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Abstract

We introduce the Hybrid Vector-Occupancy Field (HvoF), a
new implicit 3D representation for reconstructing both open
and closed surfaces from sparse point clouds. Existing ap-
proaches, such as occupancy field and signed distance field,
face severe limitations. They struggle with open surfaces,
while unsigned distance field and neural vector field exhibit
directional instability in complex topologies and ridge re-
gions. HvoF addresses these challenges by incorporating a
smoothly decaying occupancy field around the surface, while
capturing precise local geometry using truncated displace-
ment vectors, naturally mitigating direction-field ambiguities
near ridge regions. This unified design forms a robust hybrid
representation that leverages both occupancy and vector field.
To fulfill it, we design a Hybrid Field variational autoen-
coder including a hierarchical cross-attention encoder and
dual-branch decoder that jointly learn occupancy and vector
field through continuous weighting. Extensive experiments
demonstrate that HvoF consistently outperforms state-of-the-
art methods across ShapeNet, ABC, and MGN datasets, ac-
curately reconstructing both open and closed surfaces while
preserving fine geometric details in complex regions.

Introduction
Reconstructing continuous surfaces from sparse point
clouds plays a critical role in computer graphics, 3D vision,
and robotics (Peng et al. 2021; Hoppe 2008; Mittendorfer
and Cheng 2012). These methods can be broadly categorized
into explicit and implicit approaches based on their output
representations. Explicit representations directly predict the
precise surface locations, such as meshes (Chen et al. 2024)
and voxels (Du et al. 2024), but they are often constrained
by resolution and topology (Chen and Zhang 2019; Jiang
et al. 2020; Peng et al. 2020). Neural implicit representa-
tions, such as the occupancy field (Peng et al. 2020) and the
signed distance field (SDF) (Park et al. 2019), have estab-
lished a new state-of-the-art in their ability to represent sur-
face with complex topologies at arbitrary resolutions. How-
ever, the occupancy field and SDF divide space into inte-
rior and exterior regions, so they can only handle watertight
objects and cannot be used for open surface reconstruction.

*Corresponding author.
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Figure 1: The HvoF pipeline begins with occupancy-shell
construction, proceeds to vector-field truncation, and con-
cludes with occupancy-guided modulation that produces the
hybrid vector–occupancy field.

To address the need for representing open surfaces, the Un-
signed Distance Field (UDF) was proposed. This approach
reconstructs complex open surfaces by predicting continu-
ous scalar distances from query points to the nearest surface
points, along with calculating gradient directions. However,
UDF suffers from gradient ambiguities at the “ridge” points,
where gradients do not precisely direct toward target points.
This limitation manifests as jagged edges in reconstructed
surfaces, particularly at boundary regions. To address this
issue, Neural Vector Field (NVF) (Yang et al. 2023) is pro-
posed to represent shape as a vector field by directly predict-
ing the displacement vector from a query point to the near-
est surface point. However, NVF suffers from two signifi-
cant limitations. First, it combines both distance and direc-
tion into a single three-dimensional vector, which increases
optimization complexity during training. Second, NVF ex-
hibits discontinuities when handling open surfaces or com-
plex topologies, particularly near “ridge” points where the
vector field undergoes abrupt changes.

In this work we introduce the Hybrid Vector–Occupancy
Field (HvoF; Fig. 1) as a unified implicit representation for
both closed and open surfaces. We first construct a continu-
ous occupancy shell of thickness r, whose value decays lin-
early from 1 on the surface to 0 at distance r and stays 0 be-
yond. Conditioned on this shell, we predict a displacement
vector field that preserves full vectors inside the shell and
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Figure 2: Ridge point challenges in open surface representa-
tion and our solution. (a) UDF suffers from gradient ambigu-
ities (b) NVF exhibits discontinuities near boundarie (c) Our
HvoF reduces ridge point effects by excluding them from the
occupancy field.

clips their magnitude to r outside, keeping only directional
information where large distances are unnecessary. The two
components are then combined through occupancy-guided
modulation, yielding an HvoF that retains the training sta-
bility of occupancy field while achieving the geometric ac-
curacy of distance-based vectors.

Unlike previous methods that regress an exact distance
or displacement for every query point, we first enclose the
surface in a thin occupancy shell whose value decays lin-
early with distance. The network predicts full displacement
vectors only for points inside this shell. Queries outside it re-
ceive direction-only vectors whose length is fixed to the shell
thickness. Ambiguous ridge points therefore fall outside the
shell and are supervised solely by this coarse, magnitude-
clamped signal, so they cannot destabilise the fine-grained
vector predictions learned near the surface. This separation
markedly improves reconstruction fidelity, as illustrated in
Fig. 2. The hybrid field is trained end-to-end with a vari-
ational auto-encoder in which a hierarchical encoder com-
presses the input point cloud into a compact latent features,
and a dual-branch decoder jointly recovers the occupancy
map and the occupancy-modulated vector field. Our key
contributions are as follows:

• We propose a novel Hybrid Vector-Occupancy Field
(HvoF) that effectively addresses the limitations of ex-
isting representations by integrating a continuous occu-
pancy field with a truncated vector field in a region-
adaptive approach.

• We develop a Hybrid Field variational autoencoder
with hierarchical geometric encoder that transform point
clouds into latent features, jointly decoding occupancy
and vector field through an occupancy-guided modula-
tion mechanism.

• We conduct extensive experiments demonstrating our
method consistently outperforms state-of-the-art ap-
proaches on both closed and open surface across multiple
datasets, with strong generalization capabilities to unseen
shape categories and domains.

Related Works
Occupancy and SDF Representation. Implicit representa-
tions have emerged as a powerful paradigm for 3D shape
modeling in recent years. They define shape by encoding
the spatial relationship between points and surface through
implicit functions, where surface boundaries emerge nat-
urally as level sets or decision boundaries of these func-
tions. For instance, occupancy field (Mescheder et al. 2019;
Chibane, Alldieck, and Pons-Moll 2020; Peng et al. 2020;
Boulch and Marlet 2022; Wang et al. 2023b; Zhang et al.
2023; Wu et al. 2024) and signed distance field (SDF) (Ben-
Shabat, Koneputugodage, and Gould 2022; Park et al. 2019;
Jiang et al. 2020; Chou, Bahat, and Heide 2023; Chou,
Chugunov, and Heide 2022) represent shape by partition-
ing space into interior and exterior regions. The occupancy
field is defined as a binary classification problem for points
in space, determining whether each point is occupied or
unoccupied (Mescheder et al. 2019). OccNet (Peng et al.
2020) integrates a convolutional encoder with an implicit
occupancy decoder to enhance large-scale 3D scene recon-
struction. ALTO (Wang et al. 2023b) improves reconstruc-
tion using an attention-based architecture that refines fea-
tures through intelligent interpolation. Occupancy field also
serve as fundamental shape representation for 3D gener-
ation (Zhang et al. 2023; Zhao et al. 2023; Petrov et al.
2024; Wu et al. 2024). 3DS2V (Zhang et al. 2023) en-
codes neural field into a vector set, designing a learnable
occupancy representation for efficient spatial representation.
To address gradient discontinuities near the surface, Di-
rect3D (Wu et al. 2024) introduces continuous occupancy
field, assigning smoothly varying values to nearby points.
In contrast to occupancy field, SDF offers a more expres-
sive representation by predicting the signed distance to the
nearest surface. DeepSDF (Park et al. 2019) leverages this
formulation by representing shape boundaries as the zero
level set of a learned function, while DeepLS (Chabra et al.
2020) introduces grid-based latent codes for enhanced local-
ized representation. GenSDF (Chou, Chugunov, and Heide
2022) employs a two-stage semi-supervised meta-learning
framework, enabling shape priors to be transferred for re-
constructing unseen categories.
UDF Representation for Open Surface. However, occu-
pancy field and SDF can only characterize closed shape
and are unable to address open surface. Recent research
has explored unsigned distance field (UDF) (Chibane, Mir,
and Pons-Moll 2020; Ye et al. 2022; Yang et al. 2023;
Ren et al. 2023; Hu et al. 2024) to represent open sur-
face. NDF (Chibane, Mir, and Pons-Moll 2020) designs a
hierarchical neural network to learn UDF with real-valued
distance supervision. GIFS (Ye et al. 2022) further gen-
eralizes shape representation by modeling multi-layer sur-
face through spatial relationships between points. To im-
prove UDF optimization and stability, CAP-UDF (Zhou
et al. 2024) introduces consistency-aware constraints and
level set projections to stabilize UDF optimization and gen-
erate more precise geometries. GeoUDF (Ren et al. 2023)
takes a geometry-guided approach, representing unsigned
distances as a learnable affine combination of tangent plane
distances from neighboring points. In contrast to recent ap-
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Figure 3: Architecture of our Hybrid Field VAE. Left: Hierarchical Geometric Encoder processes input point cloud P. Right:
Hybrid Field Decoder predicts occupancy and vector field from query points Q, producing a hybrid representation for accurate
3D surface reconstruction.

proaches (De Luigi et al. 2023; Yu et al. 2025) that thresh-
old UDF values within predefined ranges for learning su-
pervision, our method preserves geometric fidelity by trun-
cating displacement vector magnitudes while maintaining
their directional information. Beyond distance-based meth-
ods, NVF (Yang et al. 2023) reformulated the distance field
into a vector field, encoding both distance and directional
information while resolving ambiguities at ridge points.

Approach
Given a point cloud P ∈ RN×3 and query points Q ∈
RM×3, we propose HvoF, a hybrid vector-occupancy field
framework that predicts a continuous occupancy field O(q)
and a truncated vector field V(q) for each query point q ∈
Q. To define our representation, we establish a continuous
occupancy field within a thin shell of thickness r around
the surface where full displacement vectors are maintained,
while only directional information with truncated magnitude
is preserved beyond this region. This hybrid representation
is learned through a transformer-based Hybrid Field VAE ar-
chitecture (Fig. 3) consisting of a hierarchical geometric en-
coder for point cloud processing and a dual-branch decoder
with occupancy-guided field modulation.

Hybrid Vector-Occupancy Field
For robust representation of complex 3D shapes, we intro-
duce the Hybrid Vector-Occupancy Field (HvoF), combin-
ing continuous occupancy and truncated vector field. To for-
malize HvoF, we define the following components: For any
query point q ∈ Q, let p ∈ P denote the nearest surface
point, and define the displacement vector ∆q = p− q. The
magnitude ∥∆q∥ equals the distance d between q and p,
which defines the unsigned distance function value udf(q).
The unit vector g = ∆q

∥∆q∥ represents the direction from q to
p.

Specifically, we design our approach around a thin shell of
thickness r near the surface. We extend the semi-continuous
occupancy concept introduced in Direct3D (Wu et al. 2024)
with a more generalized formulation capable of handling
both open and closed surfaces:

Fo(q) =


1, if d = 0,

1− d
r , if 0 < d ≤ r,

0, if d > r.

(1)

This piecewise function creates a smooth gradient from 1
at the surface (d = 0) to 0 beyond distance r. This continu-
ous decay explicitly defines near-surface regions as occupied
(Fo(q) > 0) while marking distant regions as non-occupied
(Fo(q)) = 0).

Leveraging the stability benefits of constraining distance
values within predefined ranges (De Luigi et al. 2023; Yu
et al. 2025), we propose a new truncated vector field Fv(q)
that adaptively integrates with our occupancy field:

Fv(q) =
{
∆q, if Fo(q) > 0,

rg, if Fo(q) = 0.
(2)

Here, query points inside the shell (d ≤ r) retain the
full displacement vector ∆q, capturing accurate geometry
in the local region. Conversely, query points far from the
surface (d > r) rely solely on directional information g with
fixed magnitude r. This truncation serves two purposes: (i)
it prevents large, unbounded displacement values from dom-
inating the learning process, and (ii) it reduces unnecessary
complexity in regions that are too distant to provide fine-
grained geometric detail.

This hybrid representation naturally handles the chal-
lenges of complex geometries, particularly at ridge points
and open boundaries, by maintaining accurate displacement
vectors in critical near-surface regions while providing con-
sistent directional guidance elsewhere.

Hybrid Field VAE
To effectively learn our hybrid vector-occupancy represen-
tation, we propose a hybrid field variational autoencoder
(VAE) framework, as illustrated in Fig. 3. Our architecture
adopts a transformer-based design that processes both input
point cloud and query points, inspired by the perceiver ar-
chitecture (Zhang et al. 2023; Li et al. 2025). As shown in
our framework overview, the VAE consists of: (1) a Hierar-
chical Geometric Encoder E that maps the input point cloud
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P to a latent space z ∈ RL×c, where L denotes the latent
tokens length and c is the dimension of each token, and (2)
a Hybrid Field Decoder D with dual branches that condi-
tions on query pointsQ to jointly predict the occupancy field
through an Occupancy Field Decoder ψ and the vector field
through a Vector Field Decoder ϕ. This design enables end-
to-end learning of detailed geometric features while main-
taining global shape consistency.
Hierarchical Geometric Encoder. A key challenge in
learning implicit representation lies in effectively encoding
the inherent structural information of 3D shape. To address
this, we propose a hierarchical attention-based encoder E
that systematically aggregates geometric features through a
progressive fusion strategy. We extract both local and global
geometric features from the input surface point cloud P .
We begin by mapping the point cloud into a continuous
position-aware representation through Fourier feature em-
bedding (Jaegle et al. 2021), yielding PE(P ). To capture
localized information, we introduce learnable tokens X ∈
RL×e that interact with local point features through cross-
attention. For capturing global context, we employ a KNN
graph network (Wang et al. 2019) that dynamically connects
each point with its neighbors, obtaining the global descrip-
tor through element-wise max-pooling. This global repre-
sentation is then integrated with the local features through
a second cross-attention operation. The hierarchical atten-
tion design enables comprehensive feature fusion at different
scales. The final latent representation z is obtained through
iterative self-attention refinement that captures long-range
dependencies and spatial correlations across the shape ge-
ometry.
Hybrid Field Decoder. The decoder D reconstructs the con-
tinuous occupancy field and vector field from the latent rep-
resentation z. It consists of a self-attention module followed
by cross-attention and two independent decoding branches.
First, self-attention layers operate on z to refine spatial cor-
relations and capture long-range dependencies. The refined
features are then processed through cross-attention, where
query points Q interact with z, enabling each query to ex-
tract relevant geometric information.

Following this interaction, the decoder D splits into two
specialized branches: the Occupancy Field Decoder ψ and
the Vector Field Decoder ϕ, both implemented using linear
projection layers. The Occupancy Field Decoder predicts the
continuous occupancy field Ô, while the Vector Field De-
coder estimates the displacement vector field V̂:

Ô = ψ
(
CrossAttn

(
PE(Q), SelfAttn(i...n) (z)

))
,

V̂ = ϕ
(
CrossAttn

(
PE(Q), SelfAttn(i...n) (z)

))
,

(3)

where n denotes the number of self-attention layers.
The dual decoders produce two independent field predic-

tions: Ô and V̂ . Although both capture essential geomet-
ric information, nothing yet enforces our hybrid-field con-
straints. In particular, V̂ exhibits unconstrained vector mag-
nitudes across all regions, and the occupancy and vector
fields are not coordinated to realize the intended spatial be-

haviour. To bridge this gap, we introduce occupancy-guided
vector modulation:

Ṽ = ÔV̂ + r
(
1− Ô

) V̂
∥ V̂ ∥

. (4)

This formulation creates a continuous transition across
our hybrid field: when Ô = 1 (near surfaces), Ṽ = V̂ , pre-
serving full displacement vectors; when Ô = 0 (far from
surfaces), Ṽ = r V̂

∥V̂∥ , retaining only directional information
with fixed magnitude r. For intermediate occupancy values,
the equation produces a weighted blend between these be-
haviors, ensuring smooth transitions while conforming to
our hybrid field definition and effectively integrating infor-
mation from both predicted field to achieve high-fidelity rep-
resentation of complex 3D surfaces.

Optimization
To effectively train our hybrid field VAE framework, we
design a comprehensive loss function that ensures accurate
prediction of both the continuous occupancy field and the
truncated vector field. For occupancy prediction, we employ
Binary Cross-Entropy (BCE) loss:

Lo = BCE(Ô,O). (5)

Here, Ô = Dψ(E(P ), Q) represents the predicted occu-
pancy field generated from input point cloud P and query
points Q via our hierarchical geometric encoder E and Oc-
cupancy Field Decoder ψ, while O = Fo(Q) denotes the
ground-truth occupancy values derived from our hybrid field
formulation. For vector field supervision, we implement L2
loss between the modulated vector field and ground-truth
vectors:

Lv =
∥∥∥Ṽ − V

∥∥∥2
2
, (6)

where Ṽ is the occupancy-guided modulated vector field as
defined in Eq. 4, with V̂ = Dϕ(E(P ), Q) being the raw out-
put from the Vector Field Decoder ϕ. This ensures that our
supervision aligns with the hybrid field properties defined in
Sec. , where V = Fv(Q) corresponds to the ground-truth
vectors.

Our complete loss function integrates these supervision
terms with VAE regularization:

L = Lo + Lv + λLKL, (7)

where LKL represents the KL divergence loss for latent
space regularization, with λ = 1 × 10−3 controlling its
strength. This joint optimization strategy preserves the cor-
rect relationship between occupancy and vector field while
maintaining our desired hybrid field properties.

Experiments
Implementation Details. During preprocessing, we nor-
malize shapes to [-0.8, 0.8]. For training, we sample 2,048
surface points as input and 4,096 query points within [-1,
1]. Our network architecture incorporates learnable tokens
X ∈ R512×512 and latent representation z ∈ R512×64 with
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Methods Base Category Novel Category

CD↓ EMD↓ F12.5×10−5↑ F11×10−4↑ CD↓ EMD↓ F12.5×10−5↑ F11×10−4↑

GridFormer(Li et al. 2024) 0.364 1.876 79.859 92.025 0.374 1.928 81.409 89.873
GEM3D(Petrov et al. 2024) 0.400 1.332 77.528 95.270 0.446 1.630 75.869 93.516
GeoUDF(Ren et al. 2023) 0.465 1.444 66.463 93.000 0.451 1.609 70.270 92.879
3DS2V(Zhang et al. 2023) 0.895 1.970 59.783 84.020 1.076 2.528 53.933 80.043
NVF(Yang et al. 2023) 0.452 1.406 69.653 93.012 0.514 1.537 73.042 92.602

Ours 0.299 1.671 87.605 98.159 0.323 1.744 84.713 96.593

Table 1: Quantitative comparison between Seen and Zero-shot reconstruction on ShapeNet. “Base” categories represent Seen
reconstruction results, while “Novel” categories show Zero-shot reconstruction performance.

GT NVF GridFormerOurs GeoUDF 3DS2V GEM3D

GT NVF GridFormerOurs GeoUDF 3DS2V GEM3D

GT NVF GridFormerOurs GeoUDF 3DS2V GEM3D

GridFormerNVFOursGT GEM3D3DS2VGeoUDF

Figure 4: Qualitative comparison on ShapeNet dataset. The first row shows reconstruction results on “Base” categories, while
the last two rows present “Novel” categories.

truncation threshold r = 0.1. The VAE structure comprises
m = 8 self-attention layers in the encoder and n = 16 in
the decoder. We optimize the model using the Adam op-
timizer with a learning rate of 1 × 10−4 on an NVIDIA
RTX 4090D GPU. For surface reconstruction, we implement
DoubleCoverUDF (Hou et al. 2023) to efficiently exploit our
hybrid field representation.
Datasets. Following the experimental protocol in PEIF (Hu
et al. 2024), we evaluate our method on three representative
datasets: ShapeNet (Chang et al. 2015), ABC (Koch et al.
2019), and MGN (Bhatnagar et al. 2019). (1) ShapeNet is
a large-scale repository of 3D CAD models spanning 55
object categories. For our experiments, we designate cars,
chairs, planes, and tables as “base” categories, while speak-
ers, benches, lamps, and watercraft serve as “novel” cate-
gories for generalization testing. (2) ABC dataset contains
a diverse collection of one million CAD models, predom-
inantly comprising mechanical parts. We follow the same
data splits as (Wang et al. 2023a) for our experiments.
(3) MGN dataset consists of five categories of open gar-
ment meshes, which we exclusively employ for testing our
model’s generalization capability to deformable surface.
Evaluation Metrics and Comparisons. We evaluate us-
ing Chamfer-L1 distance (CD, ×10−2), Earth Mover Dis-
tance (EMD, ×10−2), and F-score (×10−2) with thresh-

olds 2.5 × 10−4 and 1 × 10−4. We compare our method
against UDF-based approaches (GeoUDF (Ren et al. 2023),
NVF (Yang et al. 2023)), and occupancy field-based meth-
ods (3DS2V (Zhang et al. 2023), GEM3D (Petrov et al.
2024), GridFormer (Li et al. 2024)). For fair comparison,
all baselines were retrained on identical datasets under the
same conditions.

Seen and Zero-shot Reconstruction
We evaluate our method on ShapeNet for both base (Seen)
and novel (Zero-shot) categories, and on the ABC dataset
for Seen reconstruction. As shown in Tab. 1 and 2, HvoF
achieves superior performance in most metrics, particularly
excelling in CD and F1-scores while maintaining compet-
itive performance in EMD. Fig. 4 and 5 illustrate the ad-
vantages of our hybrid representation over baseline meth-
ods. In ShapeNet examples, NVF (Yang et al. 2023) suf-
fers from vector prediction errors that create holes in re-
constructed surfaces, as evidenced in the watercraft sails.
GeoUDF (Ren et al. 2023) produces jagged edges due to
gradient ambiguities at ridge points where UDF methods
struggle with directional guidance. Our thin-shell design
and occupancy-guided vector modulation effectively ad-
dress these issues by preserving accurate displacement vec-
tors near surfaces while providing stable directional infor-
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mation elsewhere. This approach enables HvoF to recon-
struct complex topological features with smooth transitions
across boundaries, particularly evident in the mechanical
structures of the ABC dataset. The combination of contin-
uous occupancy field with truncated vector field allows our
method to maintain consistent reconstruction quality in both
Seen and Zero-shot scenarios, showing robust generalization
capability with moderate performance differences between
base and novel categories.

Method CD↓ EMD↓ F11×10−4↑

3DS2V(Zhang et al. 2023) 0.465 1.263 95.435
GEM3D(Petrov et al. 2024) 0.356 1.100 96.595
GeoUDF(Ren et al. 2023) 0.335 1.124 97.506
NVF(Yang et al. 2023) 0.390 1.179 94.369

Ours 0.266 1.137 98.753

Table 2: Quantitative comparison of surface reconstruction
performance on ABC dataset.

GT Ours NVFGeoUDF

Figure 5: Comparison on ABC dataset shows our method
produces smoother surface and clearer geometric details on
topologically complex shapes.

Single-category Reconstruction
To systematically evaluate the performance of our method
in single-category reconstruction, we conduct comprehen-
sive experiments on the car category from ShapeNet. Cars
represent an ideal testbed for single-category reconstruction
due to their complex geometric structures, including intri-
cate surface details (e.g., mirrors, wheels) and varying topo-
logical features. All methods were retrained on the car cate-
gory under identical settings for fair comparison.

As shown in Tab. 3, our method achieves the best CD
score and competitive results on other metrics. While NVF
achieves the lowest EMD, and GEM3D (Petrov et al. 2024)
shows the highest F1 score, our method offers the best over-
all balance across all evaluation metrics. Fig. 6 illustrates the
qualitative advantages of our approach. Occupancy-based
methods 3DS2V (Zhang et al. 2023), GEM3D (Petrov et al.
2024) struggle with structural completeness, particularly
in thin regions such as side mirrors and wheel structures
due to their inherent binary space partitioning limitation.

NVF (Yang et al. 2023) exhibits significant detail loss in ge-
ometric features, while GeoUDF (Ren et al. 2023) produces
boundary blurring at critical junctions where directional gra-
dient ambiguities occur. In contrast, our hybrid represen-
tation effectively preserves intricate car details with pre-
cise geometry reconstruction. The occupancy-guided vector
modulation maintains the full displacement vectors near sur-
faces while stabilizing predictions in other regions, enabling
our method to capture sharp features and smooth transitions
simultaneously in complex automotive structures.

Method CD ↓ EMD ↓ F11×10−4↑

GEM3D(Petrov et al. 2024) 0.556 1.302 96.234
3DS2V(Zhang et al. 2023) 0.859 1.684 78.491
GeoUDF(Ren et al. 2023) 0.494 1.275 91.163
NVF(Yang et al. 2023) 0.511 1.136 90.005

Ours 0.413 1.384 94.528

Table 3: Quantitative comparison of different methods on
ShapeNet cars reconstruction.

GT Ours NVF

GeoUDFGEM3D3DS2V

Figure 6: Qualitative comparison on ShapeNet cars. Our
method preserves fine details (e.g., mirrors, wheels) with
smoother surface than baselines, closely approximating
ground-truth geometry.

Cross-domain Reconstruction
We evaluate cross-domain generalization capability by ap-
plying our model trained on ShapeNet-base to the MGN
dataset, which consists of real-world scanned garments
with challenging open surfaces. Tab. 4 shows our method
achieves the best CD score while maintaining competitive
performance in EMD and F1 metrics. As illustrated in Fig. 7,
baseline methods struggle with complex regions like col-
lar openings and pant hems. NVF (Yang et al. 2023) suf-
fers from vector prediction errors that create holes in recon-
structed surfaces, while GeoUDF (Ren et al. 2023) produces
jagged edges due to gradient ambiguities at ridge points. In
contrast, our hybrid representation effectively captures intri-
cate clothing features with smoother transitions and more
complete details in these challenging areas. This demon-
strates robust generalization from synthetic to real-world
data, particularly for complex open surfaces.

Ablation Studies
We perform ablation studies on the ABC dataset to evaluate
our field representation design and shell thickness config-
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Method CD↓ EMD↓ F11×10−4↑

GeoUDF(Ren et al. 2023) 0.341 0.742 97.547
NVF(Yang et al. 2023) 0.311 0.734 97.978
Ours 0.310 0.740 97.388

Table 4: Quantitative comparison of cross-domain recon-
struction on MGN dataset.

GT Ours NVF GeoUDF

Figure 7: Open-surface garment reconstruction on MGN

uration, validating component effectiveness and framework
robustness.
Field Representation Analysis. We compare three field
representation strategies using the same model. As shown
in Fig. 8, the occupancy field reconstruction exhibits clear
structural outlines but lacks detailed features on the mechan-
ical part, especially at complex junctions and edges. The un-
truncated vector field shows significant degradation near sur-
face boundaries and ridge points, where abrupt changes in
displacement vectors lead to blurred geometric structures.
This is primarily due to the inherent difficulty in simul-
taneously predicting accurate distance and direction infor-
mation in a coupled vector representation. Our hybrid de-
sign addresses these limitations through occupancy-guided
truncation, as evidenced by the sharp feature preservation
and clean surface reconstruction. The quantitative results in
Tab. 5 further support these observations, with our method
achieving superior EMD and F1 scores while maintaining
competitive CD performance.

Method CD ↓ EMD ↓ F11×10−4↑

Occupancy Field 0.234 2.182 98.547
Vector Field 0.349 2.391 93.916
Ours 0.266 1.137 98.753

Table 5: Ablation study on different field representations.

Shell Thickness Analysis. The shell thickness parameter
r in our hybrid field representation directly influences sur-
face detail capture. We conduct experiments with different
r values ranging from 0.05 to 0.15 as shown in Tab. 6. Our
method achieves optimal performance at r = 0.10, demon-
strating the best balance across all metrics. A very small r
creates too narrow a region for effective surface representa-
tion, while larger values cause over-smoothing. As shown in
Fig. 9, the moderate value r = 0.10 achieves optimal recon-
struction quality, particularly in preserving detailed geomet-

GT OursGT Ours Occupancy Field Vector FieldOccupancy Field Vector FieldOccupancy Field Vector Field

Figure 8: Comparison of different field representations on a
mechanical part.

GT r = 0.15 r = 0.1 r = 0.05GT r = 0.15 r = 0.1 r = 0.05

Figure 9: Visual comparison of reconstruction quality with
different shell thickness values r

ric features at complex junctions.

Shell Thickness (r) CD ↓ EMD ↓ F11×10−4↑

0.05 0.279 1.316 98.684
0.10 0.266 1.137 98.753
0.15 0.339 1.489 96.009

Table 6: Impact of shell thickness on reconstruction quality.

Conclusion
In this paper, we introduced Hybrid Vector-Occupancy Field
(HvoF), a novel 3D shape representation that combines
a continuous occupancy field within a thin shell with a
truncated vector field for unified modeling of both closed
and open surface. Our approach effectively resolves limita-
tions of existing implicit methods through a region-selective
strategy that preserves complete displacement vectors near
surfaces while maintaining only directional information
elsewhere. The dual-branch VAE with hierarchical cross-
attention encoder extracts multi-scale geometric features
and implements occupancy-guided modulation for smooth
field transitions. Extensive experiments on ShapeNet, ABC,
and MGN datasets demonstrate HvoF consistently outper-
forms state-of-the-art methods in reconstruction accuracy
and generalization capability across diverse object cate-
gories and domains.
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