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Figure 1. High quality 3D assets generated by LATTICE from a single image.

Abstract

We present LATTICE, a new framework for high-fidelity
3D asset generation that bridges the quality and scalabil-
ity gap between 3D and 2D generative models. While 2D
image synthesis benefits from fixed spatial grids and well-
established transformer architectures, 3D generation re-
mains fundamentally more challenging due to the need to
predict both spatial structure and detailed geometric sur-
faces from scratch. These challenges are exacerbated by
the computational complexity of existing 3D representa-
tions and the lack of structured and scalable 3D asset en-
coding schemes. To address this, we propose VoxSet, a
semi-structured representation that compresses 3D assets

* Equal contribution.  Corresponding authors.

into a compact set of latent vectors anchored to a coarse
voxel grid, enabling efficient and position-aware genera-
tion. VoxSet retains the simplicity and compression ad-
vantages of prior VecSet methods while introducing explicit
structure into the latent space, allowing positional embed-
dings to guide generation and enabling strong token-level
test-time scaling. Built upon this representation, LATTICE
adopts a two-stage pipeline: first generating a sparse vox-
elized geometry anchor, then producing detailed geometry
using a recitified flow transformer. Our method is sim-
ple at its core, but supports arbitrary resolution decoding,
low-cost training, and flexible inference schemes, achieving
state-of-the-art performance on various aspects, and offer-
ing a significant step toward scalable, high-quality 3D asset
creation.
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1. Introduction

Creating high-quality 3D assets is central to modern con-
tent pipelines across visual effects, gaming, virtual reality,
and industrial design. Yet, manual creation remains labor-
intensive and demands expert skills. Thus, automating 3D
asset generation has become a key challenge at the intersec-
tion of vision, graphics, and machine learning.

Despite the impressive progress demonstrated by re-
cent advances in 3D generation [46, 55, 57], the question
of how to represent 3D assets remains the “dark cloud”
over scalable 3D generation — a fundamental problem
that continues to hinder progress in fidelity, efficiency, and
generalization. This challenge is deeply intertwined not
only with classical 3D representations — such as meshes,
point clouds, Signed Distance Functions (SDFs), radiance
fields [28], and 3D Gaussian Splattings [14] — but also
with VAE [6] representations adopted by latent diffusion
models [35], a key paradigm underpinning the recent ad-
vances in 3D generation, as well as in image and video syn-
thesis [16, 17]. Even with latent diffusion—based compres-
sion, the underlying complexity of 3D structure and its cu-
bic growth in memory and computation remain major obsta-
cles, underscoring the need for compact representations. As
a result, compression, reconstruction, and generation have
become even more crucial in 3D learning, standing as long-
standing themes throughout prior research.

The pursuit of such an ideal 3D representation has thus
led to what we call representation-centric research, primar-
ily revolving around compression and reconstruction by two
leading paradigms: Sparse Voxel and VecSet. Sparse Voxel-
based methods [34, 46] aim for efficiency by restricting
computation to the active voxels near the object surface.
However, as reported in Trellis [46], even with the inher-
ent sparsity of 3D data, the sequence length of active vox-
els can be expensively long for training (over 20,000 at 643
resolution), necessitating complex system designs based on
sparse convolution [3] and attention mechanisms [4, 25],
which leaves its scalability an open question. Nonethe-
less, the structured latent space provides strong flexibility
for editing and broad generalization to diverse downstream
tasks [5, 12, 19, 51]. VecSet-based approaches [54, 55, 57]
offer a more compact and elegant alternative by compress-
ing 3D objects into a small set of feature vectors via cross-
attention between densely sampled point cloud and sparsely
sampled point queries — a set of point coordinates uniformly
sampled in the object surface. Remarkably, as few as 3,072
vectors can already yield excellent reconstruction quality,
making VecSet-based models highly efficient. Moreover,
all operations within these models — including the VAE
and DiT components — can be implemented using standard
self- and cross-attention layers, enabling excellent scalabil-
ity within modern transformer architectures. Despite the
strong advances in compression and reconstruction, current

VoxSet (Ours):

Figure 2. Ilustration of test-time scaling in our model. The model
is trained with up to 6,144 tokens, but is evaluated under different
token counts at test time, showing notable improvements.

models remain notably behind 2D latent diffusion models
in quality and scalability, leaving the enhancement of 3D
generation capability an open and underexplored challenge.

In this paper, we seek to answer a central question in a
generation-centric perspective, i.e.,

What truly defines a good representation for 3D
diffusion generator itself?

From this viewpoint, we start by asking — why does 3D
generation still significantly lag behind 2D in quality and
scalability? At its core, the gap stems from a fundamental
difference in how the generative task is framed. In 2D im-
age synthesis, the spatial grid is predefined — models only
need to infer RGB values at fixed pixel coordinates (a secret
condition that greatly simplifies the denoising processes).
3D generation, however, faces a far more open-ended task:
it must discover both where to place content in space and
what to represent there (e.g., SDF, RGB). This joint rea-
soning over structure and content dramatically expands the
search space and introduces ambiguity, making optimiza-
tion harder and scaling behavior less predictable'.

At first glance, Sparse Voxel may seem a promising
choice due to its inherent spatial structure. While this holds
true, we instead still prefer a VecSet-based representation
for its distinctive advantages we detailed later, more impor-
tantly, its strong capability for test-time scaling, as illus-
trated in Fig. 2. Building upon the insights discussed ear-
lier, we demonstrate that it is possible to combine the best
of both worlds through Localizable Code — a unified and
high-level abstraction for any representation that tackles the
joint reasoning problem. Crucially, it is localizability rather
than structure that truly matters. Guided by this principle,
our key idea is to add localizable structure to VecSet [54]
latent codes. In other words, we aim to decouple the predic-
tion of where and what, and guide the unstructured VecSet
generation with structure/position, mimicking the success
of image generation based on a 2D grid.

To achieve this, we investigate the positional informa-
tion secretly encoded in VecSet latent produced by point
queries, i.e., each latent is strongly correlated with regions

I'See Appendix for more discussions.
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Figure 3. LATTICE system: At its core is a novel VoxSet repre-
sentation, enabling scalable 3D modeling from 0.6B to 4.5B.

near the position of its corresponding point query, as hinted
in [18]. However, this information can hardly help during
the generation as the positions of point queries are unknown
at test time. Therefore, we introduce voxel queries as a per-
fect replacement of point queries. Instead of utilizing point
coordinates on the surface, we use the center coordinates
of the active voxel intersecting the object’s surface. These
active voxel grids can be very coarse, thus can be easily
obtained, during the test time, by voxelizing an existing ge-
ometry generated by any off-the-shelf geometry generation
models [13, 46] with less perfect quality.

As aresult, our first improvement leads to VoxSet, a new
semi-structured representation that inherits the efficiency
and simplicity of VecSet [54], while introducing structure
into its latent space. This design brings several unique ben-
efits: (1) it enables flexible encoding and decoding in abri-
trary resolution, which makes training particularly cheap as
multi-stage training is possible by pretraining on very low
token size and progressively scaling the tokens up; (2) ev-
ery latent in VoxSet is structured, anchored in a 3D regular
voxel grid so that the position information can be directly
injected into the diffusion transformer (DiT) [31] through
positional embedding [40, 42], which provides strong guid-
ance during diffusion generation and is proven to be essen-
tial in model scaling in our experiment.

Based on VoxSet, we present LATTICE, a general frame-
work designed to generate high-fidelity and detailed 3D
assets. LATTICE employs a two-stage pipeline. In the
first stage, it generates a sparse voxel grid by voxelizing
a coarse mesh produced by any off-the-shelf model, such as
Hunyuan3D-2 [57] or Trellis [46]. In the second stage, it
generates geometry VoxSets at arbitrary resolutions (num-
ber of tokens) within the selected voxel grid. Built on rec-
tified flow transformer [17] and a progressive training strat-
egy, we train a family of large-scale image-to-3D genera-
tion models — with up to 4.5 billion parameters, as shown
in Fig.3, capable of producing detailed meshes from a sin-
gle image. Through extensive evaluation, we demonstrate

that LATTICE exhibits strong superiority against previous

state-of-the-art models, and is distinguished by several key

strengths, as summarized below:

* Test-time scaling. Our model exhibits a strong test-time
scaling effect. The model trained with up to 6144 to-
kens/voxel cells can be directly scaled to up to 30720 to-
kens during the test time, with consistent improvement.

¢ Low-cost training. Our base model, with 2 billion pa-
rameters, can be effectively trained in under 24 hours us-
ing 64 GPUs, while still significantly outperforming pre-
vious methods.

» Simplicity. The model architecture is exceptionally sim-
ple — relying solely on a pure Transformer design, with-
out any complex or sparse components.

* Exceptional performance. Our model achieves signifi-
cantly strong performance in 3D generation, excelling in
geometry smoothness and detail preservation.

LATTICE represents a significant step forward in next-
generation 3D assets generation, bridging the gap between
generated and handcrafted 3D assets. We hope this work
offers valuable insights into effective scaling of 3D genera-
tion models and opens up new possibilities for automated,
high-fidelity 3D content creation.

2. Related Works
2.1. 3D Representations

Unlike images and videos, which are universally repre-
sented by pixel colors, 3D assets exhibit a wide vari-
ety of representations tailored to different application con-
texts [24, 28, 38, 47]. Common atomic representations in-
clude voxels, point clouds, Signed Distance Fields (SDF),
polygon meshes, DMTet [37], Flexicube [38], Neural Ra-
diance Fields (NeRF) [28], and Gaussian Splatting [14],
among others. These representations, whether explicit or
implicit, serve distinct roles in the 3D industry—for exam-
ple, point clouds are prevalent in perception tasks like au-
tonomous driving [33], NeRF excels in novel view render-
ing, and polygon meshes remain the standard for gaming
and real-time applications. These atomic representations
can often be converted between one another—for example,
polygon meshes can be extracted from SDFs via the march-
ing cubes algorithm [26]. Ultimately, the choice of repre-
sentation is task-dependent and directly influences network
design, e.g., autoregressive models [43] for meshes, and dif-
fusion models [58] for SDF.

Nonetheless, even lightweight and flexible representa-
tions such as implicit functions still impose significant
modeling and computational burdens on deep neural net-
works, especially diffusion models [35] — the current golden
paradigm for 3D generation. As a result, the latent rep-
resentations of 3D assets have emerged as a new research
focus, aiming to enhance efficiency. These representations,
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with difference by their own, can be generally categeoried
into three popular types, i.e., (1) VecSet, represented by
3DShape2VecSet [54], compress 3D shapes into 1D latent
sets; (2) Triplane, represented by Direct3D [11], compress
shapes into three orthogonal features planes; and (3) Sparse
Voxel, represented by XCube [34], converted 3D assets into
features anchored on sparse voxels. A long-standing be-
lief holds that the spatial locality of sparse voxel representa-
tions helps preserve fine details, whereas VecSet represen-
tations, despite their efficiency, tend to lose details due to
their global modeling. In this paper, we challenge this idea
and identify that the key for 3D generative models lies not
in locality, but in a well-known structure at test time. Here,
we introduce VoxSet, a semi-structured latent representa-
tion that combines efficiency and strong expressiveness.

2.2. Geometry Generation

3D geometry generation has advanced rapidly in recent
years. Early works [36, 44, 48, 53] based on different
generative models [7, 15, 30] demonstrated the prelimi-
nary potential for generating specific categories of geom-
etry. With the rise of diffusion models [10, 35], 3D geome-
try generation methods based on score distillation [32] have
been introduced, enabling text-to-3D generation by lever-
aging text-to-image models. Feedforward methods such as
LRM [11], Hunyuan3D 1.0 [50], and LGM [41] represent
another line of research focused on generating 3D assets in
a single step. On the other hand, autoregressive models, e.g.
MeshGPT [39], BPT [43], and Meshtron [8] have become
popular for mesh generation with human-like topology.
Recently, native 3D diffusion models have significantly
improved generation quality by utilizing 3D data. No-
table examples include Michelangelo [56], CLAY [55],
Hunyuan3D 2.0 [57], TripoSG [22], and Step1X-3D [21],
building on 3DShape2VecSet [54]. Despite great success,
these methods seem to struggle at generating highly detailed
meshes. On the contray, another line of research, follow-
ing XCube [34], shows promising results by works as Trel-
lis [46], Hi3DGen [52], SparseFlex [9], Sparc3D [23] and
Direct3D-s2 [45]. Nevertheless, we show that it is effective
scaling through localizable guidance, rather than VecSet or
XCube, that matters in detailed geometry generation.

3. Scalable 3D Generative Modeling

The goal of LATTICE is to explore a new paradigm for scal-
able 3D generative modeling. To achieve this, a key de-
sign choice in our approach is utilizing a coarse geometry
structure as strong guidance for detailed geometry genera-
tion. This design, despite being used in many voxel-based
approaches, such as XCube [34] and SLAT [46], is signifi-
cantly underestimated. In this work, we show that it is ac-
tually essential for effective model scaling and performance
improvement, no matter what the representation is.

LATENT.REPRESENTATIQ

Learnable.
Embedding

Voxel Queries

Learnable Queries Point Queries

Figure 4. Illustrations of different latent representations and dif-
ferent query types.

3.1. VoxSet Representation

Underlying the architecture of LATTICE, it is VoxSet rep-
resentation that builds up the core of the entire system. Ex-
isting 3D representations—such as meshes, point clouds,
signed distance field (SDF), NeRF [28], FlexiCubes [38],
VecSet [54], and SLAT [46]—can be broadly categorized
into two types. The first includes explicit or implicit atomic
representations, such as point clouds, SDFs, and NeRF,
which directly encode geometry or appearance. The second
includes latent representations, such as VecSet and SLAT,
which are built upon atomic representations with variational
autoencoders (VAE) [0, 15] and tailored for building com-
pact latent space in latent diffusion models [35].

VoxSet is a latent representation guided by two key prin-
ciples: scalability and structural latent space. To support
scalability, VoxSet compresses any 3D asset into a sequence
of latent tokens via a cross-attention mechanism, following
the design of 3DShape2VecSet [54]. Formally, given a 3D
object, we employ a VAE to encode its point cloud represen-
tation and reconstruct the corresponding SDF, from which a
surface mesh can be extracted via the Marching Cubes algo-
rithm [26]. The input point cloud P € RV *7 captures mul-
tiple attributes per point, where N denotes the total number
of points and each point encodes its 3D coordinates, surface
normal, and a binary sharpness indicator marking whether it
lies on a sharp edge. Following the strategy in Hunyuan3D-
2 [57], the point cloud is constructed by combining uniform
sampling over the surface with importance sampling around
sharp edges to better preserve high-frequency details.

Efficient Scaling via Sparsity. The latent represen-
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Figure 5. LATTICE Model Architecture: it features a two-stage coarse-to-fine pipeline and a novel VoxSet VAE and DiT.

tation, i.e., a token sequence, is obtained via performing
cross-attention between the input point cloud and a set of
query tokens following a series of self-attention layers. The
decoder is designed symmetrically, where the SDF grid co-
ordinates serve as queries of the cross-attention against la-
tent tokens. Notably, these latent tokens, in fact, secretly
encode the global signals; thus we could represent any 3D
object with a latent sequence of any length [2, 55, 57]. This
is particularly useful as progressive token scaling (a more
fine-grained strategy than progressive resolution scaling) is
possible to greatly reduce the training cost, e.g., starting
pretraining from 1024 tokens and progressively increasing
to more. Even more, as evidenced in FlashVDM [18], a dif-
fusion model trained on 512 latent tokens can be directly
scaled up to 3072 tokens in test-time with better perfor-
mance, which makes VoxSet particularly economical.

Voxel Queries for Detail Modeling. The choice of
query set is a crucial design choice in VecSet-like meth-
ods [54, 56], which also serves as a key distinguishing factor
of VoxSet. In 3DShape2VecSet [54], two types of query set,
i.e., learnable queries and point queries, are proposed. The
learnable queries encode the global statistics and are easy
to train, but are limited in scaling up for better reconstruc-
tion and generation performance. Point queries are down-
sampled point clouds with furthest point sampling, which
encode local information around the queries and support
encoding-decoding at arbitrary resolution, favoring low-
cost progressive scale-up. Moreover, the locality of latent
tokens encoded by point queries is very strong and corre-
lated with their position, as discussed in FlashVDM [18].

In other words, the latent set from point queries is or-
dered with position information secretly encoded. How-
ever, none of existing models [22, 55, 57] utilize the in-
formation. One of the biggest obstacles is that point queries
are sampled on the object surface, whose positions are un-
known during test time. To address this problem, we intro-
duce Voxel Queries, a query set anchored at the center of
active voxels intersecting with the object surface, as shown
in Fig. 4. Voxel Queries are not sampled on the surface but
on a coarse voxel grid, so that their position can be easily
obtained during test time by a coarse structure generation
stage. Besides, the voxel center is decorrelated with dif-
ferent surfaces, reducing the training-test gap and greatly
improving the generalization capabilities at test time.

3.2. Detailed Geometry Generation

As shown in Fig. 5, we introduce a two-stage pipeline to
fit the proposed VoxSet representation for generating ge-
ometry with ultimate details. The first stage generates the
coarse sparse structure given the input image by voxelizing
the results of off-the-shelf pretrained 3D generators [57].
The second stage generates sparse voxel latents anchored at
the voxel centers of the previous sparse structure.
Semi-Structured Geometry VAE. We adopt the pro-
posed VoxSet representation to train a semi-structured ge-
ometry VAE. As illustrated in Fig. 4, our method com-
bines the strengths of VecSet [54] and SLAT [46], keep-
ing latent tokens compact and structural. To support multi-
resolution voxel structures, instead of randomly sampling
voxel queries at various resolutions, we propose a simpler
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approach that supports arbitrary resolutions. Specifically,
we jitter the point queries during training by adding a small
random offset € ~ U [5#, 5], where R is the smallest
resolution we aim to support. At test time or during diffu-
sion training, voxel queries can be sampled at any resolution
greater than R. The other aspects of our VAE are the same
as in Hunyuan3D-2 [57], except we only sample queries
from a uniformly sampled point cloud.

Adding Structure to Diffusion Transformer. Follow-
ing Hunyuan3D-2 [57], we utilize a rectified-flow trans-
former to generate the VoxSet. Instead of solely condition-
ing on the input image, we propose to utilize the structure of
VoxSet by adding rotary positional embedding (RoPE) [40]
to each noisy latent token. This change, despite being in-
conspicuous at first glance, is crucial in improving model
convergence. The reason behind this can be two-fold,
firstly, the amount of available 3D data is much smaller than
2D image and video counterparts, which makes the latent
space severely unoccupied. Secondly, geometry generation
is drastically different and a more difficult task than image
generation due to its sparsity, i.e., the 3D geometric surface
occupies only a small portion of its bounding box while ev-
ery pixel in the image has an RGB value. As a result, previ-
ous approaches [55, 57] that only use a single image as con-
dition could hardly guide the denoising trajectory towards
detailed geometry. To reduce the training cost, we intro-
duce two simple strategies: (1) instead of utilizing all struc-
ture tokens, we randomly sampled a fixed number of tokens
during the training, which is much smaller than sparse voxel
methods [46]; (2) we adopt a progressive training strategy
by first training on 1024 tokens and progressively scaling
up to 6144 tokens.

Image Conditioning. Following Hunyuan3D-2 [57], we
use Dinov2-Giant [29] for image conditioning, taking the
last hidden layer embedding without the class token. Dif-
ferent from Hunyuan3D-2’s 518 resolution, we use 1022
for finer details. The object is cropped via a binary mask
while keeping the aspect ratio to reduce token length. No
extra positional embedding is added, as Dino already en-
codes sufficient spatial information.

Training and Test-time Scaling. We train several mod-
els in different model sizes, ranging from 0.6B to 4.5B. As
shown in Fig. 6, our model exhibits stable scaling effect —
the bigger the better. Moreover, our model surprisingly re-
veals test-time scaling effect in token length as shown in
Fig. 6. Even though our model is trained on 6144 tokens,
we could increase the number of tokens to 12288, 24576,
and even more by sampling more voxel queries.

3.3. Applications

Thanks to the flexible design of the proposed architecture.
We could adapt our model for various tasks.
Mesh Refinement can be extended to a broader context

LATTICE 1.9B

LATTICE 4.58

2 Tokens’ 6144 Tokens 12288 Tokens 24576 Tokens.

Figure 6. Illustration of model/training and test scaling effects.

i
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Refined Mesh Refined Parts

Input Mesh

Input Parts

Figure 7. Illustrations of applications of LATTICE. Mesh refine-
ment in the left and part refinement in the right.

where the image is not aligned or missing, such as control-
lable generation or part refinement [49] as in Fig.7.

Mesh Editing is also possible by manipulating the voxel
queries and latent features of the given mesh, using the idea
of Repaint [27], MastControl [1], efc.

4. Experiments

4.1. Reconstruction

We adopt two metrics for evaluating geometry reconstruc-
tion performance, including Chamfer Distance (CD) and F-
score with a threshold of 0.001. To evaluate the reconstruc-
tion accurately, we use points-to-surface distances to cal-
culate the metrics, with the mesh normalized to the range
[-1, 1]. Similar to Dora [2], we construct a benchmark
containing more challenging, detailed assets as LATTICE-
Bench(R). The competing methods consist of (1) repre-
sentative VecSet-based methods: Hunyuan3D-2 [57]; and
(2) Voxel-based methods: SparseFlex [9], and Direct3D-
s2 [45]. The numerical comparison is shown in Tab. 1, the
metrics are multiplied by 10* and 10%. Our method delivers
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Figure 8. Visual comparison of geometry generation against several state-of-the-art open-source methods.

top performance with a much more compact latent repre-
sentation than voxel-based methods.

4.2. Generation.

We evaluate the image-to-geometry generation through var-
ious metrics including ULIP [47], Uni3D [59] for text-mesh
and image-mesh similarities, following Hunyuan3D-2 [57].
We compare our method against (1) open-source meth-
ods, Michelangelo [56], Craftman 1.5 [20], Trellis [46],
Hunyuan3D-2 [57], Hi3DGen [52], and Direct3D-s2 [45];
(2) closed-source methods, which we denote as Model 1-

4. The numerical comparison is shown in Tab. 2, omitting
closed-source methods as obtaining a large amount of their
results is very expensive. We compare LATTICE-1.9B,
which is the closest size to other models. It can be observed
that our method achieves the best performance. Fig. 8 and
Fig. 9 demonstrates the visual comparison, which confirms
the superiority of our method.

4.3. Evaluation

Effect of Voxel Queries. To assess the effectiveness of the
proposed voxel queries, we compare three DiTs, each uti-
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Method | Res- Latent Size | CD(]) F1(71)
Hunyuan3D-2 [57] | N/A 64 x 4096 | 12.35 82.78
N/A 64 x 8192 | 9.157 91.57
SparseFlex [9] | 512 8 x 48557 | 8.020 90.94
1024 8 x 196028 | 2.972 97.76

Direct3D-s2 [45] | 1024 64 x 46592 | 4987 97.46
LATTICE (Ours) | N/A 64 x 4096 | 5.321 95.31
N/A 64 x 8192 | 2909 98.53
N/A 64 x 20480 | 1.893 99.59

Table 1. Quantitative comparisons of geometry reconstruction.

Method | ULIP-T ULIP-I Uni-T Uni-I
Michelangelo [56] | 0.075 0.115 0213 0.261
Craftsman 1.5 [20] | 0.074 0.129  0.237 0.298

Trellis [46] | 0.076 0.126 0249 0.311
Hunyuan3D 2.0 [57] | 0.077 0.130  0.251 0.315
Hi3DGen [52] | 0.066 0.112  0.246 0.299
Direct3D-s2 [45] | 0.074 0.122  0.247 0314
LATTICE-1.9B | 0.078 0.130  0.254 0.315

Table 2. Numerical comparison of geometry generation perfor-
mance on ULIP [47] and Uni3D [59] similarities.

Inputimage

Figure 10. Ablation study on the proposed voxel query and VoxSet
VAE, by incrementally adding each component.

lizing different VAEs and query types, as shown in Fig. 10.
All DiTs were trained for 200k steps (100k on 1024 tokens
and 100k on 3072 tokens). The results indicate that voxel
queries produce fewer artifacts, benefiting from a reduced
domain gap, and the VoxSet VAE introduces more detail
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Figure 11. User study of our method against competitors showing
win rate (%) across Overall, Subject, and Scene categories.

Baseline + Fixed Train + Query Jitter
Res- | 64 128 | 64 128 256 | 64 128 256

CD() | 10.7 7.72 | 6.42 573 5.69 | 6.03 532 536

FI(1) | 853 914|929 945 947|937 953 953

Table 3. Ablation study of VAE training strategies. All settings
are tested with 4096 tokens and voxel queries.

thanks to better reconstruction capability.

Effect of Query Jitter. Voxel queries are essential for
bridging the gap between training and testing results in the
first stage. To evaluate their impact, we ablate several VAEs
with voxel queries by assessing their reconstruction perfor-
mance. The numerical comparison is presented in Tab. 3.
As shown, the original point-query VAE suffers a signifi-
cant degradation when tested with voxel queries. In con-
trast, the Query Jitter VAE outperforms VAEs trained at a
fixed resolution and offers greater flexibility when applied
to varying resolutions.

User Study. We also conducted a user study to assess
human preferences across different methods. As shown in
Fig. 11, our method was compared to four commercial mod-
els. The results clearly show that our method significantly
outperforms the others.

5. Conclusion

We have presented LATTICE, a novel framework that ad-
vances 3D asset generation by introducing Voxset, a semi-
structured latent representation. By conditioning on local-
izable position information, we address key challenges in
computational complexity, scalability, and fidelity for diffu-
sion generation. Our method demonstrates superior perfor-
mance in generating high-quality meshes, achieving stun-
ning detail, smoothness, and sharpness. With its flexible
encoding, low-cost training, and strong test-time scaling,
LATTICE represents a significant step forward in the au-
tomated generation of scalable, high-fidelity 3D content.
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