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Abstract. 3D shape generation aims to produce innovative 3D content
adhering to specific conditions and constraints. Existing methods often
decompose 3D shapes into a sequence of localized components, treating
each element in isolation without considering spatial consistency. As a
result, these approaches exhibit limited versatility in 3D data represen-
tation and shape generation, hindering their ability to generate highly
diverse 3D shapes that comply with the specified constraints. In this pa-
per, we introduce a novel spatial-aware 3D shape generation framework
that leverages 2D plane representations for enhanced 3D shape modeling.
To ensure spatial coherence and reduce memory usage, we incorporate
a hybrid shape representation technique that directly learns a continu-
ous signed distance field representation of the 3D shape using orthogonal
2D planes. Additionally, we meticulously enforce spatial correspondences
across distinct planes using a transformer-based autoencoder structure,
promoting the preservation of spatial relationships in the generated 3D
shapes. This yields an algorithm that consistently outperforms state-
of-the-art 3D shape generation methods on various tasks, including un-
conditional shape generation, multi-modal shape completion, single-view
reconstruction, and text-to-shape synthesis. Our project page is available
at https://weizheliu.github.io/NeuSDFusion/|
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1 Introduction

In the fast-paced realm of computer vision and graphics, generative modeling has
emerged as a crucial aspect of 3D shape creation, propelling advancements in 3D
content generation. Recently, the remarkable achievements of generative models
in 2D image synthesis and video production have inspired significant interest in
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Fig.1l: NeuSDFusion demonstrates exceptional performance in generating high-
quality, diverse shapes with smooth surfaces and detailed structures, showcasing its
capability in 3D shape synthesis across various tasks including unconditional genera-
tion, single-view reconstruction, shape completion, and text-to-3D synthesis.

exploring generative techniques, such as diffusion models , in the creation
of 3D content. This development reflects a broader transition towards more so-
phisticated and flexible 3D shape generation methods, fueled by the growing
demand for high-quality 3D content across diverse industry applications.

Recent studies have focused on understanding 3D geometry by
leveraging multi-view supervision with predefined camera positions and incor-
porating inductive biases through neural rendering techniques. While these
approaches yield impressive results, the training process can be time-consuming
and often overlooks accessible 3D data that could be harnessed to derive more
effective shape priors. To directly exploit such shape priors from 3D data, con-
temporary methods typically model the distribution of 3D objects us-
ing explicit 3D representations. These techniques frequently employ Truncated
Signed Distance Function (T-SDF) as the 3D object representation and uti-
lize an encoder to embed an object directly into a latent representation. How-
ever, the T-SDF representation usually employs a 3D voxel representation to
store the distance field, which is generally memory-intensive, hindering the cap-
ture of detailed shape characteristics due to memory constraints. Inspired by
recent efforts [4] in using 2D plane representations for 3D shape modeling, some
works @ opt to encode an object as a tri-plane representation for embedding
and employ point clouds as an intermediate representation. However, such an
intermediate representation necessitates extra encoding networks, resulting in re-
duced efficiency. NFD , a work closely related to ours, utilizes tri-planes as the
3D object representation. However, their tri-planes are learned from occupancy
grids, so that the representation capability is constrained by the grid resolution.
This limitation highlights the need for more advanced 3D shape representa-
tions that can effectively capture spatial coherence and generate high-quality
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3D shapes, paving the way for further progress in the field of 3D generative
models.

Furthermore, while the tri-plane representation has been proposed to pre-
serve 3D information of objects by utilizing three orthogonal 2D planes, existing
approaches often overlook the 3D correlations among these planes. Previous
works [9,/43] concatenate the three planes in the channel dimension and treat
them as RGB images, even though there is no explicit relationship between the
same coordinates on different planes. These methods neglect the synergy be-
tween planes, leading to disorder in the feature learning process, inferior shape
details, and artifacts. An attempt to address cross-plane correlation is the 3D-
aware convolution proposed by Rodin [47]. However, this method relies on an
approximated feature aggregation through a pooling operation to tackle the com-
putational cost, which results in displaced shape details and hampers in-plane
communication.

To this end, we present NeuSDFusion, a framework for generating high-
fidelity 3D objects, as depicted in Fig.[T} Unlike previous methods that either rely
on rendering-based techniques, ignoring available explicit 3D priors, or employ
raw 3D data (point clouds [46], mesh [26], occupancy grid [35./43], or SDF [24132])
as 3D representations, limited by memory constraints, we introduce a hybrid
tri-plane SDF representation named NeuSDF. This representation expressively
embeds 3D objects as orthogonal 2D planes, preserving 3D structural informa-
tion and generating smooth surfaces, while also being computationally efficient
and capable of handling high-resolution details.

Our proposed approach consists of a three-stage pipeline. In the first stage,
we fit each object in a dataset with a NeuSDF representation. To achieve gen-
erative modeling of this representation and retain the topological structure, we
propose a specially designed autoencoder in the second stage. This autoencoder
compresses the raw NeuSDF representation into a compact latent representation
that preserves spatial correspondence among different planes. In the final stage,
we adapt a diffusion model to synthesize these compressed latent representations
of objects with various conditioning signals. The generated latent representations
can then be further decoded into a new NeuSDF representation and ultimately
transformed into a novel 3D object via marching cubes shape extraction [29)].

We demonstrate the capability of our framework in various settings, including
unconditional generation, multi-modal shape completion, single-view reconstruc-
tion, and text-guided generation. In summary, our contributions are:

— A novel pipeline capable of generating high-fidelity 3D shapes under various
conditions.

— A hybrid 3D representation that captures highly detailed surface shapes with
minimal memory consumption.

— A spatial-aware autoencoder structure designed to maintain spatial coher-
ence for our proposed hybrid 3D representation.

— Extensive experiments showing that our method achieves state-of-the-art
performance on various 3D shape generation benchmarks, surpassing previ-
ous methods in terms of both generation quality and diversity.
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2 Related Works

2.1 Generative Modeling of 3D Shapes

In recent years, numerous works have been proposed to generate 3D shapes, with
existing 3D generative models built on various frameworks. This includes genera-
tive adversarial networks (GANSs) |1,48,61], variational autoencoders (VAEs) |16}
22/[32/45|, normalizing flows [54], autoregressive models |57], energy-based mod-
els [11)51], and more recently, denoising diffusion probabilistic models (DDPMs) |6l
130120},/49;/63]. Luo et al. [30] pioneered the application of DDPMs for modeling
raw point clouds. Building on the success of latent diffusion models [41] in 2D
image generation, several works [8]/241/46] explored generative modeling of 3D
shapes in latent space to reduce computational complexity and enhance gen-
eration quality. Within this context, LION [46] utilized point clouds to repre-
sent 3D objects, while 3DQD [24], SDFusion [§|, and DiffusionSDF [9] employed
the Signed Distance Function (SDF) for 3D shape representation. Concurrently,
other research efforts have investigated DDPMs for 3D shape generation with
varied representations, such as mesh [26], occupancy grid [43], and neural radi-
ance fields [33]. Despite these advancements, a common limitation among most
approaches is their inadvertent neglect of spatial coherence during the genera-
tion process. Addressing this gap, a recent study by Wang et al. [47] introduces
a method that maintains spatial correspondence through the use of 3D-aware
convolution on rolled-out tri-planes. Nevertheless, this technique employs axis-
wise pooling to downsample plane features to a vector and only aggregates such
downsampled features without enforcing in-plane communication. As a result, it
lacks context information and fails to generate smooth shape surfaces. This high-
lights the need for more advanced methods that can effectively capture spatial
coherence and generate high-quality 3D shapes.

2.2 Representation of 3D Shapes

Various 3D shape representations have been investigated to facilitate the 3D
synthesis task. We categorize them into two primary classes: rendering-based and
rendering-free methods. Rendering-based approaches [19}/21], such as LRM |[19],
Zerol123 |25], employ multi-view images to learn object geometry via volume
rendering [31]. However, these methods overlook the available 3D objects as
priors, leading to coarse shapes that often lack fine geometry details. On the other
hand, rendering-free methods model the distribution of 3D objects using raw 3D
representations, such as point clouds [12], mesh [3|, binary occupancy [53,[58],
and raw SDF [55//59,/60]. These methods necessitate careful network design (e.g.,
treating point clouds as sets [30] or handling mesh edges [26]), and may struggle
to represent intricate object structures. SDFusion [§] and 3DQD [24] employ
T-SDF to represent 3D objects. However, direct use 3D representation requires
substantial memory, while most of the 3D space remains devoid of shape surfaces.
Consequently, these 3D representation approaches are generally less effective
compared to 2D plane formulations [4]. NDF [43] was the first to introduce
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Fig. 2: Our method follows a pipeline consisting of three stages. Given a raw mesh, we
rst sample surface points and space- lling points to adapt each mesh to a NeuSDF
representation. In the second stage, we compress the raw tri-plane representation into
latent tri-planes z with a spatial-aware autoencoder. In the third stage, we train a latent
di usion model capable of generating tri-plane latent 2z, from a standard Gaussian
under exible conditions. During the inference phase, we input the generated latent z
into the decoder, and generate a mesh using the Marching Cubes algorithm by querying
the signed distance value of any position via interpolating the reconstructed tri-plane.

a tri-plane representation for modeling raw 3D data. However, their tri-plane
representation was derived from a discrete occupancy grid, constraining shape
details by the resolution of planes.

3 Methodology

Our pipeline comprises three stages, as illustrated in Fig. 2. Initially, we model
each 3D object with a novel hybrid representation named NeuSDF, mapping the
signed distance function into three orthogonal 2D planes (Sec. 3.1).

In the second stage, we compress this 2D plane representation into latent
features. To this end, we propose a transformer-based autoencoder, which e -
ciently encodes the tri-planes into a compact representation while preserving the
3D correlations between planes (Sec. 3.2). In the nal stage, we train a di usion
model capable of performing unconditional or guided generation with prompts
from various modalities, including images, text, and point clouds (Sec. 3.3).

3.1 Representing objects as NeuSDF

Formulation. A signed distance function is a function that maps a spatial
coordinate (x;y; z) to a real values, indicating the distance of the spatial position
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to the object surface. This function is commonly represented with a network or
a vector representation [32, 34]. Instead, inspired by the recent success of the
tri-plane representation [4], we represent the geometry of a 3D shape using three
axis-aligned planes,i.e. the XY, YZ, and XZ planes. We then use a multi-layer
perceptron (MLP) to decode the tri-plane into signed distance values. Formally,
we query the signed distance value of any 3D positiorp 2 R? by projecting it
onto each of the three feature planes, retrieving the corresponding feature vector
Fxy ; Fxz; Fyz via bilinear interpolation and aggregating the three feature vectors
to obtain the feature vector for the query position. Then, we use an MLP to
interpret the aggregated feature as a real value. The signed distance of any query
position p is acquired as follows:

(p) = MLP (ny Fyz Fyz); (1)
where denotes element-wise summation.

Point Sampling. To e ectively represent a 3D object as a NeuSDF, we sample
SDF values to train the tri-planes. Given a 3D object mesh, we rst preprocess
it to transform it to a watertight shape using Blender's voxel remeshingtool.
Then, we normalize the shape within the[ 1; 1]° box. Subsequently, we randomly
sample on-surface points o from the shape surface and uniformly sample o -
surface points  with ground truth SDF values in the [ 1; 1] space. In addition
to the signed distance supervision, we leverage normal direction as extra guidance
to achieve detailed surface modeling. Consequently, we also sample the normal
vector for each on-surface point.

Fitting. We employ an optimization-based approach to convert each 3D object
into tri-planes, which will then be used for training our generative model. There
are two learnable competent,i.e., the tri-planes and the MLP with parameters

. We jointly optimize both using the following geometry loss:

Lgeo = Lsg *+ Lnorma *+ Leikonal - (2)
These three terms are de nedxas: «

Lsda = 2 0 M+ 2 0 (P dj; 3)

Lnormal = 3 Irp (p) Npl; 4)

Leikonal = 4 Jiir p (I 1ij; ®)

p2 o

whered, and n, are ground truth SDF value and surface normal vector, respec-
tively. The gradient r , (p) = &S, €0; €D represents the direction of
the steepest change in SDF. It can be computed using nite di erenceseg.g., the

partial derivative for the X-axis component reads (2 = (e 0:0) _(» _(:0.0)

where is the step size. The Eikonal loss constrain&r , (p)k to be 1 almost ev-
erywhere, thus maintaining the intrinsic physical property of the signed distance
function.
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Fig.3: An illustration of the spatial-aware autoencoder design. Both (a) a roll-out
mechanism and (b) a channel-wise concatenation strategy utilize a convolutional neu-
ral network to manipulate a 2D feature map, which leads to a contextual disorder.
To address this issue, we propose the (c)all as tokens operation which is designed to
preserve spatial coherence. This operation is facilitated by (d) a transformer-based au-
toencoder structure and the implementation of (e) a spatial-aware position embedding
(SAPE) technique.

Our NeuSDF formulation learns continuous SDF values using a compact
2D plane representation, which stands in contrast to previous work. Existing
methods either directly leverage T-SDF representation [8, 24], which is memory-
intensive and sensitive to noise, or utilize additional point cloud encoding net-
works [9], resulting in reduced e ciency.

3.2 Compression with Spatial-Aware Autoencoder

Given that we individually embed each object as a tri-plane, directly training a
di usion model on these tri-planes would lead to two signi cant drawbacks: 1)
an excessive number of parameters to di use, resulting in the model's inability to
generalize and synthesize novel tri-planes, and 2) substantial model complexity,
necessitating vast computational resources [41]. To address these limitations, we
introduce a spatial-aware autoencoder to compress tri-planes into latent repre-
sentations. Speci cally, given a tri-planex 2 R® ¢ H W the encoderE encodes
X into a latent representation z = E(x), and the decoderD reconstructs the tri-
plane from this latent representation. Thus, we havex = D(z) = D(E(x)), where
z2 R® ¢ M W andcis the feature dimension.

Model Structure. A tri-plane data structure diers from a grid-like image
that can be e ciently processed via convolutional neural networks, such as the
autoencoder used in Stable Diusion [41]. We aim to model and compress the
global 3D information of tri-planes into compact latent representations while
preserving the 3D correlations between planes. However, most existing methods
overlook these correlations. For instanceroll out used in Rodin [47], and [9,43]
naively concatenate tri-planes either horizontally or in the channel dimension
to form a 2D feature map. Such approaches result in disorder in the feature
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learning process and generate artifacts. Moreover, Wangt al. [47] attempts to
address cross-plane correlation using 3D-aware convolution, but it relies on a
feature aggregation using a pooling operation to tackle the computational cost
and generate inferior results in our experiments. In summary, existing tri-plane
autoencoders, which all adopt convolution, do not guarantee meaningful spatial
correspondence among di erent planes.

To e ectively compress the tri-planes, an e cient and expressive structure
capable of handling tri-plane features while maintaining spatial consistency is
essential. We propose a transformer-based autoencoder designed to process and
progressively downsample tri-plane features in accordance with their 3D rela-
tionship, as depicted in Fig. 3.

Our transformer-based autoencoder adheres to a U-shaped encoder-decoder
structure. Both the encoder and decoder comprise several stages, where the
downsampling operation and cross-plane correlation are separately handled within
each stage. This design ensures a balanced approach to feature compression and
spatial comprehension. Within each stage, tri-plane features are rst concate-
nated in the channel dimension. Subsequently, we use a group convolution to
downsample each plane individually with a separate kernel, allowing for more
parameter-e cient compression while preserving the spatial relationships among
the tri-plane features. Following this, the tri-plane is attened into a 1D se-
quence of tokensx 2 R® 3HW and input into a transformer block. This trans-
former block attends to di erent parts of the tri-plane representations and learn
global relationships between three planes. However, a prominent limitation of the
transformer structure is the computational overhead of the self-attention mod-
ule, as its complexity grows quadratically with respect to the sequence length
(3 64 64 =12288in the rst stage in our setting). This complexity poses a
challenge to the scalability of the transformer-based model to handle tri-planes.
For example, LRM [19] only processes tri-planes with a resolution o082, lead-
ing to unsatisfactory details. To overcome this di culty, we utilize the linear
attention mechanism proposed in [37,38]. Linear attention considerably reduces
computational complexity, enabling us to directly operate on high-resolution
tri-planes and achieve high-quality results.

Furthermore, naively attening a tri-plane into a 1D sequence of tokens can
result in the loss of 3D relative correlations between three planes. To preserve
the cross-plane correlations in the attention operation, we proposepatial-aware
position embedding (SAPE). Speci cally, we create three orthogonal learnable
position embeddings and add them to each attened plane respectively. This
approach introduces an inductive bias, allowing each token in the attened tri-
plane sequence to di erentiate whether other tokens belong to the same plane
or two other distinct planes. In this way, we maintain the 3D relative correla-
tions between planes throughout the model. More details of linear attention and
spatial-aware position embeddingare introduced in the supplementary material.

Learning. Our training objective of the spatial-aware auto-encoder can be for-
mulated as follows:

Lae = Lrec (X; D(E(X))) + LkL (X;D;E) + L geo; (6)
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whereL e is aLy norm applied between inputx and its reconstruction D (E(x)) .
To avoid arbitrarily high-variance latent spaces, we introduce a slight KL penalty
Lk, towards a standard normal on the learned latent, similar to a VAE [23].
Furthermore, we additionally add geometry lossL 4o as de ned in Eq. 2 to
ensure the faithful representation of the shape in the learned latent tri-plane.

To be noted, the latent tri-plane representation z retains a tri-plane struc-
ture with z = fz(Mjz() 2 RS ™ n:j 2 f 1;2;3gg. Unlike previous work such as
Di usionSDF [9] that employs an arbitrary one-dimensional latent vector, our
method upholds the inherent 3D structure of the tri-plane representation. By pre-
serving this 3D structure, our compression model is capable of more e ectively
capturing the details of the input information, contributing to the generation of
high-quality 3D shapes.

3.3 Generative Modeling of Latent Tri-Planes

By employing our innovative spatial-aware tri-plane autoencoder, we can now
encode raw tri-planes into a compact, low-dimensional latent tri-plane space.
This latent representation is more advantageous for likelihood-based generative
modeling compared to the raw tri-plane space, as it enables them to focus on
the fundamental, semantic aspects of the data in a reduced-dimensional, com-
putationally more manageable space [41].

Di usion Model Formulation. Di usion Models are probabilistic constructs
designed to learn a data distribution g(zp) by progressively denoising a normally
distributed variable. The learning process is equivalent to performing the reverse
operation of a xed Markov Chain with a length of T. The diusion process
transforms latent zg into purely Gaussian noisezr N (0;1) over T time steps.
The forward step in this process is de ned as:

. p_——
a(ztjze 1)= N(z; 1 1zt 1; tl); (7)

+ and adding Gaussian noise following a variance schedule; 2;:::; 1.

Learning. The goal of training a di usion model is to learn to reverse the
di usion process. To achieve this, we adopt the approach proposed by Adityset

al. [40], wherein a neural network is used to directly predictzy. Given a uniformly

sampled time stept from the set f1;:::; Tg, we generatez; by sampling noise
from the input latent vector zy. A time-conditioned denoising autoencoder [41],
denoted by , is employed to reconstructzy from z;. The objective of the latent

tri-plane di usion is given by:

Ligm =1 (z; (1) 20ji% (8)

where () represents a positional embedding angj jj > denotes the mean squared
error (MSE) loss.

During the testing phase, we iteratively denoisezr to obtain the nal output
z% This output can be decoded into the raw tri-plane x° with a single pass

Yyhere noisy variablez; is derived by scaling the previous noise sample; ; with
1
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through the decoderD. Finally, a pretrained MLP decodesx?into a dense signed
distance volume using marching cube-shape extraction.

Condition Injection. To generate novel object with given conditions from
various modalities, including point clouds, 2D images, and text descriptions,
we inject a latent representation of conditions derived from these modalities.
Speci cally, for a given input y, we utilize a domain-speci ¢ encoder to extract
shape features = (y), which subsequently guide the sampling or training
process of the di usion model.

We employ the denoising U-Net architecture described in Rombactet al. [41],
augmenting it with an additional cross-attention layer within each block of the
U-Net backbone to incorporate condition prompts. The cross-attention layer is

de ned as: Attention (Q; K;V ) = softmax %% V, with:

Q=w§ iz @ K=wd ;v=w) ©

Here, () denotes the output of an intermediate layer of , and Wq; Wk ; Wy
represent learnable parameters.

Furthermore, we adopt the classi er-free guidance paradigm [18] at each
training iteration. That is, we substitute the shape feature with a zero-mask
as a conditioning input with 10% probability to enhance sample diversity.

4 Experiments

Our NeuSDFusion o ers a exible and e cient way to generate high-quality 3D
shapes, either unconditionally or guided by di erent conditions, as demonstrated
in the following sections. We evaluate our approach in various experimental set-
tings, encompassing unconditional content generation, multi-modal shape com-
pletion, single-view 3D reconstruction and language-guided generation.

4.1 Unconditional Generation

Adhering to the precedent established by previous work [24,46], we employ three
categories from ShapeNet [5], nhamely Airplane, Chair and Car, to assess the
unconditional generation capability of our proposed method. We adopt 1-Nearest
Neighbour Accuracy (1-NNA) [28] for evaluating unconditional generation. 1-
NNA is a direct measure of distributional similarity, accounting for both diversity
and quality. We measure 1-NNA using both Chamfer Distance (CD) [10] and
Earth Mover Distance (EMD) [14] to provide a comprehensive assessment of the
evaluation metric.

As shown in Tab. 1, our method outperforms existing techniques, achieving
state-of-the-art results in unconditional generation. Our approach consistently
excels across all categories, demonstrating the signi cant superiority of our pro-
posed pipeline in the detailed modeling of 3D shapes. Notably, we markedly
surpass both LION and 3DQD, which also utilize DDPMs but with di erent ob-
ject representations. This performance enhancement is largely attributed to our
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Table 1: Results on Airplane, Chair, Car categories from ShapeNet using 1-NNA#.

Airplane Chair Car

Method Rep. CD EMD CD EMD CD EMD
IM-GAN [7] Occupancy 79.48 82.94 58.59 69.05 95.69 94.79
SDF StyleGAN [61] SDF 85.48 87.08 63.25 67.80 88.34 88.31
GET3D [15] SDF - - 75.26 72.49 75.26 72.49
MeshDi usion [26] Mesh 66.44 76.26 53.69 57.63 81.43 87.84
LION [46] Point Cloud 67.41 61.23 53.70 52.34 53.41 51.14
3DQD [24] TSDF  56.29 54.78 55.61 52.94 55.75 52.80
Ours NeuSDF 52.33 52.47 51.95 52.60 53.06 51.11

novel object representation method, NeuSDF, and the spatial-aware tri-plane au-
toencoding scheme. As a result, our samples are diverse and visually appealing,
as illustrated in Fig. 1.

4.2 Multi-Modal Shape Completion

In accordance with standard practices [24,32], we evaluate the shape completion
capability of our proposed method using the ShapeNet dataset, comprising 13
categories and follow the train/test splits provided by DISN [52]. The partial
shapes encompass two settings: 1) the bottom half of the ground truth, and 2)
the octant with front, left, and bottom half of the ground truth. For evaluation
purposes, we compute the Total Mutual Di erence (TMD) of N =10 generated
shapes for each input, indicative of completion diversity. We report the Minimum
Matching Distance (MMD) and Average Matching Distance (AMD), which gauge
the minimum and average Chamfer Distances from the ground truth to the10
generated shapes, thereby demonstrating completion quality.

Fig.4: Multi-modal shape completion results. Our NeuSDFusion method generates
shapes with superior quality and diversity compared to previous state-of-the-art ap-
proaches, while remaining consistent with the input partial shapes.
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Table 2: Results of multi-modal shape completion, metrics are multiplied by 10?.

Bottom Half Octant
Method MMD # AMD # TMD " MMD # AMD # TMD "

PoinTr [56] 532 N/A NA 2157 NA N/A
SeedFormer [62] 4.97 N/A  N/A 2399 N/A N/A
AutoSDF [32] 351 820 466 572 1279 8.26
3DQD [24] 293 630 478 469 10.93 9.60

Ours 229 590 476 3.03 959 832

We compare our approach with both state-of-the-art shape generation [24,
32] and point cloud completion [56, 62] methods. The results are presented
in Tab. 2. Notably, our method outperforms the previously best-performing
method, 3DQD, in terms of quality metrics for bottom half and octant shape
completion, while maintaining a competitive diversity score. Qualitative results
in Fig. 4 demonstrate that our method exhibits superior performance in diversity
while preserving the high-quality geometries. This suggests that our proposed
autoencoder e ectively embeds raw tri-plane representations into a structural
latent space, enabling the subsequent generation process to produce shapes with
descriptive conditions.

4.3 Single-View 3D Reconstruction

Following the precedent set by previous methods [8,32], we evaluate our approach
for 3D shape reconstruction from a single image using the real-world Pix3D [44]
benchmark dataset. We employ the provided train/test splits for the chair cat-
egory and, in the absence of o cial splits for other categories, follow previous
methods [8, 32] to split samples into train/test sets. We adopt the o cial eval-
uation script [44] to assess our method and compare it with prior approaches.
We contrast our approach with recent state-of-the-art generative single-view
reconstruction methods, namely AutoSDF [32] and SDFusion [8]. The evalua-
tion results are reported in Tab. 3. Our approach consistently outperforms prior
work by a substantial margin, achieving approximately 50% improvements in
both Chamfer Distance and F-Score. Visualizations of our results compared to
previous work are presented in Fig. 5.

Our proposed NeuSDF can e ectively represent 3D object shapes, as our
pipeline is capable of modeling ne shape details with minimal memory usage,
while previous methods are hindered by computational cost. Consequently, the
3D shapes generated by our approach are signi cantly more detailed than those
produced by prior state-of-the-art methods.

4.4 Language-Guided Generation

To quantitatively evaluate our method on text-guided shape generation, we
adopt the approach used in previous work [24,32] and utilize the ShapeGlot [2]
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Table 3: Quantitative results Table 4: Results for text-guided generation.
for single-view reconstruction. PMMD, CLIP-S, and TMD are scaled by 107

Method CD # F-Score’ Method PMMD # CLIP-S" FPD# TMD "
Pix2Vox [50] 3.00 0.39 Shape-IMLE [27] 1.68  31.42 8234 0.54
AutoSDF [32] 2.28  0.42 AutoSDF [32] 1.96  31.65 141.87 1.30
SDFusion [8] 1.85 0.43 3DQD [24] 149 3211 59.00 2.80
ours 0.92 0.61 ours 149 3252 5501 3.20

Fig.5: Single-view reconstruction on the Pix3D dataset. Note that our approach gen-
erates signi cantly more detailed shapes compared to previous works, demonstrating
the e ectiveness of our method in capturing intricate shape properties.

dataset, which provides text utterances describing the di erences between a tar-
get shape and two distractors based on the ShapeNet dataset. We employ the
same train/test splits provided by AutoSDF [32]. To measure the similarity
between text and shape modalities, we follow 3DQD [24] and use CLIP-S as
the metric. The metric computes the maximum score of cosine similarity be-
tween N = 9 generated shapes and their corresponding text prompts using a
pre-trained CLIP [39]. Since CLIP cannot directly process 3D shape inputs, we
render each generated shape into 20 2D images from various viewpoints to com-
pute CLIP-S. Additionally, we employ Fréchet-Pointcloud Distance (FPD) [42]
and Pairwise Minimum Matching Distance (PMMD) to measure the distance
between ground truth and samples.

Quantitative results in Tab. 4 demonstrate that our technique consistently
outperforms the baseline works across all evaluated metrics, particularly in FPD
and PMMD. This indicates that our approach adheres more consistently to text
prompts than previous work. We also present text-guided generation results in
Fig. 6, illustrating that our method can achieve e ective modality alignment
between text and 3D objects.

4.5 Ablation Study

We evaluate the e ectiveness of our spatial-aware transformer-based autoencoder
design by comparing it with two related methods: roll out [17,47] and channel-

" https://www.meshy.ai/
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Fig.6: Text-guided shape generation. We showcase the ability of our method w.r.t.
generating shapes based on text prompts. The orange text represents the geometry
prompt and we employ Meshy"to generate texture using the blue prompt.

wise concatenation [9, 43]. Speci cally, we train both our autoencoder and a
CNN-based autoencoder from Stable Diusion [41] on a chair-class subset of
ShapeNet. As illustrated in Fig. 7, the reconstructed results of channel-wise con-
catenation or roll out exhibit defects due to spatial misalignment.
The roll out method su ers from defects
at the border of the tri-plane representa-
tion, as the convolution operation over-
laps over two planes, while the values at
the edge of two adjacent planes are not
continuous in space, as shown in Fig. 7
(b). Channel concatenation, in contrast,
presents some reconstruction defects due
to the lack of an explicit relationship be-
tween the same spatial locations across
di erent planes, thereby limiting the reconstruction capability. Our proposed ap-
proach employs group convolution to downsample each plane individually and in-
troduces a specially designed attention mechanism to achieve 3D-aware tri-plane
interaction. Consequently, our generated objects are integral with a smooth sur-
face. Furthermore, we provide additional evaluation and implementation details
of our method in the supplementary material.

Fig.7: Comparison of dierent tri-
plane autoencoding methods.

5 Conclusion

In this paper, we introduce a novel approach to 3D shape synthesis by leveraging
a hybrid 3D shape representation and enforcing spatial consistency within the
autoencoder module. Our method enables the generation of high- delity 3D
shapes that are consistent with various condition modalities. Through extensive
evaluation, we demonstrate that our proposed approach consistently outperforms
previous state-of-the-art methods across multiple evaluation metrics and diverse
settings, verifying the e ectiveness and robustness of our method. Furthermore,
our approach exhibits superior performance in terms of generation diversity and
shape quality, highlighting its potential for practical applications in computer
vision, graphics, and related elds.
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