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Fig. 1: We propose a new two-stage MLLM framework for high-resolution 3D genera-
tion. The model first predicts a saliency map (a), which is then transformed into our
SuperVoxel structure via a customized 3D CVT (b), enabling the extraction of com-
pact and ordered tokens. Finally, our autoregressive model, SuperVoxelGPT, generates
high-resolution 3D geometry based on this representation (c).

Abstract. Autoregressive multimodal large language models (MLLMs)

enable 3D generation but struggle to scale to high-resolution shapes

due to inadequate 3D tokenizations. Compact set-based representations

discard deterministic spatial ordering, leading to ambiguous sequence

prediction, while uniform or octree-based voxel grids preserve ordering

at the cost of severe redundancy and excessively long sequences. This

structural trade-off limits stable and efficient autoregressive 3D gener-

ation. We present SuperVoxelGPT, a representation-first framework

that resolves this tension through adaptive and deterministically ordered

supervozxel tokenization. Given a prompt, we first predict a coarse geo-

metric saliency distribution and construct a shape-adaptive supervoxel

partition using saliency-guided centroidal Voronoi tessellation, allocating

fine-grained cells to complex regions and larger cells to smooth regions.

Conditioned on this prompt and ordered supervoxel layout, we introduce

a SuperVoxelVAE and fine-tune a pretrained MLLM to autoregressively

generate supervoxel tokens. Experiments using Trellis-500K data show

that SuperVoxel GPT reduces token sequence length to 12.8% of uniform

voxel tokenization while achieving state-of-the-art generation quality and

an average 10x speedup over prior methods.
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GPT - 3D Generation
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Fig. 2: (a) Original mesh, (b) Uniform voxel structure, (c) Mesh saliency, (d) Volume
saliency (e) Supervoxel structure

1 Introduction

In recent years, Multimodal Large Language Models (MLLMs) [38] have achieved
remarkable success across a wide range of generative tasks [1]. Built upon pre-
trained large language models and fine-tuned on multimodal data, modern MLLMs
can jointly reason over text and images, advancing text-to-video [31], image-to-
video [19], and text-to-action generation [40], exhibiting both state-of-the-art
generation quality and speed. In contrast to diffusion-based methods that typ-
ically require many iterative denoising steps at training and testing time, au-
toregressive MLLMs, can generate outputs in several left-to-right passes, often
enabling faster inference while maintaining competitive quality [24,29].

Despite these advances, extending MLLMs to high-resolution 3D generation
remains challenging. A central reason is that existing 3D tokenizations are poorly
matched to autoregressive modeling, typically falling into two extremes, either
overly compact [39] or overly redundant [34, 37], which makes it difficult to
achieve both stable sequence modeling and efficient high-resolution generation.

On one end, compact set-based tokenizations [4,14,39] maximize information
density per token by discarding explicit spatial ordering. To achieve such high
compactness, these methods typically encode the entire geometric shape into a
holistic set of latent tokens simultaneously, rather than assigning each token to
a specific, localized spatial region. Consequently, the resulting tokens form an
unordered collection that lacks a deterministic sequence. This structure is poorly
suited to autoregressive modeling, as the absence of a natural order makes se-
quence prediction ambiguous and weakens the ability of MLLMs to learn sta-
ble long-range dependencies. Furthermore, applying quantization on such highly
compressed representations inevitably incurs substantial shape information loss,
degrading generation quality.

At the other end, voxel-based tokenizations [18,34, 37| represent the oppo-
site extreme. By discretizing space into a uniform 3D grid and assigning tokens
densely to capture local geometry (Fig 2, b), they can preserve high-resolution
details with a natural traversal order. However, real shapes exhibit highly non-
uniform geometric complexity (Fig 2, c), and uniform grids inevitably waste a
large fraction of tokens on smooth or planar regions. This leads to prohibitively
long sequences, which undermines inference efficiency and makes autoregressive
training harder to scale, less stable, and more prone to degraded generaliza-
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tion [11,20]. Recently, several methods [13,36] have recognized that such long
sequences harm both efficiency and training stability, and mitigate this issue by
simplifying shapes to a thin layer of surface-intersecting voxels or introducing an
additional super-resolution stage to generate the final detailed geometry. How-
ever, such simplifications are still not thorough enough: these methods continue
to rely on fixed-sized volume tokens to represent shapes, and thus still suffer
from inefliciency and instability of redundant token allocation.

To preserve both the efficiency and generation quality of MLLM-based 3D
generation, we argue that a new 3D representation explicitly designed for au-
toregressive MLLM-based 3D generation is required. And such a representation
should satisfy two properties: (1) a deterministic sequential structure that consis-
tently aligns token order with the shape [33], and (2) adaptive capacity allocation
that concentrates tokens where geometry is complex while avoiding waste where
geometry is simple [15,27]. In this way, the tailored representation can remain
compact and sequential, making it suitable for autoregressive prediction.

Motivated by these observations, we propose a new representation based
on SuperVozels. SuperVoxels partition space into variable-sized cells (Fig 2, e),
naturally enabling adaptive token allocation: detailed regions can be covered
by many small cells, while smooth regions can be represented by fewer large
ones [9, 16]. Moreover, since each supervoxel is associated with an explicit spa-
tial location, we can impose a deterministic ordering over supervoxels, yielding
an autoregressive-friendly 3D token sequence that is both compact and spa-
tially grounded. Compared with unordered set-based tokenizations, this pro-
vides a well-defined generation order; compared with uniform or octree-based
voxel grids, it substantially reduces redundancy while preserving high-frequency
geometric details.

Building on this representation, we introduce SuperVoxelGPT, a two-stage
framework for multimodal 3D generation that decouples where to allocate tokens
from what geometry to generate.

Our main contributions are summarized as follows:

— SuperVoxelGPT Framework. We propose a two-stage MLLM framework
for high-resolution 3D generation: (i) a prompt-conditioned adaptive super-
voxel partition to allocate tokens by geometric complexity, and (ii) efficient
autoregressive generation of supervoxel tokens with Jacobi decoding [24].

— SuperVoxelVAE Representation. We introduce a supervoxel-based 3D
tokenizer that produces a compact, deterministically ordered token sequence
aligned with 3D space, making it well suited to stable and efficient autore-
gressive modeling. Its plug-and-play design allows it to be integrated into any
existing sparse voxel VAE to compress token sequences without modifying
backbone architectures.

— Saliency-driven 3D CVT for SuperVoxels. We develop a customized 3D
CVT variant to generate well-shaped, variable-sized supervoxels for shape-
adaptive tokenization. Experiments show that our approach reduces sequence
length to 12.8% of uniform voxel tokenization, achieves the state-of-the-art
performance, and delivers a 10x average speedup.
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2 Related Works

3D Representation and Tokenization. In recent learning-based 3D generation,
popular 3D tokenization schemes broadly fall into two categories: set-based to-
kenizations and voxel-based tokenizations.

Set-based methods encode shapes as a compact set of latent tokens, treat-
ing geometry as an unordered collection of descriptors. For instance, Shape-2-
VecSet [39] embeds sampled surface points and normals into a vector set us-
ing a Transformer and supervises decoding with surrounding signed distance
field (SDF) values. Subsequent works such as Dora [4] and Hunyuan3D 2.1 [14]
improve sampling strategies by emphasizing salient regions to better preserve
fine details. Recently, EfficientTokenizer [7] further improves the efficiency of
vector-set-based tokenizations by using an octree-based adaptive tokenization.
While vector-set tokenizations are compact and avoid token redundancy, they
commonly exhibit two limitations. First, they are commonly implemented with
full self-attention in prior works, which hampers scaling token count for high-
resolution geometry. Second, by modeling tokens as an unordered set, they dis-
card deterministic ordering, which introduces permutation ambiguity and makes
them less suitable for autoregressive sequence modeling.

Voxel-based tokenizations lie at the opposite end. These methods preserve
explicit spatial structure by discretizing space into voxel grids and assigning fea-
tures to occupied cells. XCube [23] replaces the global VecSet in 3DShape2VecSet
with voxel-aligned SDF and normal features, improving detail preservation.
TRELLIS [37] and Direct3D-S2 [34] adopt two-stage strategies to avoid gen-
erating empty voxels, focusing computation on shape-intersecting regions. Tri-
poSF [10], Sparc3D [18], and TRELLIS2 [36] further scale this paradigm to
higher resolutions. However, treating each grid cell as an individual token ig-
nores the highly non-uniform distribution of geometric complexity, wasting many
tokens on smooth regions and incurring excessive computation.

In contrast, our SuperVoxel-based representation achieves adaptive compact-
ness while preserving a deterministic spatially grounded ordering, making it bet-
ter suited to autoregressive MLLM-based generation.

3D MLLMs for 3D Generation. Recent works have explored MLLM-based 3D
generation by converting 3D geometry into discrete tokens and autoregressively
predicting them. Existing methods fall into two paradigms.

Token-by-token methods, such as MeshGPT [25], MeshAnythingV2 [5], Piv-
otMesh [26], EdgeRunner [28], LLaMA-Mesh [32], and BrickGPT [22], itera-
tively predict the next token conditioned on all preceding tokens. However, 3D
sequences often reach tens of thousands of tokens, where strictly sequential de-
coding erases the efficiency advantage over diffusion methods [7]. Moreover, the
variable and unknown sequence length prevents the application of parallel de-
coding strategies such as Jacobi decoding [24].

Sequence-to-sequence methods recognize the inefliciency of single-token au-
toregression and instead adopt sequence-to-sequence autoregression to address
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Fig. 3: Overview of SuperVoxel GPT. SuperVoxel GPT employs two stages for 3D asset
generation: (a) Prompt-to-supervoxel structure. In the Prompt-to-supervoxel stage, we
first predict the coarse saliency distribution of a shape via a lightweight MaskGIT
model, then use Saliency-guided Centroidal Voronoi Tessellation to partition the space
into adaptive supervoxels based on the saliency distribution. (b) Supervoxel-to-shape
stage, we fine-tune an MLLM to generate the supervoxel token sequence guided by the
multi-modal prompts and supervoxel positions, and decode the tokens into the final
3D shape.

the efficiency bottleneck [29]. For example, OctGPT [33]| and Sar3D (6] reformu-
late 3D generation as autoregression from one resolution to the next. However,
such approaches typically require uniform resolution levels and explicit inter-
resolution correspondences, forcing uniform token allocation and thus producing
overly long sequences, which undermines the efficiency gains that sequence-to-
sequence methods are designed to achieve.

Our SuperVoxel GPT employs a two-stage design to solve the efficiency bottle-
neck. In the first stage, we adopt MaskGIT [2,3] to predict the coarse supervoxel
structure efficiently, thereby determining the output sequence length a priori. In
the second stage, since the sequence structure is already known, we directly
apply Jacobi decoding [24] to parallelize the autoregressive generation of the en-
tire supervoxel token sequence, achieving significant speedup of token-by-token
autoregression.

3 Method

As shown in Fig. 3, SuperVoxelGPT consists of two stages: (1) a Prompt-to-
supervoxel structure stage and (2) a supervoxel-to-shape generation stage. In
the first stage, given a text or image prompt, we predict the geometric com-
plexity distribution of the target shape and partition the 3D space into multi-
ple supervoxels according to the complexity concentration, yielding an adaptive
supervoxel structure. In the second stage, we fine-tune an MLLM to autore-
gressively generate the supervoxel token sequence guided by the multimodal
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Fig. 4: Overview of two VAE structures. (a) Saliency VQ-VAE, (b) SuperVoxelVAE.

prompt and supervoxel positions, and then decode the tokens into the final 3D
shape. We describe the Prompt-to-supervoxel structure stage in Sec. 3.1 and the
supervoxel-to-shape generation stage in Sec. 3.2.

3.1 Prompt-to-Supervoxel Structure Stage

This stage predicts where to allocate tokens based on the geometric complex-
ity distribution of the target shape. Given a text or image prompt, we first
estimate a coarse saliency distribution indicating regions of varying geometric
detail, then partition the 3D space into adaptive supervoxels—allocating more
supervoxels to high-complexity regions and fewer to low-complexity regions. This
stage comprises two modules: (1) Prompt-to-Saliency Volume, which maps the
input prompt to a dense 3D saliency volume encoding the target shape’s occu-
pancy and geometric complexity distribution, and (2) Saliency-guided Centroidal
Voronoi Tessellation (SCVT), which generates a supervoxel structure adapted
to the predicted complexity distribution.

Prompt-to-Saliency Volume This module predicts a 3D saliency volume from
a text or image prompt using two lightweight components: a Saliency VQ-VAE
that encodes dense saliency volumes into 1024 tokens, and a prompt-conditioned
MaskGIT model that generates these latent embeddings from the input prompt.
We compute ground-truth saliency using spectral mesh saliency [27] and apply
max pooling to produce 64% dense saliency volumes. At training time, we train
a 3-layer Saliency VQ-VAE to convert saliency volumes into 1024 tokens, and a
MaskGIT [2] to generate the token sequence conditioned on the input prompt.
At inference time, the MaskGIT generates the token sequence with 12 iterations
as suggested in [2], and the decoder reconstructs the saliency volume from the
generated tokens.

Saliency VQ-VAE. Our Saliency VQ-VAE inherits the encoder and decoder
from TRELLIS2 [36] with 3 layers, and adds an FSQ layer in the middle (as
shown in Fig. 4(a)). In this way, a 642 saliency volume is encoded into 8 x 8 x
8 x 2 = 1024 tokens.

Compared to the VAEs in TRELLIS2 [36], our VQ-VAE differs in two aspects:
(1) we add a FSQ layer for quantization [21], and (2) we predict not only the
occupancy mask but also the saliency values at occupied positions. Prior methods
use the last-layer features solely to predict occupancy, while we split the last-
layer features into two halves: the first half predicts the occupancy mask, and
the second half predicts the saliency values. We inherit the training loss from
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Fig. 6: Effect of saliency-driven CVT over GPU iterations: (a) 0, (b) 10, (c) 20, (d) 30,
and (e) 40 iterations. The supervoxel partition adapts to geometric complexity, with
denser cells near detailed features and sparser cells in smooth regions.

TRELLIS2 [36] and add an additional L1 loss to supervise the saliency values.
In this way, a saliency volume is mapped into 1024 tokens.

Saliency Volume MaskGIT. To avoid extensive autoregressive and de-
noising steps, we adopt the MaskGIT architecture with 24 layers to generate
1024 tokens in only 12 iterations, as suggested in [2]. We inherit the original
MaskGIT architecture and replace the conditioning inputs with text CLIP fea-
tures and image DINOv2 features.

Saliency-guided Centroidal Voronoi
Tessellation The second module
converts the predicted saliency vol-
ume into an adaptive supervoxel par-
tition using Centroidal Voronoi Tes-
sellation (CVT) [8, 16]. Our goal is
to define a piecewise-linear target
size field from saliency values to fi-
nal supervoxel sizes: in geometrically
complex regions (high saliency), we
maintain unit-size supervoxels with
a 1:1 correspondence to grid cells,
while in flat or smooth regions (low
saliency), we use larger supervoxels of
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Fig. 5: Compression ratio ¢ as a function of
max supervoxel size K for different saliency

e Kt hi " thresholds ¢, computed from statistics over
s1ze 0 ac leve. a Compa? SUPEL= - our training dataset. The monotonic de-
voxel structure. Since CVT is a well- crease enables efficient parameter selection

established algorithm with theoretical = for target compression ratios.

convergence guarantees and only re-

quires a density field as input, we carefully design a two-stage mapping from
saliency to size field to density field, ensuring that the converged result meets
our compression objective.

Saliency-to-Supervozel Size Field. We first design a piecewise-linear mapping
from saliency z to target supervoxel size f(z), which determines the desired
partition that CVT should converge to. Let z; € [0, 1] denote the saliency value
at voxel 7, ¢ is a saliency pivot that separates low-importance regions from salient
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regions, and K the supervoxel size in low-saliency regions (where z; < t). We
define the supervoxel size field f(x; K,t) as:

s K1) = {K peet 1)
= 1-K)+K ifz>t
where f(z) represents the target supervoxel size at saliency x. This piecewise
linear function ensures that the highest saliency regions (z = 1) maintain unit
size (f(1) = 1), while low-saliency regions have supervoxel size K. The parameter
K controls the compression aggressiveness—larger K means coarser supervoxels
in smooth regions, freeing up more tokens for geometric details.

Supervozel Size Field to Density Field. CVT requires a density field d(x) as
input. To make CVT converge to our target size field f(z), we derive the corre-
sponding density: the CVT cell linear size satisfies f oc d=/° [9], so the density

function is:
1

d(z) T K0P (2)

With this density field, CVT converges to supervoxels matching our target size
distribution.

Compression Ratio Control. A supervoxel with linear size f occupies approxi-
mately f2 voxels, so each voxel contributes 1/f2 to the total token count. The
estimated number of supervoxels for given parameters (K,t) is:

N(E 1) =3, f(xi;lK, 0? )

i€V

where x; is the saliency value at voxel 7. We define compression ratio w.r.t. the
baseline voxel-tokenization tokens at the same resolution, i.e., ¢ = N (K, t)/Nyoxels-
Since N (K, t) monotonically decreases with K and ¢, we can explore this relation-
ship empirically. As shown in Fig. 5, increasing K and t progressively coarsens
the non-salient regions first and eventually compresses the entire volume, produc-
ing a spectrum of compression ratios. Increasing K first yields a rapid decrease
in the compression ratio by merging low-saliency regions into larger supervoxels,
but the gain gradually saturates once these regions have been largely coarsened;
further increasing K then provides limited additional compression and may de-
grade salient geometry. Thus, K = 4 offers a good trade-off between compactness
and fidelity. Similarly, increasing ¢ suppresses more low-saliency noises, improv-
ing compression but risking the removal of genuinely salient structures when set
too high. We find t = 0.1 to be a balanced choice. The parameter sensitivity
analysis in the supplementary material further validates this parameter selec-
tion. Based on these observations, we select K = 4 and ¢t = 0.1 to achieve our
target compression ratio of ¢ = 12.8%.
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Fig. 7: Architecture of the MLLM generation module. The MLLM autoregressively
generates the token sequence conditioned on the multimodal prompt, which is then
decoded into the final 3D shape.

CVT Generation Pipeline. With the density field d(x) and parameters (K, t),
we partition the 3D domain into supervoxels through three steps:

1. Initialization: Compute the number of supervoxels N using Eq. (3), and
initialize N seeds by uniform sampling from occupied voxels.
2. Lloyd’s Iteration: Iteratively update seed positions using weighted cen-
troids:
SO+ _ D oxey, X d(x)
! ZxGVi d(X)

where V; = {x : ||x —s;|| < ||x —sj]|,Vj # ¢} is the Voronoi cell of seed s;,
and d(x) is the density at position x. As shown in Fig. 6, after 40 iterations
the supervoxels concentrate in geometrically complex regions.

3. Ordering: Sort supervoxel centers by Z-Y-X coordinates to obtain a deter-
ministic sequence {p1,Pp2,...,Pn}, enabling autoregressive generation.

(4)

In this way, we obtain a compact supervoxel structure that is well-shaped and
adapted to the geometric complexity distribution of the target shape.

3.2 Supervoxel-to-Shape Generation

Given a text or image prompt and the supervoxel structure from the previous
stage, this stage generates the corresponding 3D shapes. It consists of two com-
ponents: (1) SuperVozel VAE, which learns to encode local geometry into discrete
supervoxel tokens, and (2) a fine-tuned MLLM, which autoregressively generates
the token sequence conditioned on the multimodal prompt. During training, we
first train SuperVoxelVAE to learn the shape-to-token mapping, then fine-tune
Qwen2.5-0.5B to learn the prompt-to-token mapping. At inference time, the
MLLM generates 3D tokens from the input prompt, which are decoded into
geometry by the SuperVoxel VAE decoder.

SuperVoxelVAE SuperVoxelVAE encodes the local 3D geometry within each
supervoxel into a compact discrete token. As shown in Fig. 3, it builds upon the
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sparse grid convolution architecture from prior methods [34,36] and introduces
three additional layers:

— Grid-to-Supervoxel Layer: Compresses grid-level latent features into super-
voxel level representations.

— FSQ Layer: Applies Finite Scalar Quantization [21] to convert continuous
supervoxel latents into discrete tokens.

— Supervoxel-to-Grid Layer: Maps supervoxel latents back to grid struc-
ture for decoding.

Since these three layers operate solely on the interface between grid latents and
supervoxel centers, they are agnostic to the specific sparse convolution back-
bone. This plug-and-play design allows our supervoxel tokenization to be readily
integrated into any existing sparse voxel VAE [34, 36, 37|, compressing their to-
ken sequences without modifying their encoder-decoder architectures or training
losses.

We adopt KNN Cross Attention from PointTransformerV2 [35] for the grid-
supervoxel conversion. Taking the grid-to-supervoxel layer as an example: given
grid latents Gy from sparse convolution, we first initialize supervoxel features
V; via nearest neighbor search between grid coordinates G. and supervoxel
centers V.. Then, KNN Cross Attention refines these features into V} by aggre-
gating information from neighboring grid cells. The decoder uses a symmetric
supervoxel-to-grid layer for reconstruction. Since our architecture is built upon
TRELLIS2 with these three plug-in modules, we directly inherit the loss func-
tions and training paradigm from TRELLIS2 [36].

MLLM-based Token Generation With the supervoxel structure {p1, pa, .. .,
pn } defined, we formulate 3D generation as an autoregressive next-token predic-
tion task. We fine-tune Qwen2.5-0.5B [12] to autoregressively predict supervoxel
tokens conditioned on both the multimodal prompt and supervoxel positions.
Since the sequence length N is already determined by Stage 1, we can directly
apply Jacobi decoding [24] at inference time to parallelize token generation.

The input sequence concatenates prompt embeddings with token embeddings
augmented by spatial information:

Einput = [Eprompt; Etoken + SA2 (FourierPE(pl, RN pN))] (5>

where Epyompt, is the prompt embeddings (from text tokens or image features),
Eioken represents the token embeddings, FourierPE(-) computes Fourier posi-
tional embeddings [30] from supervoxel coordinates, and SA?(-) denotes a 2-layer
self-attention module that processes the positional embeddings before adding
them to the token embeddings. This allows the model to capture inter-position
relationships and leverage both semantic and spatial information.

Autoregressive Training. We train the model with the standard next-token pre-
diction objective. Given the token sequence (t1,ta,...,tyx) ordered by the su-
pervoxel structure, the model learns to predict each token conditioned on all
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preceding tokens, the prompt 7, and the supervoxel positions:

N
£MLLM:_Zlogp(ti‘t<ia7—ap17'"apN) (6>

i=1

Jacobi Decoding. At inference time, standard autoregressive decoding generates
tokens one by one, requiring N sequential forward passes. Since our Stage 1
already determines the sequence length N, we apply Jacobi decoding [24] to
accelerate inference. Jacobi decoding initializes all N token positions with ran-
dom predictions and iteratively refines them in parallel: at each iteration, every
position is updated simultaneously by predicting t; conditioned on the current
estimates of t.;. When consecutive tokens converge to a fixed point, they are
accepted together, effectively generating multiple tokens per iteration. The de-
coded tokens are then processed by SuperVoxelVAE decoder to reconstruct the
final 3D shape.

4 Experiments

We evaluate SuperVoxelGPT on both text-to-3D and image-to-3D generation
tasks. We first describe the experimental setup (Sec. 4.1), then compare with
state-of-the-art methods (Sec. 4.2), and finally discuss limitations (Sec. 4.3). Ab-
lation studies, parameter sensitivity analysis, discussion, and more quantitative
results are provided in the supplementary material.

4.1 Experimental Setup

Datasets. We select a subset from the Trellis-500K dataset [37], using 10,000
shapes for training and 1,000 for testing. We filter out meshes with poor quality
by removing those whose non-manifold faces exceed 20% of the total surface
area, as such meshes produce unreliable ground-truth saliency and supervoxel
structures.

Evaluation Metrics. We evaluate generation quality from four aspects: geome-
try, semantics, surface detail, and efficiency. For geometric accuracy, we use L2
Chamfer Distance (CDr2) and PSNR on rendered multi-view normal images. For
semantic alignment, we compute ULIP-2 Similarity, which measures the cosine
similarity between generated and ground-truth shapes in a unified 3D-language
embedding space. For surface detail quality, we report the area-weighted sum
of mean curvature as Mean Curvature Sum (MCS). For efficiency, we report
inference time (seconds per shape) and the number of tokens generated. The
calculation definitions of these metrics can be found in the supplementary ma-
terial.
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Table 1: Quantitative comparison on text-to-3D generation. | indicates lower is better,
1 indicates higher is better. Best results are in bold, second best are underlined. All
methods report averages over the test set.

Method ‘ CDr2 J PSNR 1 ULIP-2 Sim. ¥ MCS 1 Time (s) | Resolution Tokens
BrickGPT [22] | 0.0851  12.99 0.199 15.39 215.5 203 179

OctGPT [33] | 0.0797  19.80 0.329 11.74 165.8 256° 47,783
Ours | 0.0134  32.05 0.469 44.19 4.48 10243 1,065

Table 2: Quantitative comparison on image-to-3D generation. Best results are in bold,
second best are underlined. Resolution and token counts are reported for each method.

Method | CDz2 | PSNR 1 ULIP-2 Sim.+ MCS 1 Time (s) | Resolution Tokens
CraftsMan3D [17] | 0.0252  22.90 0.448 37.85 7.92 512° 2,048
TRELLIS [37] 0.0182  27.28 0.464 21.64 9.03 256° 8,147
Direct3D-S2 [34] | 0.0168  26.14 0.461 33.17 137.2 10243 55,420
TRELLIS2 [36] | 0.0123 32.19 0.475 44.24  34.25 10243 7,303
Ours | 0.0122  32.08 0.474 44.21 4.60 1024® 1,048

Implementation Details. Our method consists of two generative modules (Mask-
GIT and fine-tuned MLLM) and two VAEs (Saliency VQ-VAE and SuperVoxel-
VAE). The Saliency Volume MaskGIT follows the MaskGIT architecture with 24
layers conditioned on text CLIP features and image DINOv2 features, generating
tokens in 12 iterations at inference. The MLLM is fine-tuned from Qwen2.5-
0.5B [12] with the standard next-token prediction objective and applies Ja-
cobi decoding [24] at inference. Since the number of supervoxels is known from
Stage 1, we set the Jacobi context window to cover all supervoxel tokens so
that all tokens can be updated in parallel, and cap the iterations to 30. The
Saliency VQ-VAE uses 3 encoder/decoder layers with an FSQ layer (num _ levels
=19,9,5,5], num_ quantizer = 2), encoding each 643 saliency volume into 1024
tokens. The SuperVoxelVAE is built upon TRELLIS2 [36] with plug-in grid-
to-supervoxel, FSQ, and supervoxel-to-grid layers. We set the KNN neighbor-
hood size for grid-supervoxel conversion to 16 and the FSQ codebook levels to
[9,9,5,5,5]. We discretize the density field on a 256° grid (upsampled from 642)
to approximate the CVT energy and weighted centroids. All trainable modules
are trained for 300 epochs with a learning rate of 5 x 10~® and 5,000 warm-up
steps on 8xH100 GPUs (AMD EPYC 9334 32-Core Processor). All inference
time measurements are conducted on a single NVIDIA RTX 4090.

Baselines. For text-to-3D, we compare with BrickGPT [22] and OctGPT [33].
For image-t0-3D, we compare with CraftsMan3D [17], TRELLIS [37], Direct3D-
S2 [34], and TRELLIS2 [36]. Detailed parameter settings for all baselines can be
found in the supplementary material.
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Fig. 8: Qualitative comparison on image-to-3D generation. Given an input image, we
compare the generated 3D shapes from CraftsMan3D, TRELLIS, Direct3D-S2, TREL-
LIS2, and our method (SV, i.e., supervoxel structure).

4.2 Comparison with State-of-the-Art Methods

Tab. 1 and Tab. 2 present quantitative comparisons on the text-to-3D and image-
to-3D generation tasks, respectively.

Generation Quality. Our method achieves generation quality on par with the
best existing methods across both text-to-3D and image-to-3D tasks in terms of
geometric accuracy, semantic alignment, and surface detail. Taking the image-
to-3D task as an example (Tab. 2), our method, TRELLIS2, and Direct3D-
S2 all operate at 10243 resolution, which enables richer geometric detail and
stronger generation performance compared to lower-resolution methods such as
CraftsMan3D (5123%) and TRELLIS (256%). Moreover, since our SuperVoxel VAE
inherits the multi-view normal rendering loss from TRELLIS2 [36], the generated
shapes are sharper and more geometrically faithful compared to Direct3D-S2.
As shown in Tab. 2, our method closely matches TRELLIS2 across all quality
metrics, with only a marginal gap in multi-view normal PSNR (—0.11 dB). A
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minor limitation is that regions with saliency below ¢ = 0.1 receive a much lower
token budget due to aggressive coarsening, which may wash out very fine-grained
structures—e.g., the ring-shaped grooves on the pipe in Fig. 8(e) and the spoke
grooves on the wheel hub in Fig. 8(f). Lowering ¢ could alleviate this issue but
would reduce the compression ratio and make the method more susceptible to
saliency-prediction noises. This explains why our method is slightly inferior to
TRELLIS2 on particularly fine details.

For the text-to-3D task (Tab. 1), our method also demonstrates strong per-
formance. Compared to BrickGPT and OctGPT, which are limited to low-
resolution generation and constrained to specific shape categories (e.g., LEGO
structures), our method supports general-purpose shapes and scales to 10243
resolution, achieving substantially better results across all metrics.

Generation Efficiency. Our method achieves a significant speedup over existing
approaches. Compared to the average inference time of all image-to-3D base-
lines (47.1s), our method reduces inference time by 10X, requiring only 4.60s to
generate a 10243-resolution shape. The inference time breaks down as follows:
CVT takes 1.209s, the SuperVoxelVAE decoder takes 1.147s, the MLLM takes
1.202s, and the MaskGIT and Saliency VQ-VAE decoder contribute 0.805s and
0.237s, respectively. We attribute this speedup to two factors. First, our token
generation is highly parallel: the MaskGIT natively generates all saliency to-
kens in parallel, and the MLLM leverages Jacobi decoding to generate multiple
shape tokens per iteration once the supervoxel count is known. This avoids the
sequential bottleneck of generating one token at a time. Second, our supervoxel
tokenization produces significantly fewer tokens than competing methods (e.g.,
1,048 ws. 55,420 for Direct3D-S2 and 47,783 for OctGPT), directly translating
into faster autoregressive generation.

4.3 Limitations

While SuperVoxelGPT achieves strong performance with compact token se-
quences, several limitations remain:

— Saliency prediction dependency: The quality of the final shape de-
pends on the accuracy of the first-stage saliency prediction. As illustrated
in Fig. 8(c), since saliency values below ¢t = 0.1 are heavily coarsened, our
method is insensitive to structures with very low geometric saliency, such as
the mesh-like perforations on the shoe. Because these regions are not identi-
fied as salient, only sparse tokens are allocated to reconstruct them, causing
such fine structures to be smoothed over.

— Degradation on detail-rich shapes: For shapes where fine details are
uniformly distributed across the surface, the saliency-guided allocation de-
generates towards a near-uniform distribution, reducing the compression ad-
vantage.

— Geometry-only generation: our supervoxel-based compression is currently
designed for geometry and does not extend to texture modeling; thus, our
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framework cannot generate or represent surface textures or material prop-
erties. In addition, our method is trained on only 10,000 shapes from the
Trellis-500K dataset, which may limit its generalization compared to meth-
ods trained on larger datasets.

5 Conclusion

We presented SuperVoxel GPT, a representation-first framework for high-resolution
3D generation that mitigates the fundamental tension between sequence com-
pactness and geometric fidelity in autoregressive 3D generation. Our key insight
is to decouple where to allocate tokens from what geometry to generate. Our ex-
periments demonstrate that SuperVoxel GPT compresses the token sequence to
12.8% of uniform voxel tokenization while achieving generation quality on par
with state-of-the-art methods and a 10 inference speedup, validating that adap-
tive tokenization is a promising direction for scalable and efficient 3D generation.
Moreover, the plug-and-play nature of our supervoxel layers makes them read-
ily applicable to other sparse voxel VAE frameworks, offering a general-purpose
compression module for autoregressive 3D generation.
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