Latency (ms) 11246.0 13416.1 10 450.7
Peak VRAM (GB)  22.09 23.73 21.53

4.1 Experimental Setup

Implementation Details. Our model uses a two-stage design. Stage
1 is a sparse-structure DiT with 24 transformer blocks. It predicts
16% occupancy grids and xyz latent grids. Stage 2 is an SLat DiT that
converts the Stage 1 occupancy output into a high-resolution mesh,
conditioned on the input image, mask, and global mesh. Specifically,
for conditioning, the 2D branches share a frozen DINOv2 ViT-L back-
bone with 518/14 patches. The xyz point-map branch uses a 296/8
PointPatchEmbed. The 3D branch encodes the input mesh with the
Hunyuan3D-2.1 ShapeVAE, which samples 81,920 surface points,
including 40,960 uniformly sampled points and 40,960 curvature-
weighted points, and produces 4,096 mesh anchor tokens. We train
Stage 1 for 60k iterations with a global batch size of 128 on 8 H100
GPUs, using AdamW with a peak learning rate of 5x1075. Stage
2 is fine-tuned for 40k iterations with the same optimizer. During
inference, we use 25 sampling steps for Stage 1 and 12 sampling
steps for Stage 2 on a single H100 GPU in fp16.
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Fig. 3. Visual results of ablation studies for the design of SAM3D-Part.

XYZ VAE. The XYZ latent predicted by Stage 1 is decoded into
a 643 per-voxel correspondence map using a sparse-structure XYZ
VAE, adapted from the TRELLIS Stage-1 occupancy VAE [Xiang et al.
2025]. We retain the encoder-decoder backbone and the 16 latent
grid with 8 channels, then make three modifications: (i) We replace
the 1-channel occupancy input with 4-channel XYZ coordinates,
enabling the VAE to encode per-voxel correspondences instead
of binary occupancy; (ii) To help the decoder focus on occupied
voxels, we make it occupancy-conditioned. Specifically, at the decoder
bottleneck, we concatenate the 8-channel occupancy latent from the
frozen SAM3D occupancy VAE with the 8-channel XYZ latent along
the channel dimension; (iii) We simplify the output head to a shared
Norm+SiLU block followed by a 3-channel 3x3x3 convolution and
a [—1,1] clamp. We remove the additional non-linear layers in the
original head because our target is a continuous coordinate rather
than a logit.

We train the XYZ VAE with an L; reconstruction loss on XYZ val-
ues, evaluated only at occupied voxels, together with a TV smooth-
ness regularizer weighted by 0.01 and a KL term weighted by 1073,
To prevent large parts from dominating the loss, we divide the per-
sample weight by the bounding-box diagonal of each part. This size
re-weighting gives small parts a comparable training signal. The
XYZ VAE is trained on the same dataset as the DiT for 70k iterations
using AdamW with a learning rate of 1x107%, a global batch size
of 128, and an EMA decay of 0.9999. We use the EMA weights at
inference time.

Datasets. We curate part-level training data from five public 3D
asset collections, i.e., Objaverse [Deitke et al. 2023b], Objaverse-
XL [Deitke et al. 2023a], ABO [Collins et al. 2022], 3D-FUTURE [Fu
et al. 2021], and HSSD [Khanna et al. 2024]. Each GLB file often
contains a native part structure, which we use as the basis for data
curation. We first discard assets with fewer than 2 parts or more
than 32 parts, since they are either not meaningfully decomposed or
are often over-segmented and scene-like. This gives an initial pool of
about 446k assets. We then split each sub-mesh by connectivity and
merge small fragments into nearby larger parts based on collision
proximity, leading to more balanced part decompositions. Finally,
annotators manually remove assets with unreasonable decomposi-
tions, such as parts crossing semantic boundaries, duplicated parts,
or visually indistinguishable parts, resulting in 187k verified assets.

For evaluation, we use three sets from different sources. The first
is a multi-part test set seperate from training set containing 500



assets with ground-truth parts. The second is the PartObjaverse-
Tiny, a public dataset mostly used by 3D part segmentation and
part-level generation. The third is an in-the-wild set generated from
commercial 3D generator. Since it does not provide ground truth, it
is not used for metric computation.

Baselines. We compare against four representative baselines, i.e.,
SAM3D [Chen et al. 2025a], the two-stage pipelines HoloPart + P3-
SAM [Yang et al. 2025a] and X-Part + P3-SAM [Yan et al. 2025],
and the end-to-end method OmniPart [Yang et al. 2025b]. The
HoloPart/X-Part pipelines first use P3-SAM to segment the input
mesh in 3D and then complete each segment into a part mesh, while
SAM3D and OmniPart directly predict part meshes from the 2D
condition. For a fair comparison, all methods are queried using the
same 2D target mask. OmniPart receives the mask directly, while
foreground points sampled from the mask are lifted to the source
mesh as 3D prompts for P3-SAM. Since the P3-SAM-based methods
output a full decomposition, we select the predicted component
with the highest GT-part BBox IoU. This oracle selection gives the
decomposition baselines their most favorable match for evaluation.
All baselines use publicly released checkpoints and inputs generated
from the same source assets.

Evaluation Metrics. We evaluate part geometry with four metrics:
bounding-box IoU (BBox IoU), Chamfer Distance (CD), and F1-scores
at 7=0.05 and 7=0.1. Before evaluation, we normalize all predicted
and ground-truth parts to the ground-truth bounding box, which
is scaled to the [—0.5,0.5]% cube. This removes the effects of global
scale and canonicalization differences. We also evaluate Stage 1
efficiency using the number of cross-attention condition tokens N,
cross-attention FLOPs, latency, and peak VRAM usage.

4.2 Comparison with State-of-the-Art

Tab. 1 reports the quantitative results on the multi-part test set.
Our method achieves the best performance on all metrics: BBox
ToU increases to 0.641, compared with the next-best score of 0.552
from OmniPart; CD decreases to 0.053, compared with 0.192 from
OmniPart; and F1-0.1 improves from 0.756 to 0.849. This trend is
consistent under both strict and relaxed F1 thresholds, showing
that the improvement is not limited to a specific tolerance level but
reflects a broader gain in geometric accuracy. Tab. 2 reports the
quantitative results on PartObjaverse-Tiny dataset. Our method still
performs strongly on this independent benchmark, supporting that
the method generalizes beyond our curated benchmark.

As shown in Fig. 4, visual results also demonstrate the superiority
of our method. The baselines exhibit three common failure cases: (i)
The two-stage segmentation + completion pipelines (P3-SAM + X-
Part and P3-SAM + HoloPart) inherit the segmentation behavior of
P3-SAM. As a result, their segmentations are hard to control and
often overly fragmented, and the completion stage further amplifies
these errors. (i) Although OmniPart achieves competitive BBox IoU,
it tends to produce overly smooth part geometry and misses fine
details from the input mesh. (iii) SAM3D does not use a 3D condition,
so its predictions often drift away from the input mesh and recover
generic parts that do not remain on the original surface. In contrast,
our results stay well aligned with the input mesh while preserving
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fine-grained shape details, which explains the large improvements
in CD and F1.

Fig. 5 and Fig. 7 further evaluate in-the-wild inputs that are out-
side the training distribution. Fig. 5 uses the same six-method layout
and shows that our method remains robust on stylized characters,
cartoon weapons, and furniture. The baselines either miss entire
parts or collapse them into coarse shapes, whereas our method
preserves both the part decomposition and the surface alignment.
These results suggest that our method can generalize to animals,
humans, mechanical parts, plants, and buildings.

4.3 Ablation Study

We study our method from two aspects: the contribution of each
component to accuracy (Tab. 3) and the efficiency benefit of cross-
modal token fusion (Tab. 5). All ablation studies are conducted on
the multi-part test set, using the same training and inference settings
as in the main experiment.

4.3.1 Component Ablation. Tab. 3 shows a cumulative ablation. We
start from a finetuned SAM3D baseline and add our design choices
one at a time. Fig. 3 shows the corresponding visual results for two
assets, where each row matches rows (a)-(f) in Tab. 3.

(a) Finetuned SAM3D. We first finetune SAM3D on our training
dataset. This model uses only the 2D RGB image and mask as input. It
benefits from in-domain training, achieving a BBox IoU of 0.275 and
a CD of 0.269. However, without any 3D condition, its predictions
can drift away from the input surface, as shown by the rocket and
bed examples in Fig. 3.

(b) +Mesh conditioning. We then encode the input mesh with
ShapeVAE anchors and inject them into cross-attention. This gives
the largest improvement in Tab. 3: BBox IoU increases from 0.275 to
0.426 (+0.151), while CD decreases from 0.269 to 0.134. The rocket’s
top and base are better separated, and the bed begins to show distinct
pillow and blanket regions. This shows that 3D anchors provide
useful surface information that 2D conditions alone cannot capture.

(c) +Token fusion. The 2D inputs, including RGB, mask, and pointmap,
are encoded separately across two views. Since directly using all
tokens makes cross-attention costly and less focused, we fuse tokens
from the three 2D modalities at the same patch location and view.
This further improves BBox IoU to 0.518 and CD to 0.128. As shown
in Tab. 5, it also reduces the Stage 1 cost below the SAM3D baseline.
Visually, the rocket-body boundary becomes cleaner, and the bed
surface shows more accurate pillow folds.

(d) +XYZ branch. We replace the single-vector pose head with
an XYZ branch. In this design, Stage 1 predicts a per-voxel XYZ
correspondence latent from the generated part to the source space.
The part scale and translation are then computed from these dense
voxel-level votes, rather than regressed directly. This design is more
robust under partial visibility. It improves the BBox IoU to 0.611 and
CD to 0.067, with clearer placement of the rocket body and base
and better contact between the blanket and mattress in Fig. 3.

(e) +Part cache For sequential generation, we voxelize previously
generated parts into a binary cache and query the cache at each
mesh anchor. The resulting binary flag is appended to the anchor
feature, providing later queries with the extraction history. This
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improves BBox IoU to 0.625 and CD to 0.061 and reduces conflicts
between generated parts.

(f) +2-stage with mesh condition. Finally, we also provide the input
mesh as a 3D condition to Stage 2 during SLat refinement. This gives
the full model, with a BBox IoU of 0.641, CD of 0.053, and F1-0.1
of 0.849. The Stage 2 mesh condition mainly improves fine surface
details, such as the sharper rocket base and clearer blanket folds in
the last column of Fig. 3.

4.3.2  Viewpoint and Click Robustness Ablation. Our training proto-
col already exposes the model to some variations: rendering views
are randomly sampled, and the input masks are SAM2-predicted
masks from GT-derived prompts rather than GT masks. We keep
masks with 2D IoU > 0.6 during training to remove invalid or highly
ambiguous prompts. To verify this robustness, we conducted a small-
scale study by sampling 100 cases from the test set. For viewpoint
robustness, we sample 6 valid views per target part, where the tar-
get part is visible, use the gt mask for each view, and evaluate the
generated 3D part. For click robustness, we fix the view and sample
6 different click seeds on the visible target part, again using SAM2
masks. As shown in Tab. 4, the results show stable performance
across views and clicks.

4.3.3 Token Fusion Ablation. Token fusion is not only useful for ac-
curacy but also important for efficiency, as shown in Tab. 5. We mea-
sure the Stage 1 cross-attention cost on a single H100 in fp16, with
batch size 1, 25 sampling steps, and classifier-free guidance. We re-
port the mean over 10 timed runs after 2 warm-up runs. Tab. 5 shows
three main results: (i) The SAM3D baseline attends to N.=8,218
tokens and uses 4.13 T cross-attention FLOPs, with a latency of
11,246.0 ms and a peak VRAM of 22.09 GB. (ii) Directly adding our
4,096 mesh anchor tokens to the 2D conditions increases N, to 12,314
(+50%), FLOPs to 5.99 T (+45%), latency to 13,416.1 ms (+19%), and
peak VRAM to 23.73 GB (+7.4%). Thus, the 3D condition would add
a clear efficiency cost without using token fusion. (iii) Cross-modal
patch fusion merges the three 2D modalities at the same patch loca-
tions into one shared token set. This reduces N, to 6,836, which is
lower than the SAM3D baseline even with the added 3D modality.
As a result, our full model uses 3.51 T FLOPs (—15% vs. SAM3D),
10,450.7 ms latency (-7%), and 21.53 GB peak VRAM (—2.5%). To-
gether with the accuracy gain in Tab. 3, this shows that token fusion
provides a double benefit: it removes redundant 2D tokens while
covering the extra cost of the 4,096 mesh anchor tokens.

4.4 Limitations and Failure Cases

While our SAM3D-Part can generate high-quality specified 3D parts,
it still struggles with extremely complex cases. Fig. 6 shows a failure
case: a sculpted figure holding a hanging lantern and wrapped by
thin vines. This example contains thin lattice-like structures, such
as vine stems, leaf veins, and the open lantern frame, as well as
strongly overlapping parts, where vines wind around both the figure
and the lantern. In this setting, structures thinner than a voxel can-
not be captured by the 64> sparse representation or the Hunyuan3D
ShapeVAE bottleneck. As a result, the lantern frame and the smallest
vine branches are smoothed out or merged with nearby surfaces.
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The overlapping geometry also makes the queried 2D mask ambigu-
ous across different depth layers. The model may therefore assign
geometry to the wrong layer or split one part into disconnected frag-
ments. Addressing these challenges may require higher-resolution
sparse representations, multi-view mask supervision, and explicit
modeling of part-to-part contact, which we leave for future work.

5 Conclusion

We presented SAM3D-Part, a prompt-driven framework for gener-
ating a specified 3D part from a source mesh. Given a user prompt,
SAM3D-Part returns the queried part as a complete mesh aligned
with the source. It combines SAM-based 2D part prompts with the
input mesh through pixel-aligned multimodal fusion, and places the
generated part back into the source frame using dense voxel-level
XYZ correspondences. A part cache further improves consistency
across sequential multi-part queries. Experiments show that SAM3D-
Part achieves strong part quality, source alignment, and sequential
consistency. The ablation study also shows that cross-modal token
fusion improves both accuracy and efficiency, reducing the Stage 1
cost below the SAM-3D-Objects baseline. SAM3D-Part still struggles
with thin lattice-like structures and heavily overlapping or nested
parts. We plan to address these limitations with higher-resolution
sparse representations, multi-view mask supervision, and explicit
part-to-part contact modeling. We hope this prompt-driven and
source-aligned design can support future part-level workflows in
3D editing, animation, and fabrication.
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Input RGB & Mask ~ P3-SAM & XPart P3-SAM & HoloPart OmniPart SAM3D Ours GT

Fig. 4. Qualitative comparison on the multi-part test set. For each example (row), we show the input RGB and mask (left), the part predictions of all baselines,
our method, and the GT (right). For each method, we visualize both the parts placed in the source object and the parts laid out separately.
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Fig. 5. Qualitative comparison on in-the-wild assets (no GT available). For each example (row), we show the input RGB and mask (left), the source mesh, and
the part predictions of all baselines and our method. For each method, we visualize both the parts placed in the source object and the parts laid out separately.
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Fig. 6. Failure case. From left to right: input RGB, input mesh, and the two parts predicted by our method. Our method struggles with assets containing thin,
lattice-like structures (e.g., vines, leaf veins, and openwork lantern frames), where parts are heavily entangled.
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Fig. 7. More in-the-wild results of our method. For each example, we show the input RGB image, input mesh, assembled posed parts, and three generated
parts laid out separately.
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