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Abstract

Autoregressive (AR) models excel in language and image generation, but their role
in 3D generation faces high computational cost and resolution challenges. Existing 3D
AR methods, using voxel grids or implicit representations, produce long, redundant to-
ken sequences, limiting high-fidelity 3D shape generation and incurring high inference
cost. To address these issues, we introduce 3D-WAG, a novel autoregressive framework
employing compact wavelet-based hierarchical representations for efficient and expres-
sive 3D shape generation. By representing the shapes in the wavelet domain, 3D-WAG
captures coarse to fine geometric details as multi-scale discrete token maps, using a 3D
vector-quantized variational autoencoder (VQVAE), enabling efficient AR modeling and
detailed shape understanding. Unlike conventional next-token prediction, 3D-WAG for-
mulates 3D shape generation as a next-scale token map prediction problem, achieving a
faster inference time of 1.15 seconds per sample on a single NVIDIA H100 GPU, which
is 15 times faster than the state-of-the-art diffusion-based 3D generation model UDiFE.
Furthermore, 3D-WAG supports unconditional, class-conditional, and text-conditional
shape generation. Experimental results on standard 3D benchmarks, including ShapeNet
and DeepFashion3D, show that 3D-WAG outperforms state-of-the-art methods on met-
rics such as Minimum Matching Distance (MMD) and Coverage (COV), generating high-
quality 3D shapes that accurately represent real-world data distributions.

1 Introduction

The transformative power of autoregressive (AR) models, exemplified by the GPT series
[1, 4, 58, 60, 61] and subsequent advancements [2, 3, 15, 22, 35, 73, 74, 76, 77], has
revolutionized natural language processing. AR models have also shown significant promise
in image generation, with pioneering works such as VQGAN [91] and DALL-E [63], and
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Figure 1: 3D-WAG overview. We propose an autoregresswe approach to 3D shape gener-
ation, based on the “next-scale” prediction paradigm. Left: Our hierarchical, multi-scale
wavelet encoding enables the efficient generation of highly detailed surfaces, outperforming
prior models (e.g., UDIFF [104], in the red box) for comparable latent code dimensionality,
and showcasing generalization in conditional 3D generation tasks, like text-to-3D. Right:

Unconditional generation of diverse, high-fidelity shapes, supporting varied implicit spatial
representations using our approach.

more recent developments [37, 65, 90], showcasing their potential. Notably, recent studies
[42,75, 93] have demonstrated that AR models, through advancements in image tokenization
and training data augmentation, can surpass diffusion models in image generation tasks. This
growing body of research underscores the versatility and efficacy of autoregressive modeling,
hinting at its vast potential for exploration in diverse domains.

However, the full potential of AR models in 3D shape generation remains largely un-
tapped. While several works have explored AR models for 3D synthesis [11, 54, 56, 67,
72, 88], the breakthroughs that have enabled AR models to outperform diffusion mod-
els in other domains have yet to effectively translate to 3D. Existing 3D AR methods,
which sequentially predict “next tokens” to model geometric structures, primarily operate
on voxels, triangles, or point coordinates. These approaches face two fundamental chal-
lenges: firstly, generating high-resolution 3D shapes requires predicting prohibitively long
sequences of fine-grained tokens, leading to immense computational costs; secondly, a focus
on token-by-token prediction often compromises global geometric structure. This leads to
limited detail with slow predictions, resulting in incoherent shapes. Despite high inference
costs[30, 95], diffusion-based models have thus become the dominant choice for 3D shape
generation [12, 25, 26, 38, 66, 69].

To address the limitations of autoregressive (AR) models in 3D shape generation, we
propose 3D Hierarchical Wavelet-Guided Autoregressive Generation (3D-WAG), a novel
framework leveraging compact hierarchical wavelet representations, which are recently also
being used in diffusion-based generation models [68, 104]. Wavelet representation allows
for efficient capture of multi-scale shape information from coarse to fine, utilizing low and
high frequency details of wavelets, enabling direct modeling of shapes and avoiding 2D-
to-3D translation artifacts in generation. Our two-stage training paradigm first employs a
3D VQVAE to learn a quantized latent space of multi-scale wavelet features effectively.
Second, inspired by VAR [75], we introduce a "token map" prediction paradigm, wherein our
AR model predicts entire multi-scale feature maps hierarchically, capturing both global and
local details. Wavelet inversion, following the reconstruction of the wavelet representation,
yields the final 3D shape at the original implicit resolution. 3D-WAG offers a compelling,
efficient alternative to diffusion models, integrating wavelet representations and hierarchical
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AR modeling for high-fidelity, controllable, and real-time shape generation.
Our key contributions are:

v Extending recent advancements in autoregressive generation to direct 3D shape gen-
eration with the proposed 3D-WAG framework, introducing a next-scale prediction
strategy for detailed and efficient 3D shape generation.

v Leveraging compact wavelet representations for scalable autoregressive modeling
of high-resolution 3D shapes, significantly reducing computational overhead and en-
abling the use of larger AR architectures.

v Providing comprehensive experimental validation, demonstrating that 3D-WAG out-
performs existing 3D generative models, including diffusion-based methods, while
providing strong generalization in categorical and text-conditioned shape generation.

2 Related Work

Neural networks have revolutionized 3D applications, driving significant progress in shape
modeling, scene reconstruction, and virtual simulation [24, 28, 40, 41, 48, 49, 81, 82, 86, 96,
99, 101, 102, 103]. We build upon the established efficacy of neural implicit functions.

2.1 3D Implicit Representations.

Neural Implicit Functions (NIFs) have become indispensable for 3D representation, im-
pacting diverse applications from surface reconstruction [52, 59] to novel view synthesis
[53]. Their continuous representation enables high-fidelity rendering and geometry model-
ing, with advancements ranging from MLP-based SDFs and occupancy fields [52, 59] to neu-
ral unsigned distance fields (UDFs) for non-watertight surfaces [8, 13, 43, 44, 79, 98, 100].
However, direct generation with NIFs suffers from a fundamental trade-off: high fidelity
necessitates dense sampling and complex networks, leading to significant computational
bottlenecks, particularly in AR settings. Recent research leverages compact wavelet-based
representations, exploiting signal processing domain knowledge for efficient shape model-
ing [16, 26, 68, 104]. These representations offer reduced computational effort and maintain
detailed latent space information, mitigating compression losses.

In this work, we use compact wavelet-based hierarchical representation that efficiently
represents the implicit surface information using lower spatial resolution and increased fre-
quency channels. This transformation reduces the computational burden of 3D convolutions
while preserving geometric details, enabling usage of deeper models without parameter over-
head (See Table 6 in Appendix). Inherent multi-scale analysis of wavelets aligns perfectly
with hierarchical AR modeling, facilitating efficient progressive generation from coarse to
fine geometries, a significant advantage over usual direct NIF generation.

2.2 3D Generative Models.

Early 3D generation methods extended image generation techniques like GANs [18], VAEs
[31], and flow-based models [32] to 3D, producing point clouds [5, 27, 39, 57, 89] and
voxel grids [70, 83]. Recently, diffusion models have emerged as the dominant approach
[12, 25, 26, 38, 66, 69, 87]. These models often leverage implicit representations like signed
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distance fields (SDFs) [14, 19, 25, 26, 34] or occupancy fields [94] for high-fidelity results,
with meshes extracted using marching cubes [45]. To enhance training efficiency, techniques
such as Diffusion-SDF [14] and 3D-LDM [55] employ VAEs to transform shapes into latent
codes. However, diffusion models face challenges related to training stability and slow in-
ference, limiting their practical applicability [21, 30, 71].

Concurrently, autoregressive (AR) models have shown remarkable progress in 2D image
generation [17, 64, 78], and more recently in 3D tasks [11, 54, 56, 72, 80, 88]. A few
works explore 3D generation from 2D inputs using AR models; however, they often rely on
highly optimized inputs or externally computed 2D feature mappings, limiting real-world
applicability [9, 62, 84, 85]. This motivates the need for direct 3D generation using AR
methods. Generating high-quality, high-resolution 3D shapes is challenging due to complex
representation learning. ShapeFormer [88] adopts a sparse voxel representation quantizing
occupied grid cells but uses a fixed row-major order. In contrast, AutoSDF [54] avoids
sequential ordering but operates over full volumetric grids, incurring high compute costs.
These efforts highlight the trade-off between ordering constraints and efficiency in AR-based
3D generation. For neural implicit functions (NIFs), we propose a paradigm shift from
traditional next-token prediction to “next-scale” token map prediction. Conventional AR
models struggle with long sequences in dense 3D settings [11, 36, 50, 88]. We address this
by using large language models (LLMs) such as GPT-2 [61] to perform both unconditional
and conditional generation via simple condition concatenation, enabling faster inference and
improved control.

3 Wavelet Autoregressive Shape Generation

Our 3D-WAG employs a wavelet-based representation to compactly represent high-resolution
shapes with minimal loss of detail (Sec. 3.1). We follow a two-stage training approach for
3D shape generation. First, a 3D VQVAE autoencoder is trained to encode the wavelet co-
efficients of 3D shapes into discrete, multi-scale token maps for autoregressive modeling
(Sec. 3.2). Subsequently, we use a GPT-2 [61]-like transformer-based autoregressive (AR)
model to progressively generate these multi-scale token maps, predicting the next higher-
scale token map conditioned on all previous ones (Sec. 3.3). An overview of our complete
3D-WAG framework is provided in Figure 2.

3.1 Compact Wavelet Representations

Modeling high-resolution 3D data in AR settings presents several challenges compared to
their 2D image counterparts. The additional third spatial dimension exponentially increases
the number of input variables that the model must learn, resulting in a substantial increase
in network parameters and memory-intensive feature maps. This added computational over-
head on GPUs limits the resolution of 3D shapes that can be modeled and significantly
prolongs training and inference times. Moreover, scaling generative models to 3D intro-
duces complex data-handling challenges: the storage and processing of 3D data incur sub-
stantially higher I/O costs, such as longer data loading times during each training iteration.
Recent methods [25, 26, 68] have leveraged wavelet-based compression techniques to gen-
erate high-resolution 3D shapes with diffusion models. Building on these approaches, we
adopt a compact wavelet-based spatial frequency representation for efficient signed distance
field (SDF) generation in our autoregressive framework.
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Figure 2: Overview of our architecture. We follow a two-stage training approach that is
standard with latent generative models. In Stage 1, we train a vector-quantized autoencoder
(VQ-VAE) on the wavelet volumes with multi-scale patch-wise quantization [75] in the latent
space giving us quantized feature maps Z1,2,...,2x. In Stage 2, the multi-scale VQ-VAE
codebook indices in the form of token maps fi, f2,..., fx are flattened and learned with
an autoregressive decoder-only Transformer prior model, enabling next-scale generation.
During inference, the generated token maps are reshaped and mapped to obtain multi-scale
quantized features by using codebook. Then the obtained features are converted into wavelet
volumes by the decoder from Stage 1. The wavelet volumes can be further converted into
implicit functions using wavelet inversion.

We first decompose the implicit truncated signed distance field (TSDF) of a 3D shape
into multi-scale wavelet coefficients using biorthogonal wavelet transformation, following
the previous work [26]. Their selective retention of informative high-frequency detail coef-
ficients ensures fine shape detail preservation with memory efficiency, achieving 99.64 per-
cent IoU concerning input TSDF representation. This enables to use of 3D convolutions with
an increased number of channels to learn the shape. Extending beyond watertight meshes,
we utilize unsigned distance functions (UDFs) for non-watertight surfaces using the Deep-
Fashion3D dataset. Furthermore, inspired by UDiff [104], we utilize a self-reconstruction
process to optimize the parameters of the wavelet filter during both the decomposition and
reconstruction phases. Once these wavelet parameters are learned, we use them to create a
compact representation of the UDFs consisting of coarse and fine coefficient volumes. We
use both of these compact wavelet volumes to represent the 3D shape and showcase the capa-
bility of the method in handling the compact wavelet volume input data using our 3D-WAG.

In Table 1, we compare the computational Table 1: MACs of 3D convolutions on im-
burden, measured in multiply—accumulate plicit and wavelet representations. Wavelet
operations (MACs), for a single 3D convo-  representation reduces MACs by ~3x.

lution applied to different shape represen- Representation Ch.  Filter  MACs
tations using the same kernel. The resglts Tmplicit (1x2569) | = Py
show that the wavelet-based representation Wavelet (64x46%) 64 3 168M

is significantly more efficient than the im-
plicit representation at the same voxel reso-
lution. Additional details on the compact wavelet input are provided in Appendix 6.

3.2 Multi-Scale Wavelet Tokenization

To facilitate generative autoregressive (AR) modeling via next-token prediction, it is imper-
ative to first translate each data instance into a sequence of discrete tokens by tokenization.
Subsequently, a specific one-dimensional (1D) ordering of these tokens must be established,
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enabling the model to learn a unidirectional predictive pattern. Predicting each token condi-
tioned on its predecessors allows for coherent and context-aware generation. However, for
the non-sequential data, such as 3D shapes, the direct flattening of spatial features into linear
sequences for autoregressive modeling can disrupt the inherent spatial structure. This naive
flattening approach weakens the natural correlations between the distant features, effectively
disregarding the original spatial relationships.

To mitigate these limitations, we formulate 3D shape generation as a hierarchical feature
prediction task [75], wherein the model estimates wavelet token maps instead of individual
tokens at progressively higher resolutions. To enable this multi-scale generation process, we
train an autoencoder, 3D VQVAE that encodes each 3D shape into K discrete token maps
spanning varying resolutions or scales. This multi-scale discretization allows for the repre-
sentation of shapes at different levels of detail, ranging from coarse structural information in
low-resolution token maps to fine geometric details in high-resolution ones.

For each shape S, an autoencoder 3D VQVAE learns to compress continuous wavelet
coefficients W into multi-scale discrete token maps F = (fi, f2,. .., fk ), where f] and fx are
the coarsest and finest scales, respectively. Using a 3D convolutional VAE with a modified
multi-scale quantization layer, inspired by [36, 75], we quantize each f; conditioned on
(f1,f2,- -, fr—1) with a shared codebook Z. This enables progressive, coherent multi-scale
reconstruction, preserving details for autoregressive generation. The multi-scale encoding
and reconstruction steps of 3D VQVAE are detailed in stage 1 in Figure 2.

3.2.1 Multi-Scale Encoding

The multi-scale vector quantization encoding scheme progressively encodes an input shape
representation W across multiple resolutions, utilizing residual connections to capture details
at varying scales (Stage 1 of Figure 2). Given a wavelet input W, an encoder E generates
an initial feature map z. This map is then iteratively quantized over K steps, each corre-
sponding to a predefined resolution (A, wy,dy). At each scale k, the current residual tensor
7 is interpolated to match (/i w,dk). At the finest scale K, zj¢* is initialized with z. The
interpolated tensors are quantized using the method from [65, 75] to obtain token maps f
from codebook Z, which stores learned feature vectors with indices. These maps retrieve
feature vectors from Z, creating a quantized representation 7;,"**. At scale k, 7" serves
as an estimate of z;*. Subsequently, 7" is upsampled to the original scale. A residual
is computed by subtracting Cy(%,") from 7}, yielding z;**,. This process is repeated for
all scales. Here, Cy is a convolutional layer at scale k, mitigating information loss during
upscaling. Notably, convolutional layers are omitted during downsampling of z. This recur-
sive process generates a sequence of multi-scale tokens F, encapsulating hierarchical and
multi-resolution information from the wavelet encodings.

3.2.2 Multi-Scale Reconstruction

The multi-scale reconstruction scheme reverses the encoding process, reconstructing a wavelet
representation from the multi-scale token maps generated during encoding. Given a sequence
of multi-scale token maps F, the scheme iteratively reconstructs a feature map 2““°" by de-
coding information at progressively finer scales. The process begins by initializing 2"°“°" to
zero. For each scale k in the sequence of K steps, we retrieve the quantized representation
fi from F. Then, uses a codebook (Z) lookup to obtain a latent representation z;7“", corre-

sponding to the token map f;. This latent representation z;°“*" is interpolated to match the
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current resolution (A, wy,di). A residual connection is employed, where the current esti-
mate 2““”" is updated by adding Cy(z*“”"). Once all scAales are processed, a decoder D is
applied to 2“°" to reconstruct the final wavelet volume W.

The autoencoder is trained by minimizing a composite loss that encourages accurate re-
construction, latent consistency, and fine-detail preservation. The objective includes three
terms: (i) a reconstruction loss between the original wavelet representation W and its re-
construction W, (ii) a commitment loss that encourages the encoder to map consistently to
discrete embeddings across K scales, and (iii) a detail-aware loss detailed in Sec. 3.2.3 fo-

cusing on high-frequency coefficients. The overall training objective is:

K
L= 2recon|W = W |2+ Acommit ¥, 175> — 2|2 + Adetait Laetail (1
k=1
where Arecon, Acommit> aNd Agerail are weighting hyperparameters.

3.2.3 Detail Loss

To improve the fidelity of 3D shape reconstruction, especially around fine-grained geometric
features we utilize a detail-aware loss that focuses specifically on high-frequency compo-
nents of the wavelet representation. This loss selectively penalizes reconstruction errors
at spatial locations identified as containing meaningful high-frequency information. Let
M;, C Q denote the set of valid high-frequency spatial indices for sample b, determined
by a binary mask, and let C be the number of channels. The detail loss measures squared
error between the predicted and ground truth wavelet coefficients at these high-frequency
locations, averaged across channels and samples in a batch of size B:

Ly (1 @ @)
EZ<|M_MZ (Wb,i - b,i) ) ©

c=1 eM,

1 B

Letail = E
B
b=1

where Wlfj) and Wb(? denote the ground truth and predicted wavelet coefficients at spa-
tial index i, channel ¢, and sample b. By explicitly encouraging accurate reconstruction of
high-frequency details, 3DWAG ensures that the model captures fine surface structure more
precisely, enabling high-fidelity modeling of wavelet-encoded 3D data.

3.3 Next-Scale Token Map Prediction using AR

The multi-scale token map feature encodings, learned during the first stage of training, are
used to train an autoregressive shape generation model. The weights of 3D VQVAE during
the second stage of training are frozen. In the second stage, the goal of the AR Transformer
model is to generate token maps {fi,f2,...,fk} using a "next-scale prediction" approach
(Stage 2 part of Figure 2). Starting with a random initial token map, the model generates
subsequent token maps one step at a time, each at progressively higher resolutions. This pro-
cess continues until it reaches fx, which matches the resolution of the original feature map.
To accomplish this, we utilize a GPT-2 [61] style decoder-only Transformer model. The AR
likelihood is defined as: p(f1, fa, ..., fx) = [I~.; p(fi| f<i),where each f; is conditioned on
all preceding token maps f;. It is important to note that, at each step, all token maps at the
current scale are estimated simultaneously rather than sequentially. For class-conditional
synthesis, we use a class embedding as the start token, denoted by [s], which also serves as
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the conditioning factor for network AdaLLN. Additionally, we normalize the queries and keys
to unit vectors before the attention mechanism, enhancing training stability in our generative
model. The cross-entropy loss Lcg is employed for AR shape generation:

K
Leg = — ) logp(filf<i), 3)
i=1

where p(fi|f<i) is the predicted probability of the i-th token map f; given all previous to-
ken maps f-;. This loss function encourages the model to assign high probabilities to the
correct token map f; at each step, ensuring detail oriented autoregressive generation by min-
imizing the negative log-likelihood of the true token maps. During autoregressive inference,
multi-scale token maps are sampled progressively, capturing spatial details at increasing res-
olutions. This sequential process enables the model to coherently generate complex shapes,
refining details at each scale to produce a realistic output. These token maps are transformed
into a wavelet reconstruction W using the Reconstruction algorithm presented in Sec. 3.2.
The wavelet representation is inverted using an inverse wavelet transform to generate an
implicit representation of the shape. Additional design choices and implementation details
of shape retrieval from the wavelet representation are given in Appendix 7, 8, 9. We also note
that, in the 3D case, generating a volume token sequence {f, /2, ..., fx } with a conventional
self-attention Transformer requires O(n*) autoregressive steps and incurs a computational
cost of O(n®). By employing the 3D-WAG approach, the time complexity for an n x n x n
latent representation is substantially reduced to O(n®), see Appendix 10 for the proof.

4 Experiments

4.1 Dataset and Metrics

We evaluate our method on DeepFashion3D [105] (1,798 garments, 563 items, 10 categories)
and ShapeNet [6] (51,300 models, 55 categories), using 80/20 train/test splits. Shapes are
represented as signed (ShapeNet) or unsigned (DeepFashion3D) distance fields at 256 res-
olution. Unconditional generation performance is assessed via Coverage (COV), Minimum
Matching Distance (MMD), and 1-Nearest Neighbor Classifier Accuracy (1-NNA), gener-
ating 1000 (DeepFashion3D) and 2000 (ShapeNet) samples with 2048 points sampled from
the surfaces. For ShapeNet, quantitative metrics are reported on airplane and chair cate-
gories, following [25, 34], while qualitative evaluations utilize the entire dataset. We argue
that our model can also be used on other 3D datasets; however, due to limited computing
resources, we restrict our evaluations to the mentioned datasets. In Appendix 13, we further
provide an ablation on our design choices.

4.2 Results on ShapeNet

We present our results on ShapeNet dataset in Table 2. We compare our 3D-WAG model to
previous methods, including UDiFF [104], IM-GAN [10], Voxel-GAN [33], PointDiff [46],
SPAGHETTI [20], WaveGen [25], and SALAD [34]. We also evaluate our approach in com-
parison to the autoregressive approach ImnAM [47], which uses token-by-token prediction to
generate shapes. Our model improves over these previous models.

Specifically, we obtain improved COV and MMD across the Chair and Airplane cate-
gories. The high COV reflects the model’s ability to generate diverse, realistic shapes, while
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Table 2: Shape generation performance and time on ShapeNet. Inference time is in sec-
onds on A6000. MMD-CD and MMD-EMD scores are scaled by 10 and 102, respectively.

Chair Airplane

Method COV 1 MMD | 1-NNA | COV 1 MMD | 1-NNA | Time

CD EMD CD EMD CD EMD| CD EMD CD EMD CD EMD| (s)
IM-GAN [10] 57.01 5523 1202 1476 62.15 63.78 | 6221 63.10 3.298 8.479 76.50 76.29 | 2.98
Voxel-GAN [33] 4429 39.89 1535 17.59 80.74 81.62|39.01 39.78 5.875 11.53 93.60 9298 | 2.75

PointDiff [46] 51.88 56.11 1292 1635 62.02 63.95| 60.55 6271 3.615 9.620 74.98 72.63 -
SPAGHETTI [20] 50.11 50.73 15.02 16.05 72.82 69.93 | 57.30 59.12 4342 9.021 79.84 7933 | 274
SALAD (Global) [34] | 50.13 49.12 1193 1435 63.25 61.73 | 5542 59.85 3.891 9.073 82.61 80.87 | 33.2
SALAD [34] 5691 5565 11.89 14.50 58.23 58.90 | 63.65 65.82 3.721 8329 74.35 71.52| 38.0
WaveGen [25] 50.12 50.67 1231 1447 6558 63.39 | 61.40 59.57 3.605 8.075 7623 73.25| 154
ImAM [47] 5438 5571 11.90 1397 6243 62.11 [ 6582 6541 3248 7.900 77.12 79.13 | 14.2
UDiff [104] 53.02 56.51 11.82 1419 66.42 6391 | 6523 6422 3229 7879 7485 79.42| 39.0
Ours | 57.30 5841 1090 13.06 68.10 66.31 | 66.80 65.93 2.900 7.543 82.10 80.92 | 2.50

28 &
dd4
Lid

IM-GAN  WaveGen SPAGHETTI

UDiff

SALAD

Ours

Figure 3: 3D chair generation results on
ShapeNet, comparing IM-GAN, WaveGen,

SPAGHETTI, UDiff, and SALAD, with our

3D-WAG on the far right. 3D-WAG shows
improved structural coherence, finer details,
and a wider diversity of generated designs,
capturing both simple and complex geome-
tries more effectively than other methods.

PointDiff

WaveGen

LAS-Diffusion

UDiff

Ours

Figure 4: 3D garment generation results on
the DeepFashion3D dataset [105], comparing
PointDiff, WaveGen, LAS-Diffusion, UDiff,
and our method (3D-WAG) on the far right.
3D-WAG produces more coherent and realis-
tic garment shapes, capturing intricate struc-
tural details such as folds, sleeves, and open-
ings with higher fidelity than other methods.

the low MMD indicates strong fidelity to the real data distribution, confirming the benefit of
our autoregressive next-scale token map prediction strategy in capturing high-resolution geo-
metric details without significant computational overhead. The slightly higher 1-NNA arises
from our focus on preserving fine-grained local details, which, while enhancing geometric
precision, can lead to sharper features that nearest neighbor classifiers more readily detect.
This trade-off reflects our design choice to prioritize high-quality, detailed shape generation
over smoothing, which may lower 1-NNA at the expense of visual and structural richness.
Overall, these results demonstrate the effectiveness of 3D-WAG in jointly improving diver-
sity, fidelity, and inference efficiency in 3D shape generation. Qualitative comparisons in
Fig. 3 further highlight the superior detail and variety achieved by our method.
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4.3 Results on DeepFashion3D

We compare our approach with SOTA diffusion-based generation approaches, including UD-
iff [104], PointDiff [46], WaveGen [25], Diffusion-SDF [14], and LAS-Diffusion [97]. Each
model is evaluated with the official implementations. WaveGen [25] and UDiff [104] are also
based on wavelet input representation, ensuring a fair comparison.

Table 3 highlights the superior per-  Table 3: Shape generation on DeepFashion3D.
formance of 3D-WAG on the Deep- MMD-CD and MMD-EMD scores are scaled by
Fashion3D dataset compared to pre- 103 and 102, respectively.

vious approaches. 3D-WAG achieves

Method CoV ¢ MMD|  I-NNAJ

the highest Coverage (COV) scores, CD EMD CD EMD CD EMD
with 69.85 (CD) and 68.03 (EMD), in- PointDiff [46] 68.90 64.89 11.20 15.72 83.50 87.93
ot  arad . WaveGen [25] 62.75 52.15 15.78 17.29 93.20 94.96
dicating a broader diversity of gener Diffusion-SDF [14]  |67.45 62.40 14.92 16.88 89.31 92.81
ated shapes that better represent the LAS-Diffusion [97] |67.82 56.43 14.75 16.79 88.95 91.68
UDiff [104] 68.01 11.75 14.25 82.47

dataset’s range of 3D garments. Addi-
tionally, 3D-WAG excels in Minimum Ours | 82.01
Matching Distance (MMD), achieving

the lowest scores across both CD and EMD metrics, with values of 10.96 and 13.89, re-
spectively, demonstrating higher fidelity to real shapes. The 1-Nearest Neighbor Accuracy
(1-NNA) scores of 82.01 (CD) and 82.30 (EMD) further confirm that 3D-WAG produces
realistic samples with a similarity distribution close to the real data. These results validate
the effectiveness of our approach in open-surface shape generation in terms of both diversity
and quality. Fig. 4 presents qualitative examples of our unconditional generation results on
DeepFashion3D. More unconditional generation results, including failure cases and condi-
tional generation, are found in Appendix 11 12 14.

5 Conclusion

We present 3D-WAG, a novel autoregressive approach for 3D shape generation that operates
directly on 3D representations. 3D-WAG transforms the traditional "next-token" prediction
framework of 3D autoregressive methods to a "next-scale token map" prediction framework.
The key innovation of 3D-WAG is reframing 3D autoregressive generation as a "next-scale
token map" prediction task using a compact wavelet representation as input, enabling ef-
ficient generation while preserving intricate geometric details in a structured, hierarchical
way. This approach is validated by 3D-WAG’s outstanding performance on widely rec-
ognized benchmarks, where it achieves superior Coverage and MMD metrics compared to
SOTA models. Our results show that 3D-WAG generates high-fidelity 3D shapes that are
closely aligned with real data distributions, while requiring less inference time.

Future Work While this work primarily introduces a novel and competitive approach to 3D
shape generation, we plan to further optimize the autoregressive generation module. Ad-
ditionally, we aim to explore a broader range of applications, potentially enabling more
complex 3D generation scenarios. Furthermore, we will investigate alternative conditioning
mechanisms to enhance the flexibility and robustness of 3D-WAG across diverse 3D tasks.
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