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Abstract

Neural signed distance functions (SDFs) have been a vital
representation to represent 3D shapes or scenes with neu-
ral networks. An SDF is an implicit function that can query
signed distances at specific coordinates for recovering a 3D
surface. Although implicit functions work well on a single
shape or scene, they pose obstacles when analyzing multi-
ple SDFs with high-fidelity geometry details, due to the lim-
ited information encoded in the latent space for SDFs and the
loss of geometry details. To overcome these obstacles, we in-
troduce a method to represent multiple SDFs in a common
space, aiming to recover more high-fidelity geometry details
with more compact latent representations. Our key idea is to
take full advantage of the benefits of generalization-based
and overfitting-based learning strategies, which manage to
preserve high-fidelity geometry details with compact latent
codes. Based on this framework, we also introduce a novel
sampling strategy to sample training queries. The sampling
can improve the training efficiency and eliminate artifacts
caused by the influence of other SDFs. We report numerical
and visual evaluations on widely used benchmarks to validate
our designs and show advantages over the latest methods in
terms of the representative ability and compactness.

Code — https://github.com/eoozbq/Compact-SDF

Introduction
Signed distance functions (SDFs) are a vital representation
for 3D perception in computer vision and robotics. It pre-
dicts a signed distance at an arbitrary location, resulting in an
implicit function which can be parameterized well by deep
neural networks, dubbed neural SDFs (Park et al. 2019; Xie
et al. 2022). To reconstruct a surface, an SDF predicts signed
distances on all vertices of a volume grid, which is then
used in the marching cubes algorithm (Lorensen and Cline
1987a). Although SDFs are good at representing geome-
try with arbitrary topology, training neural SDFs requires a
large amount of forward and backward procedures, and is
limited in recovering high-frequency geometry details, due
to the bias of neural networks on low-frequency geometry.

To recover more geometry details, the latest methods em-
ploy 3D volume grids to represent signed distances or spatial
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features that can be decoded into signed distances (Takikawa
et al. 2021; Chen et al. 2021; Liu et al. 2021; Müller et al.
2022; Yariv et al. 2023). Unlike neural networks, signed
distances or spatial features on vertices of a grid can get
tuned without a constraint of consistency to the ones on
the neighboring vertices, leading to a capability of recov-
ering more high-fidelity geometry details, such as sharper
edges and smoother surfaces with less artifacts (Jiang et al.
2020a). These methods usually employ an overfitting strat-
egy to overfit one volume grid on a single shape. Due to the
lack of a compact latent space to represent multiple volume
grids, these methods can not generalize to other shapes like
some priors trained in a data-driven manner. This also makes
it challenging to analyze multiple SDFs which are expected
to preserve high-fidelity geometry details.

To overcome this challenge, we introduce a method to
learn a compact latent space for representing multiple SDFs,
where more high-fidelity geometry details can be recovered.
Our key idea is to take full advantage of the benefits from
generalization-based neural networks and overfitting-based
volume grids. Specifically, to learn SDF, we use a volume
grid to model the signed distance field near the surface,
while using a neural network to model the signed distance
field far away from the surface, where the neural network
and the volume grid share the same compact latent code
representing the shape. This design aims to leverage the
generalization ability of neural networks to remove artifacts
caused by influence from different shapes, which removes
the need of sampling dense queries in areas that are far away
from the surface, while using the volume grid to improve
the accuracy of the SDF near the surface, where we sample
dense queries to significantly improve the geometry details.
Based on this design, the learned latent codes are compact
and more representative of shapes with high-fidelity geom-
etry details. We report numerical and visual evaluations to
show the superiority of our method over the latest meth-
ods on widely used benchmarks. Our main contributions are
listed below,
• We introduce a novel method to represent multiple neu-

ral SDFs with high-fidelity geometry details, leading to a
compact latent space for representing multiple SDFs.

• We introduce a novel sampling strategy to improve the
efficiency and performance of learning implicit functions
with volume grids.
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Figure 1: Reconstruction of a statuette using Marching Cubes at 5123 resolution.

• We report the state-of-the-art performance and show ad-
vantages over the latest methods on widely used bench-
marks in representative ability and compactness.

Related Work
Recently, there has been a growing interest in using neu-
ral fields (Xie et al. 2022), such as occupancy func-
tions (Mescheder et al. 2019; Peng et al. 2020) or signed
distance functions (SDFs) (Park et al. 2019), to represent
shapes with neural networks, which allows mesh extraction
through contouring methods, like marching cubes (Lorensen
and Cline 1987a).

Early approaches used low-resolution occupancy
grids (Choy et al. 2016; Girdhar et al. 2016; Wang et al.
2018), while later methods employed octrees (Tatarchenko,
Dosovitskiy, and Brox 2017; Wang et al. 2017) or sparse
grids (Museth 2013; Setaluri et al. 2014; Martel et al. 2021)
to reduce memory costs, though discretization introduced
artifacts. To enable continuous implicit representation,
seminal works like DeepSDF (Park et al. 2019), and
others (Chen and Zhang 2019; Mescheder et al. 2019;
Michalkiewicz et al. 2019; Liu et al. 2019; Hertz et al. 2021;
Lipman 2021; Remelli et al. 2020; Davies, Nowrouzezahrai,
and Jacobson 2021; Erler et al. 2020; Genova et al. 2020a;
Liu et al. 2024) encoded shapes into latent vectors using
the MLPs, allowing distance field queries at any 3D point.
Recent techniques improved surface smoothness via auto-
decoding (Park et al. 2019), curriculum learning (Duan
et al. 2020), adversarial training (Kleineberg, Fey, and
Weichert 2020), or Lipschitz regularization (Liu et al.
2022). However, single global latent codes often lack fine
details. Some methods address this by using periodic acti-
vations (Sitzmann et al. 2020) or Fourier features (Tancik
et al. 2020) to enhance high-frequency detail recovery.

To better capture local details, recent methods partition
3D space into local grids (Jiang et al. 2020b; Chabra et al.
2020; Chibane, Alldieck, and Pons-Moll 2020; Genova et al.
2020b, 2019; Martel et al. 2021; Saragadam et al. 2022;

Yao et al. 2021), assigning each a dedicated latent code
or using interpolated feature grids. DeepLS (Chabra et al.
2020) stores independent latent codes per grid cell, while
NGLOD (Takikawa et al. 2021) uses a level-of-detail struc-
ture for progressive resolution. MDIF (Chen et al. 2021) em-
ploys hierarchical latent grids for multi-resolution decoding,
and IMLS (Liu et al. 2021) defines implicit functions on
point sets. Instant-NGP (Müller et al. 2022) introduces ef-
ficient multi-resolution hashing for compact representation,
and MosaicSDF (Yariv et al. 2023) focuses grids near shape
boundaries. By encoding only local geometry, these meth-
ods achieve finer details than global representations. Unlike
existing SDF fitting techniques, our approach learns multi-
ple SDFs in a shared latent space, enabling higher-fidelity
details with more compact storage.

Additionally, in recent 3D generation tasks, encoding
shapes into a shared latent space is key, as seen in Hyper-
Diffusion (Erkoç et al. 2023), 3DILG (Zhang, Nießner, and
Wonka 2022), and 3DShape2VecSet (Zhang et al. 2023b).
While these methods focus on latent space mapping, they
often overlook geometric details. In contrast, we identify the
causes of detail loss and introduce dual branches to jointly
encode high- and low-frequency information, enabling more
precise geometric reconstruction.

Method
Overview. We aim to learn multiple SDFs with geometry
details in a compact latent space. As illustrated in Fig. 2, our
method is formed by two branches, one is a generalization-
based network, the other is an overfitting-based network,
which shares a learnable latent code that differentiates SDFs.
We aim to learn parameters in the two branches, latent codes
{z} for representing multiple SDFs, and spatial features on
vertices of a volume grid where queries can get spatial fea-
tures c by trilinear interpolation. The latent code z is a sam-
ple in the learned latent code space. The first branch maps
a coordinate with the latent code into a signed distance. We
employ its generalization ability to generalize the prior to
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Figure 2: Overview. Our method fully leverages the advantages of both generalization-based and overfitting-based networks,
combining their strengths to enhance training efficiency and performance.

Figure 3: Imbalance query sampling.

predict signed distances in areas that are far away from a sur-
face even we do not sample dense training samples. The sec-
ond branch works with a spatial feature grid which is shared
with different 3D shapes. We first interpolates the feature of
a coordinate with the grid, and then maps the coordinate fea-
ture and the latent code into a signed distance. We leverage
its overfitting of high-frequency 3D signals to preserve fine
surface geometry using dense sampling samples.

Our dual branch architecture takes full advantages of the
benefits of generalization-based and overfitting-based meth-
ods, prompting the strengths of both kinds of methods to
improve the training efficiency and performance, aiming to
represent multiple SDFs with geometry details using the
latent codes. We fuse the signed distance prediction from
both branches to reconstruct 3D surfaces using the March-
ing Cubes algorithm (Lorensen and Cline 1987a).

Motivation. Although overfitting-based method works
well on single objects with a learnable spatial feature grid,

multiple SDFs usually got influence from each other if they
share a spatial feature grid with each other. The issue comes
from the imbalanced queries sampled for different shapes.
For example, one shape has much more sampled queries in
one voxel in the spatial feature grid than other shapes. This
fact makes features in this voxel lean to be more representa-
tive on the shape with more queries, resulting in poor detail
recovery on some other shapes.

One solution is to ensure that all shapes have balanced
queries sampled in each voxel on the grid, as shown in Fig. 3
(a). However, that would be a huge computational burden
with a grid of cubic complexity, which is barely possible for
training. To resolve this issue, we introduce a novel sam-
pling strategy with a balance constraint. We find a trade off
between the complexity and performance, i.e., we only en-
sure that all shapes have queries sampled in each voxel near
their surfaces, which is a dense sampling in a bandwidth,
while only sampling sparse points outside the bandwidth.
Besides the overfitting branch trained by the dense sampling
in the bandwidth, our generalization branch will generalize
the prior of signed distances in areas outside the bandwidth,
which does not produce artifacts even if we merely sam-
ple sparse queries outside the bandwidth. Our networks and
sampling can resolve the imbalance issues.

Neural Signed Distance Function. An SDF is a contin-
uous function that maps a given spatial point x ∈ R3 to a
scalar s ∈ R, indicates the distance from the point to the
surface and the sign of s determines whether the point lies
inside or outside the surface, defined as s = SDF (x). Then,
its zero-level set implicitly defines the underlying 3D shape.
Our due-branch network predicts signed distances sg and so

2356



(a) (b) (c) (d)

Figure 4: Sampling strategy of our method. Red points show
dense samplings of the near surface, and blue points show
sparse samplings of the far surface.

at x, which are fused into one distance s during inference.

Generalized SDF. We employ a generalization-based net-
work sg = fg

θ (PE(x), z) as a branch to estimate a coarse
surface, where PE denotes the positional encoding. The net-
work takes a query point x and a shape code z as input, and
predicts the signed distance sg at x to the surface of shape
represented by the latent code z. We apply positional encod-
ing (Mildenhall et al. 2021) to improve boundary accuracy
by introducing high-frequency details.

Overfitting SDF. To capture more high-fidelity geomet-
ric details, we employ an overfitting-based network so =
fo
θ (x, c, z) with a shared spatial feature grid. The vertices

within the grid hold learnable features, which represent the
shape characteristics of objects within that region. Given a
3D query point x, we first interpolate its cube latent code
c from the grid using the trilinear interpolation. Then, the
overfitting network takes the concatenation of query point
x, the shared shape code z, and the interpolated feature c as
input, and predicts the signed distance so at x.

Signed Distance Fusion. For inference, we fuse the SDF
predictions sg and so from both branches into a fused signed
distance s. We first use the generalization network fg

θ to re-
construct a coarse 3D shape using the marching cubes. Then,
we extract the surface, find the voxels occupied by the sur-
face, and expand voxels by n layers by both sides of the
surface, forming a bandwidth B of the surface. We rerun the
marching cubes with a signed distance fusion below,

s =

{
so = fo

θ (x, c, z), x ∈ B
sg = fg

θ (PE(x), z), others
(1)

Sampling with a balance constraint. To work with our
SDF representation, we also propose a sampling with a bal-
ance constraint to sample training queries for our overfitting-
based network.

We use dense near-surface and uniform off-surface sam-
pling in Fig. 4 to boost training efficiency. Specifically, we
first divide the entire space at low resolution to obtain sparse
uniform sampling, as shown in Fig. 4 (b). Next, we divide
the space again at a higher resolution. We then find the vox-
els occupied by the surface of the object, expand them with
n more layers of voxels to determine the bandwidth B of the
surface to obtain dense uniform sampling in bandwidth, as

shown in Fig. 4 (c). Finally, we merge the two sets and re-
move duplicates to obtain the training samples in Fig. 5(d).

Optimization. For training, we supervise the signed dis-
tance predictions sg and so with the ground truth at the same
time. We simultaneously optimize the two networks by min-
imizing a composite loss function that includes the gener-
alized SDF reconstruction loss with shape code regulariza-
tion, and the overfitting SDF reconstruction loss with grid
code regularization. Thus, the overall loss is formulated as,
where the SDF losses Lgen and Lovf are defined as the mean
squared error (MSE) between the predicted SDF values ŝ
and the ground truth s′, measuring the discrepancy between
the predicted and ground-truth signed distance values. N is
the number of sampled query points.

L = Lgen + Lovf + λ1Lz + λ2Lc

=
1

N

N∑
i=0

∥ŝgi − s′i∥
2

2 +
1

N

N∑
i=0

∥ŝoi − s′i∥
2
2

+ λ1
1

σ2
z

∥z∥22 + λ2
1

M

M∑
j=0

1

σ2
cj

∥cj∥22 ,

(2)

Lz and Lc are the regularization loss terms applied to the
shape latent code z and each grid latent code cj to pre-
vent overfitting and encourage smoothness and compact-
ness, where M is the number of grid code. λ1 and λ2 are
coefficients to balance the contributions of each term.

Experiments
Implementation details
Dataset. We conduct experiments on three datasets: The
Stanford Models (Curless and Levoy 1996), Shapenet-
Core.v2 (Chang et al. 2015), and D-FAUST (Bogo et al.
2017). We select six detail-rich models from the Stanford 3D
Scanning Repository for the reconstruction of single com-
plex shapes. For ShapenetCore.v2, we select six object cate-
gories with the same train/test splits as DeepSDF (Park et al.
2019). On D-FAUST, we select models from three differ-
ent human subjects, with each subject performing a variety
of motion sequences, such as chicken wings, jiggle on toes,
and light hopping loose. We follow the train/test splits
from (Zhang et al. 2023a). We preprocessed each mesh as
follows: first, we scaled it to fit the unit cube [−0.9, 0.9]3.
Then, we used Manifold (Huang, Su, and Guibas 2018) to
make the mesh watertight before sampling.

Metrics. We use Chamfer Distance (CD) L, F-Score, pre-
cision, and recall to provide a comprehensive evaluation of
our method. Chamfer distance captures overall accuracy,
while F-Score, precision, and recall focus on the quality and
completeness of surface predictions.

Setting. We employ a higher learning rate 1.0 × 10−1 to
optimize the grid code (a 1283 grid with 128-dim feature
code for each grid), and a lower learning rate 1.0 × 10−3

for the shape code (a 256-dim code) to ensure stable con-
vergence and prevent overfitting to early-stage representa-
tions. The bandwidth of n=3 defines the near and far sur-
faces, which are sampled at 5123 and 1283, respectively.
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Both networks use 256-dim codes and eight hidden layers
of 512 units. The learning rate decays by a factor of 0.5 ev-
ery 1000 epochs, with a total of 4000 training epochs.

Reconstruction
Single complex objects. We demonstrate the superiority
of our method in preserving fine-grained geometric details
in surface reconstruction on complex objects, compared to
five SOTA approaches, including Instant-NGP (Müller et al.
2022), NGLOD (Takikawa et al. 2021), ACORN (Martel
et al. 2021), MosaicSDF (Yariv et al. 2023), and Hyper-
Diffusion (Erkoç et al. 2023). The results are reconstructed
by marching cubes (Lorensen and Cline 1987b) with a uni-
form resolution of 512. As shown in Fig. 5, our method suc-
cessfully reconstructs Lucy and Happy Buddha with high-
fidelity geometry details and sharp edges, such as the hand,
torch, skirt folds, petals, and prayer beads. In addition to
visual comparison, we sample 500K points from the re-
constructed surfaces for quantitative evaluation. As shown
in Table 1, our method consistently outperforms existing
approaches across all metrics, accurately recovering high-
fidelity shape details that other methods fail to capture.

Method CD(↓) F-Score(↑) Precision(↑) Recall (↑)
ACORN 6.76e-05 0.982 0.967 0.998
NGLOD 6.77e-05 0.980 0.968 0.994
Instant-NGP 7.37E-05 0.976 0.962 0.990
M-SDF 1.30e-03 0.902 0.846 0.972
HyperDiffusion 1.20e-04 0.835 0.847 0.823
Ours 6.56e-05 0.983 0.969 0.998

Table 1: Quantitative comparison on the Stanford models.

Multiple 3D objects. As presented in Table 2, our ap-
proach consistently outperforms six state-of-the-art meth-
ods across all evaluation metrics on ShapeNet. Furthermore,
Fig. 6 illustrates its ability to reconstruct complex lamp
geometries without introducing artifacts in empty regions,
while faithfully recovering fine details, particularly in ob-
jects containing small holes.

Compared to the existing methods, our method leverages
spatially-aware grid features combined with global latent
codes, enabling it to capture both coarse structure and fine-
grained geometric details. Especially, since IF-Net relies on

Method Bench Chair Plane Table Lamp Sofa Avg.

DeepSDF 4.890 8.630 2.660 6.330 14.63 5.040 7.030
IF-NET 1.340 1.000 0.225 0.857 0.817 1.100 0.890
3DILG 0.872 1.380 0.355 1.280 4.700 1.510 1.683
InsNGP 0.881 1.210 0.664 1.030 1.880 1.100 1.128
M-SDF 2.005 15.92 4.101 6.630 18.43 26.81 12.32
HyperDiff 1.640 1.490 2.310 1.470 6.990 2.830 2.788
Ours 0.463 0.898 0.223 0.790 0.517 0.751 0.607

Table 2: Comparison in multi-objects reconstruction on
ShapeNet (Note: CD ×10−4, InsNGP denotes Instant-NGP,
and HyperDiff denotes HyperDiffusion).

convolutional architectures that require dense spatial con-
text, when we trained with global query points but tested on
partial inputs (e.g., half of the query points), IF-Net struggles
to extract meaningful features, and fails to recover complete
human bodies.

Figure 6: Comparison in multiple object reconstruction on
ShapeNet.)

Like Instant-NGP (Müller et al. 2022), our method em-
ploys grid-based features to encode local shape information.
However, while Instant-NGP demonstrates remarkable per-
formance in single-object reconstruction, its effectiveness
diminishes notably in multi-object reconstruction scenarios,
even when trained with our sampled query points. This per-
formance degeneration is caused by its limited capacity to
distinguish between different shapes within a shared latent
space. Specifically, hash collisions and the finite resolution
of the hash table undermine the fidelity of feature represen-
tations, degenerating geometry details in reconstructions.

Shape completion
We evaluate our method on shape completion using a sub-
set of the DFAUST dataset (Bogo et al. 2017). As shown
in Table 3, our method achieves a superior quantitative per-
formance compared to existing approaches, demonstrating
its effectiveness in handling incomplete input data. Further-
more, Fig. 7 shows that our method successfully reconstructs
partial human models while preserving fine-grained geomet-
ric details, such as the sharp structures of the fingers.
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Figure 5: Comparison in single complex object reconstruction on the Stanford models.

Method 50002 50022 50025 Avg.

DeepSDF 3.87 3.39 3.48 3.58
IF-NET 391.79 486.36 544.60 474.25
Instant-NGP 0.342 0.523 0.345 0.403
Ours 0.134 0.124 0.115 0.124

Table 3: Shape completion results on DFAUST (CD × 10−4).

Figure 7: Comparison results in shape completion on DFAUST.

Shape interpolation
We report the results of shape interpolation between the la-
tent codes of two shapes to demonstrate the better conti-
nuity and semantic significance of our learned shape em-
bedding, compared to existing methods. The length of la-
tent shape code used in our method, DeepSDF, and Instant-
NGP is 256-dimensional, while HyperDiffusion adopts
a 3-layer 128-dimensional MLP. As shown in Fig. 8,

compared to DeepSDF (Park et al. 2019) and Instant-
NGP (Müller et al. 2022), our method produces more pro-
nounced shape changes when interpolating between shapes.
While DeepSDF has smoother transitions, especially in re-
gions like airplane wings, our method allows for more no-
ticeable shape transformations, capturing more complex ge-
ometry changes. For HyperDiffusion (Erkoç et al. 2023),

Figure 8: Comparison of shape interpolation on ShapeNet.

interpolating directly in their latent space results in unreal-
istic geometries or structural artifacts, since each object is
represented by a separate MLP and the complexity of the
MLP weights leads to nonlinear transitions. Moreover, our
method learns more compact latent codes than HyperDiffu-
sion. Each latent code is a one-column vector, and its dimen-
sion is flexible to set. While HyperDiffusion uses parameters
of a neural network to represent a shape, which is not com-
pact. While DeepSDF and Instant-NGP adopt similar codes,
their bias toward low-frequency signals and resulting arti-
facts hinder accurate representation of multiple neural SDFs
with detailed geometry.
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Ablation study
Overfitting/Generalization. We report our ablation ex-
periments on 100 randomly selected chair models. To
validate the effectiveness of our dual-branch architec-
ture, we separately evaluated the generalization-based and
overfitting-based networks using the CD metric in Fig. 9.
All experiments use the settings in Sec setting.

The generalization branch captures coarse geometric fea-
tures to establish a reasonable shape prior, while the over-
fitting branch focuses on recovering high-frequency details.
The reconstructions show that generalization branch can re-
cover a surface with low-frequency geometry while the over-
fitting branch can recover a sharp surface but have some arti-
facts caused by imbalanced sampling outside the bandwidth.
Eventually, the signed distance fusion can address the issues
of reconstruction from both branches.

This demonstrates that combining signed distances from
both branches not only removes artifacts of single-branch
reconstruction but also captures fine surface geometry.

Bandwidth. We report the impact of bandwidth in Fig. 9.
With the trained networks, we try other sizes of bandwidth
in signed distance fusion, including 1, 3, and 6. The results
show that the artifacts will inherit from the overfitting branch
if the bandwidth is too large.

Dual (Ours) Gene-only Over-onlyn=1 n=3 n=6
4.01 4.05 11.6 4.29 14.6

Figure 9: Comparison with single network under different
bandwidths n in CD × 10−4.

Shared shape code dimensions. To explore the impact
of the shape code dimensions on shape reconstruction fi-
delity, we compare the reconstruction results using different
dimensions (d = 8, 16, 32, 64, 128) in Table 4. The perfor-
mance keeps getting improved with higher dimensions until
d = 64, and maintains afterward. Note that we only use 100
shapes in this experiment, and we may need higher dimen-
sions for larger datasets.

Sampling strategy. We highlight our sampling by com-
paring with uniform sampling on grids. We try to use ver-
tices of grids with different resolutions including 323, 643,
1283, and 2563. We report the numerical comparison with
ours in Table. 5. We see that the performance can get im-
proved with higher resolutions but is still worse than ours.
Our sampling can produce more samples near the surface,

Figure 10: Reconstruction results with different grid resolu-
tion sampling res.

which improves the recovery of geometry details, and rel-
atively sparser sampling outside the bandwidth, which re-
duces the training burden by using much fewer samples
and ensures the performance by the generalization of our
method.

Dim. 8 16 32 64 128

Ours 0.443 0.433 0.410 0.397 0.409

Table 4: Impact of latent Code Dimensions on reconstruction
in (CD × 10−4).

We compare reconstruction results in Fig. 10. At low reso-
lution (res=32), the sampling density is insufficient to super-
vise the 1283 spatial feature grid, leading to incomplete sur-
faces and poor reconstruction. As the resolution increases to
64 and 128, more query points fall within each grid cell, re-
sulting in improved reconstructions with smoother surfaces
and better preservation of fine details such as holes and sharp
edges. In particular, our results show sharper surfaces.

Res. 323 643 1283 2563 Ours

CD 35.900 13.100 0.890 0.417 0.401
Samples 323 643 1283 2563 ≈ 2203

Table 5: Different grid resolution on reconstruction in (CD
× 10−4).

Conclusion
We propose a method for learning a compact latent space
to represent multiple neural SDFs with details. We leverage
the strengths of both overfitting-based and generalization-
based strategies for SDF representation. The generalization
branch effectively captures the signed distance priors in re-
gions far from the surface, even with sparse training sam-
ples. In contrast, the overfitting branch accurately recon-
structs high-fidelity geometric details and mitigates interfer-
ence from other shapes via a novel query sampling strategy,
which achieves a favorable trade-off between learning ef-
ficiency and reconstruction quality. Extensive comparisons
show our superiority over SOTA methods.
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