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Abstract. Recent advances in sparse voxel representations have sig-
nificantly improved the quality of 3D content generation, enabling high-
resolution modeling with fine-grained geometry. However, existing frame-
works suffer from severe computational inefficiencies due to the quadratic
complexity of attention mechanisms in their two-stage diffusion pipelines.
In this work, we propose Ultra3D, an efficient 3D generation framework
that significantly accelerates sparse voxel modeling without compromis-
ing quality. Our method leverages the compact VecSet representation
to efficiently generate a coarse object layout in the first stage, reducing
token count and accelerating voxel coordinate prediction. To refine per-
voxel latent features in the second stage, we introduce Part Attention,
a geometry-aware localized attention mechanism that restricts attention
computation within semantically consistent part regions. This design pre-
serves structural continuity while avoiding unnecessary global attention,
achieving up to a 6.7× speed-up in latent generation. To support this
mechanism, we construct a scalable part annotation pipeline that con-
verts raw meshes into part-labeled sparse voxels. Extensive experiments
demonstrate that Ultra3D supports high-resolution 3D generation at
1024 resolution and achieves state-of-the-art performance in both visual
fidelity and user preference.

Keywords: 3D generation · sparse voxels · efficient attention · diffusion
model

1 Introduction

Recent advances in generative modeling [17, 33, 39, 59, 68] have significantly ex-
panded the frontier of 3D content creation. These models enable the generation
of high-resolution and structurally consistent 3D assets, supporting a wide ar-
ray of applications in gaming, augmented and virtual reality (AR/VR), digital
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Fig. 1: Image-to-3D Generation Results of Ultra3D. Ultra3D delivers high-
quality 3D meshes with fine-grained geometric details while maintaining efficient gen-
eration. Please zoom in to view detailed geometry.

content creation, and robotics. The growing demand for scalable and control-
lable 3D generation pipelines in these domains has spurred extensive research
into expressive representations and generative models [59, 68] that can produce
high-fidelity 3D content.

A notable advancement in this direction is the introduction of sparse voxel-
based representations [40, 59]. Sparse voxel-based representations have emerged
as powerful 3D representations due to their ability to capture fine-grained geom-
etry [13, 26, 40, 58, 59, 65]. In this paradigm, a 3D object is encoded as a sparse
voxel grid, where each active voxel is associated with a latent feature vector.
This design enables two complementary benefits: (1) the voxel grid provides a
coarse yet globally consistent structural layout; and (2) the per-voxel latent fea-
tures support localized surface modeling with fine granularity. Together, these
attributes facilitate high-quality 3D generation with fine-grained geometry qual-
ity [59]. As a result, sparse voxels have been adopted by a series of state-of-the-art
3D generation frameworks [13,26,58,59,65], becoming a mainstream solution for
3D modeling.

However, the benefits of this expressive representation come at the cost of
computational efficiency. Most existing frameworks adopt a two-stage pipeline
introduced by [59]: first, predicting the coordinates of active voxels, followed
by generating per-voxel latent vectors. Both stages are typically implemented
using Diffusion Transformer (DiT) [38]. As resolution increases, the number of
tokens processed in each stage grows significantly, leading to substantial memory
and computation overhead due to the quadratic complexity of attention com-
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Fig. 2: Experiments on different attention mechanisms. Each color denotes an
attention group, within which attention is computed independently. All other settings
remain unchanged, with only the attention mechanism being replaced. 3D Window
Attention partitions the object space into 8 fixed regions by splitting at the center along
each axis. This fixed partitioning often misaligns with semantic boundaries, leading to
degraded quality and style inconsistencies.

putation [48]. Consequently, current approaches are often constrained to low
resolutions and limited output quality.

Built upon the success of sparse voxel generation frameworks [59], we aim to
develop an efficient 3D generation pipeline that overcomes their efficiency limi-
tations and supports high-resolution modeling. We observe that the two stages
in the pipeline serve distinct purposes: the first stage constructs a coarse object
layout, while the second stage refines fine surface details. In the first stage, prior
methods typically compress sparse voxel coordinates into a dense feature grid at
one-fourth the resolution for DiT modeling. Although this reduces the number
of tokens, the computation remains costly at high resolutions. This is because
directly predicting tens of thousands of coordinates is inherently complex and
computationally intensive.

Therefore, we depart from direct prediction and instead propose using more
efficient methods to first generate a coarse mesh, which is then voxelized to
produce the sparse voxel coordinates. Notably, since the coarse mesh is only
expected to convey the overall structure rather than fine surface details, it can
be efficiently represented using a compact 3D representation. Specifically, we
adopt VecSet [68], an efficient 3D representation that encodes each 3D asset into
a small set of latent tokens, for generating sparse voxel coordinates. While VecSet
is less expressive for fine-grained geometry than sparse voxels, its compactness
enables highly efficient generation, which is sufficient for producing the coarse
object layout without compromising final generation quality. In practice, this
reduces generation time from several minutes to just a few seconds for producing
128-resolution sparse voxels.

To refine the coarse outputs from the first stage with rich and precise latent
vectors, previous methods typically adopt a DiT architecture with expensive
full attention [26, 59, 65]. However, we observe that the sparse voxels predicted
from the first stage already captures the overall object structure, making global
attention often redundant and inefficient for local detail refinement. Motivated
by this, we introduce Part Attention, a geometry-aligned, localized attention
mechanism tailored for sparse voxels. It leverages voxel-level part annotations to
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restrict attention computation within each part group, thereby significantly en-
hancing efficiency by avoiding unnecessary interactions across unrelated regions.

Compared to the widely used window attention in LLMs [1, 67], Part At-
tention is better suited for 3D sparse voxels. As shown in Fig. 2, fixed window
attention struggles with the irregular nature of sparse voxels, often leading to
inconsistent styles and degraded performance. In contrast, Part Attention par-
titions tokens according to the object’s parts and geometric layout, respecting
semantic boundaries and object structure, thereby preserving consistency and
high-quality output. Our experiments demonstrate that Part Attention achieves
up to a 6.7× speed-up without compromising generation quality.

To support Part Attention, we construct an efficient, large-scale part anno-
tation pipeline. Given the limited availability of part-labeled 3D datasets [64],
we adopt PartField [31] as our base segmentation model to convert raw mesh
data into sparse voxels with part annotations. To ensure data quality, we further
apply a series of lightweight filtering strategies. Our pipeline takes only a few
seconds to process each mesh with high annotation quality, making it practical
for large-scale dataset annotation.

Our experiments show that our design accelerates the generation pipeline by
3.3× without compromising quality. Furthermore, Ultra3D achieves state-of-
the-art performance in both visual fidelity and user preference.

Our main contributions are summarized as follows:

– We present Ultra3D, an efficient high-resolution 3D generation framework
that first produces sparse voxels via the compact VecSet representation [68]
and then refines them through per-voxel latent generation [59], enabling both
speed and fidelity.

– We introduce Part Attention, an efficient localized attention mechanism
tailored for sparse voxels that performs attention computation independently
within each part group. By preserving geometric continuity, it achieves up
to 6.7× speed-up without compromising quality.

– We develop a scalable part annotation pipeline that efficiently converts raw
meshes into part-labeled sparse voxels, enabling high-quality annotations at
scale.

– Our experiments demonstrate that Ultra3D achieves state-of-the-art per-
formance in both visual quality and user preference, while achieving up to
3.3× speed-up over baseline methods without compromising generation qual-
ity.

2 Related Work

The field of 3D object generation has witnessed rapid progress in recent years [2,
7,16,17,22,23,27,28,32–35,39,41,43,46,47,49–51,53,54,56,61,62,66,69,74], with
several promising directions emerging for scalable 3D object generation [5,36,42,
59,60,68,70]. We broadly categorize current methods into three main categories.
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2.1 Vector Set-based Object Generation

3DShape2Vecset [68] introduces a pipeline that uses a VAE to compress 3D
shapes into a compact latent space named Vector Set (VecSet), and subsequently
trains a diffusion model in this latent space. Follow-up works [8,16,18,20,21,24,
25,29,45,57,63,70,72,73] have demonstrated that this pipeline is highly scalable
and capable of producing high-resolution meshes from large-scale datasets. Due
to the compact nature of the VecSet representation (typically only a few thou-
sand tokens), both training and inference are computationally efficient. [29,45,63]
have shown the flexibility of this representation in integrating part information,
enabling simultaneous generation of 3D object and part-label. These methods
can be combined with our work, as they can provide high-quality part labels for
our Part Attention mechanism. While VecSet is flexible and efficient, it falls short
in modeling fine-grained 3D surface details when compared to sparse voxel-based
methods [13,26,59].

2.2 Sparse Voxel-based Object Generation

Trellis [59] introduces a novel 3D representation known as the structured latent,
which encodes 3D assets as 3D sparse voxels augmented with latent vectors to
capture fine-grained surface details. The generation of this representation typ-
ically follows a two-stage pipeline. In the first stage, the voxel coordinates are
compressed into a low-resolution continuous feature grid using a lightweight 3D
convolutional VAE, and then a Diffusion Transformer (DiT) [38] is trained to
generate this grid from noise. In the second stage, another DiT generates the cor-
responding latent features, conditioned on these voxel coordinates. Both stages
are trained independently using the conditional flow matching objective [30].
Subsequent studies [14, 26, 58, 65] demonstrate that sparse voxel excels at mod-
eling extremely fine-grained 3D geometry, significantly outperforming prior rep-
resentations in terms of geometric fidelity. While sparse voxel provides superior
fidelity, it suffers from significant computational overhead. As the resolution in-
creases, the number of sparse voxel tokens can exceed 20K, leading to expensive
attention computation.

2.3 Autoregressive Mesh Generation

MeshGPT [42] introduced a vertex-by-vertex autoregressive generation approach
for meshes, producing outputs that closely resemble those created by human
artists, making them particularly valuable in applications such as gaming and
digital content creation. Building on this direction, MeshAnything [5] proposed
a scalable shape-to-mesh training setting focused on topology generation. Sub-
sequent developments [4, 6, 12, 44, 52, 55, 71], demonstrated that with large-scale
training data, such models can generate highly detailed meshes with thousands
of faces. This line of work stands out for its ability to produce artist meshes,
though it also faces challenges related to high computational cost.
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Fig. 3: Pipeline Overview. We introduce Ultra3D, an efficient and high-quality
3D generation framework that first generates sparse voxel layout via VecSet and then
refines it by generating per-voxel latent. The core of Ultra3D is Part Attention, an
efficient localized attention mechanism that performs attention computation indepen-
dently within each part group. Besides, when the input condition is an image, each
part group performs cross attention only with the image tokens onto which its voxel
tokens are projected.

3 Preliminaries

3.1 Sparse Voxel-based Representations

Introduced by [59], sparse voxel-based representations [13, 26, 59, 65] compress
a 3D object into a set of latent features distributed over a sparse voxel grid.
Formally, a shape is encoded as a collection of tuples {(zi,pi)}Li=1, where pi ∈
{0, . . . , N−1}3 denotes the coordinate of an active voxel in a cubic grid of resolu-
tion N , and zi ∈ RC is the latent vector associated with that voxel. This formu-
lation preserves both geometric fidelity and spatial locality, making it well-suited
for high-resolution surface modeling.

The generation of this representation typically follows a two-stage pipeline [59].
In the first stage, the coordinates {pi}Li=1 are compressed into a low-resolution
continuous feature grid S ∈ RD×D×D×C using a lightweight 3D convolutional
VAE. A DiT [38] is trained to generate S from noise. In the second stage, an-
other DiT conditioned on {pi}Li=1 generates the corresponding latent features
{zi}Li=1. Both stages are trained independently using the conditional flow match-
ing (CFM) objective [30].

3.2 Vector Set Representation

The Vector Set (VecSet) [68] representation is a compact and permutation-
invariant representation for 3D object modeling, designed to facilitate scal-
able generative pipelines. VecSet encodes a 3D object as an unordered set of
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512-64+Downsample 512-64 1024-128+Downsample 1024-128 (Ours)

Fig. 4: Impact of Resolution on Generation Quality. We compare results under
different configurations, where “512-64” denotes a mesh resolution of 512 and a sparse
voxel resolution of 64. In previous works, to reduce computational cost in the second
stage, the sparse voxels are typically downsampled by half before attention computa-
tion in the DiT, then upsampled afterward, annotated as “Downsample” in the figure.
As shown, both the mesh resolution and the sparse voxel resolution used during at-
tention computation significantly impact the final quality. However, due to efficiency
constraints, prior methods were limited to lower resolutions. In contrast, our efficient
framework supports higher sparse voxel resolutions, making high-quality generation
feasible.

latent vectors, where each latent vector encodes localized 3D shape and se-
mantic attributes. With only a few thousand vectors per shape, VecSet sup-
ports fast diffusion-based generation, scaling well to high-resolution 3D synthe-
sis [68, 70,72].

While sparse voxels offer strong expressiveness and state-of-the-art surface
fidelity [13, 26, 59], their large token count at high resolutions poses significant
challenges for efficient training and inference. In contrast, the compactness of
VecSet [68] enables fast generation with only a few thousand latent tokens per
shape, but its lack of explicit spatial structure limits its ability to capture fine-
grained geometry, making it less suitable for high-resolution surface modeling.

4 Method

We present Ultra3D, an efficient 3D generation framework that supports high-
resolution and high-fidelity modeling. It first produces sparse voxels using the
compact VecSet representation [68], and then refines them through per-voxel
latent generation [59], achieving both speed and fidelity.

At the core of Ultra3D is Part Attention, an efficient attention mech-
anism designed to accelerate sprase voxel generation by performing attention
computation independently within each part group (see Sec. 4.1). We describe
the overall generation pipeline in Sec. 4.2, and introduce our scalable part an-
notation pipeline in Sec. 4.3.
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4.1 Part Attention

In the widely used sparse voxel generation pipeline [59], the primary compu-
tational bottleneck lies in generating the local latents {zi}Li=1. For instance,
generating a 1024-resolution mesh typically requires performing attention over
sparse voxel at resolution 64 or 128. In these cases, the average number of active
voxels reaches approximately 20K and 60K, respectively. This makes attention
computation prohibitively expensive due to its quadratic scaling with respect
to token count. Moreover, as the mesh resolution increases, the corresponding
sparse voxel becomes more detailed and effectively captures the global shape and
topology of the object. Consequently, the role of sparse voxel latent generation
shifts toward refining local surface geometry rather than modeling the overall
structure. These observations suggest that full global attention across all tokens
is both unnecessary and inefficient.

A straightforward solution is to introduce more efficient attention mecha-
nisms, such as window attention, as explored in the context of large language
models [1]. However, as illustrated in Fig. 2, these methods cannot be directly
applied to our case. These attention strategies often adopt a certain fixed pattern
and leads to attention boundaries that misalign with the semantic layout of the
object, leading to inconsistent styles and degraded performance. We find that
the fundamental reason is the structural complexity of 3D assets: unlike text se-
quences, 3D sparse voxel cannot be easily divided into semantically meaningful
local blocks using fixed partitioning schemes.

The above observations motivate the introduction of a new 3D attention
design, Part Attention. Part Attention performs grouping based on externally
provided part information. Specifically, for each active voxel pi, we assign a part
index ai ∈ {1, . . . ,K}, where K denotes the number of part groups. Based on
this grouping, we apply attention computations that are restricted within each
part. Part Attention respects semantic boundaries and object structure, thereby
preserving consistency and high-quality output. We next illustrate the designs
of Part Self Attention and Part Cross Attention.

Part Self Attention. During self-attention computation, each token only
attends to other tokens that belong to the same part. Let Attn(i, j) denote
the attention mask value from the token located at pi to the token at pj . The
attention is masked as:

Attn(i, j) = 0 if ai ̸= aj . (1)

This masking strategy enforces part-level locality by restricting attention to
within each part group, enabling more structured and efficient attention compu-
tation. Under the assumption that each part group contains a similar number of
tokens, the computation cost of attention is reduced by nearly a factor of K.

Part Cross Attention. In the image-to-3D setting, cross-attention be-
tween the 3D sparse voxel and the image features becomes increasingly expen-
sive at high resolutions. To reduce this cost, we also leverage the part index
ai ∈ {1, . . . ,K} to constrain attention across modalities.
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Our goal is to allow each 3D voxel to only interact with 2D image regions
that correspond to the same part. To implement this, we project each 3D part
group onto the condition image using externally provided camera parameters,
and assign the part index to the pixels onto which the 3D voxels are projected.
Since multiple 3D parts may project onto the same pixel, each 2D image token
is associated with a set of part indices.

Let Attn(i, j) denote the attention mask value from the voxel token located
at pi to the image token indexed by j, and let Aj denote the set of part indices
assigned to the j-th image token. The attention is masked as:

Attn(i, j) = 0 if ai /∈ Aj , (2)

ensuring that each voxel token only attends to pixels aligned with its own part
group. This masking reduces the overall cross-attention cost while preserving
semantic consistency between 3D and 2D tokens.

In Ultra3D, the part labels required by Part Attention are provided by
PartField [31]during both training and inference. For camera information, we
use ground-truth cameras during training and obtain estimated cameras from
the VecSet decoder during inference.

4.2 Ultra3D

Following [59], our generation pipeline is divided into two stages: the first stage
generates sparse voxel coordinates that capture the overall object structure, and
the second stage refines these coordinates by producing high-quality per-voxel
latent features for final mesh reconstruction.

VecSet-based Sparse Voxel Generation. In our initial experiments, we
adopted the sparse voxel generation architecture from Trellis [59], as outlined
in Sec. 3.1. However, we found that this design struggles to balance quality
and efficiency at high resolutions. As shown in Fig. 4, when aiming to generate
meshes at a resolution of 1024, high-quality results typically require sparse voxels
at 128 resolution. Under Trellis [59] formulation, this corresponds to applying
diffusion-based generation over a 323 dense grid, equivalent to full attention over
32K tokens, which incurs prohibitive computational cost during both training
and inference. Alternatively, downsampling to a 163 grid reduces the token count
but leads to a significant drop in generation quality, making it inadequate for
high-fidelity outputs.

Faced with this dilemma, we turn to VecSet [68] for its compact representa-
tion and generation efficiency, making it a suitable choice for modeling coarse
object structures at scale. As the vector set typically contains only a few thou-
sand tokens, its computational cost is significantly lower than that of sparse
voxel-based methods. Specifically, we first use it to generate a 512-resolution
mesh, which is then voxelized into sparse voxel. Since the sparse voxel typically
has a resolution of 64 or 128, the surface fidelity limitations of VecSet-based
models are largely mitigated and have minimal impact on downstream quality.
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As illustrated in Sec. 3.2, our implementation of VecSet [68] generation
pipeline follows [72]. The shape VAE encodes point clouds sampled from mesh
surfaces into a fixed-length vector set, and decodes them into Sign Distance Func-
tion (SDF). In addition, since Part Cross Attention requires camera information,
we also encode the camera parameters into the latent vector.

Sparse Latent Generation. Despite the efficiency of VecSet [68], its inabil-
ity to capture fine surface geometry necessitates a subsequent refinement stage
using sparse voxel-based method. We follow Trellis [59] and adopt a 3D sparse
VAE, along with its corresponding flow-matching DiT, to generate per-voxel la-
tents {zi}Li=1. We adopt the Sparconv-VAE introduced by [26] as our 3D sparse
VAE. It compresses 3D shapes into sparse voxel with latents {(zi,pi)}Li=1 as
illustrated in Sec. 3.1.

For DiT modeling, we replace most attention blocks with Part Attention to
improve efficiency. A small number of full attention layers are retained to align
styles across part groups. However, since full attention at high resolutions is com-
putationally expensive, we introduce a residual block that performs full attention
at a lower resolution. Specifically, as shown in Fig. 3, we downsample the sparse
voxels, apply full attention, and then upsample the features to fuse them back,
enabling efficient cross-part communication at low cost. In practice, we stack one
full-attention block followed by three Part Attention blocks repeatedly to build
the DiT architecture.

The part labels are provided by an external part annotation model [31] during
both training and inference. Note that recent advances in VecSet-based part-
aware 3D generation [29,45,63] offer an alternative for directly generating sparse
voxels with part annotations, which can be integrated into our framework.

It is worth noting that, for annotation efficiency, we use a fixed 8-part group-
ing during training. However, this does not limit the model’s flexibility at infer-
ence time, as it can accept inputs with varying numbers of part groups. Besides,
our experiments in the supplementary material show that our model consistently
produces high-quality outputs even when the number of part groups differs from
that used during training.

4.3 Sparse Voxel Part Annotation

In this section, we illustrate our data preprocessing pipeline for producing part
annotations required by Part Attention. While existing large-scale datasets [3,
10, 11] provide a wealth of 3D assets, most of them lack part-level annotations.
Therefore, we construct a part annotation pipeline that efficiently transforms
raw meshes into sparse voxel with part annotations.

Since our goal is to annotate millions of 3D assets, methods that require
several minutes per shape are impractical. We therefore adopt PartField [31], an
efficient and high-quality part segmentation model. PartField is a feedforward
network that takes a point-sampled 3D shape as input and predicts a feature
field in the form of a triplane, which is subsequently clustered to obtain part-
level segmentation. Its fast inference speed and reasonably accurate predictions
make it well-suited for large-scale preprocessing.
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To process raw mesh into sparse voxels with part annotations, we first uni-
formly sample point clouds from the mesh surface and input them into Part-
Field [31] to obtain a triplane feature field. We then query per-point features
of the sampled point clouds from the triplane and voxelize the raw mesh. For
each voxel, we average the features of the sampled points within it to produce
a sparse voxel with part-aware voxel features. Finally, we apply Agglomerative
Clustering to segment the voxels into parts based on these features [31].

A key challenge during clustering is determining the appropriate number of
part groups. Since Part Attention benefits from part segmentation that aligns
with geometric structures, the ideal number of clusters can vary across different
objects. Using too many clusters results in over-segmentation with noisy and
fragmented parts, while too few clusters limit the computational advantage of
Part Attention. Although one could design heuristics to adaptively determine
the optimal number of clusters per object, we found this significantly increases
the preprocessing cost. As a practical compromise, we apply a fixed number of
clusters to all meshes and empirically set the number to 8. This setting yields
reasonable part segmentations for the vast majority of samples.

After clustering, we apply two filtering criteria to discard samples with sub-
optimal segmentations. First, we heuristically assume that samples dominated
by a single part group tend to exhibit poor segmentation quality. To identify
such cases, we compute the voxel ratio of each part group, square these ratios,
and sum them as a measure of imbalance. A higher score indicates a more uneven
part distribution. Samples exceeding a fixed threshold are removed to eliminate
those with overly dominant part groups. Second, well-segmented shapes typi-
cally exhibit strong spatial consistency, where most voxels are surrounded by
neighbors that share the same part label. To quantify this, we define a met-
ric called neighborhood inconsistency, the proportion of voxels whose neighbors
have different part labels. Samples with low full-neighborhood consistency are
discarded, as they often reflect fragmented or noisy segmentations. With filtering
included, the full preprocessing pipeline is highly efficient, processing each mesh
in just 2 seconds on an A800 GPU. As shown in our supplementary material,
most processed samples exhibit high-quality segmentations, demonstrating the
reliability of our annotation pipeline.

During inference, we first pass the input image through our sparse voxel
generation pipeline to obtain a coarse mesh. We then apply the same part an-
notation procedure to obtain a part-labeled sparse voxel, which is required by
the Part Attention.

5 Experiments

5.1 Implementation Details

Ultra3D adopts a sparse voxel resolution of 128 and produces output meshes
at a resolution of 1024. Unless otherwise specified, all results reported in this
paper are generated with this setting. Our 3D sparse VAE adopts the settings
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from [26]. The VecSet-based generator follows the configuration of [72], while
our part-aware DiT is built upon [59], incorporating the modifications described
in Sec. 4.2, and scaling up the model size to 1.8B parameters.

All models are trained on a private 3D dataset with 1000k high-quality 3D
objects, annotated using the part annotation pipeline detailed in the main paper.
Following the procedure described in the method, we exclude samples where
the sum of squared part ratios exceeds 25% or the neighborhood inconsistency
exceeds 25%. The SparConv-VAE [26] is trained for 2 days on 32 A800 GPUs;
the VecSet-DiT [38,68] is trained for 15 days on 128 GPUs; and the part-aware
DiT is trained for 15 days on 256 GPUs with a total batch size of 256.

For training the part-aware DiT, we use the AdamW [19] optimizer with a
learning rate of 1e-4 and no weight decay. An exponential moving average (EMA)
with a rate of 0.9999 is applied. The unconditional guidance probability is set
to 0.1, and the timestep sampling schedule follows a Logit-Normal distribution
with a mean of 0 and standard deviation of 1. The model is conditioned on
DINOv2 [37] image embeddings. At inference time, we sample with a classifier-
free guidance [15] scale of 3.5 over 25 steps.

5.2 Qualitative Experiments

Comparison with Concurrent Methods. As shown in Fig. 5, Ultra3D con-
sistently outperforms prior methods in visual quality, demonstrating notable im-
provements in geometric detail and surface accuracy. These gains highlight the
effectiveness of our framework and the benefits of our efficient and high resolution
design.
Ablation of Part Attention. As shown in Fig. 2, Part Attention achieves
quality comparable to full global attention, while 3D window attention results
in significantly degraded geometry. This is because 3D window attention relies
on fixed partitions, which often misalign with object semantics and lead to frag-
mented attention computation. In contrast, our Part Attention respects semantic
boundaries and preserves geometric continuity, enabling both accurate surface
modeling and efficient computation. Note that both the Full Attention and 3D
Window Attention models are finetuned from the Part Attention checkpoints
with sufficient training.

Experiments on Robustness of Part Annotation. We use a fixed 8-part
grouping during training. However, we note that this does not limit the model’s
flexibility at inference time, as it can accept inputs with varying numbers of part
groups. Fig. 6 show that our model consistently produces high-quality outputs
even when the number of part groups differs from that used during training.

5.3 Quantitative Experiments

Acceleration Benefits of Part Attention. We evaluate the acceleration ben-
efits of Part Attention under the unified use of FlashAttention-2. As shown in
Tab. 1, both Part Self Attention and Cross Attention significantly reduce com-
putation cost. Consequently, the overall training and inference pipeline is also
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Input Trellis Hi3DGen Direct3D-S2 Comercial Model A Ours

Fig. 5: Comparison with Prior Methods. Our method produces higher fidelity and
richer surface details. As highlighted in the red boxes, our results align more closely
with the input image compared to other methods.

accelerated. Depending on the number of active voxels, the full attention baseline
often requires over 15 minutes to generate a single mesh, an impractical cost,
whereas our pipeline averages just 4 minutes per sample.

We provide additional quantitative experiments in the supplementary mate-
rial.
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Fig. 6: Robustness of Part Annotation. Although our method is trained using data
with exactly 8 part groups, we find it to be robust to variations in part annotation.
Varying the number of part groups has little impact on generation quality, suggesting
that increasing the number of annotated part groups can further accelerate computa-
tion without compromising performance.

6 Limitations and Future Works

Although Ultra3D achieves efficient, high-quality 3D generation, inference speed
remains limited. Future work could reduce latency by improving the 3D repre-
sentation and attention. The sparse voxel representation still uses many tokens,
increasing sequence length and attention cost at high resolutions. Moreover, at-
tention can remain near-dense despite locality heuristics, leading to high runtime
and memory. Sparsity-friendly attention for 3D sparse voxel is a promising di-
rection.

7 Conclusion

In this work, we aim to address the computational bottlenecks of sparse voxel-
based 3D generation. We identify the inefficiency of traditional two-stage pipelines
and propose a more scalable alternative by first generating a coarse mesh using
VecSet and then voxelizing it into sparse voxels for refinement. To further allevi-
ate the cost of full attention in the second stage, we introduce Part Attention, a
geometry-aware attention mechanism that restricts computation to semantically
coherent part groups. This design preserves detail while significantly reducing
computation. To support this, we construct a large-scale, efficient part annota-
tion pipeline, enabling high-quality part annotation at scale. Through extensive
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Table 1: Efficiency Comparison. Part Attention significantly accelerates compu-
tation over full attention. Substituting most DiT layers with Part Attention yields a
substantial speed-up in both training and inference. All attention blocks are imple-
mented with FlashAttention-2 [9].

Part Self Attention Part Cross Attention DiT Training DiT Inference

Speedup Rate 6.7× 4.1× 3.1× 3.3×

experiments, we demonstrate that our framework Ultra3D achieves state-of-
the-art visual quality with substantially improved efficiency in both training and
inference, making high-resolution 3D generation more tractable and practical.
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