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Abstract

Recent advances in neural volume techniques have
significantly improved 3D shape reconstruction from
multi-view images using both signed and unsigned dis-
tance fields (SDFs and UDFs). Despite this progress,
existing methods still struggle to obtain accurate sur-
faces and require tedious parameter tuning, especially
for non-watertight shapes represented by UDFs. To ad-
dress this challenge, we observe that most approaches
focus on converting distance values into volume density
for rendering, but the distance fields change smoothly
and almost linearly. In contrast, the gradients of these
distance fields change abruptly at surface boundaries,
making them more effective for capturing geometric de-
tails. Based on this insight, we propose a new volume
rendering method based on gradient vectors, which is
compatible with both SDF and UDF representations.
Additionally, we reconsider the common assumption
of unbiased properties in open-surface reconstruction
and utilize the softplus function to improve UDF learn-
ing. Extensive experiments conducted on the DeepFash-
ion3D, DTU, and BlendedMVS datasets demonstrate the
effectiveness and robustness of our method. The code
will be publicly available to facilitate future research.

Keywords: Multi-View Reconstruction, Neural Implicit
Surface Learning, Gradient-Based Volume Rendering

1. Introduction

Multi-view 3D reconstruction is a fundamental task
in computer vision and graphics. Traditional multi-view
stereo methods [30, 7, 31] rely heavily on precise image
correspondence, which often produces artifacts in com-
plicated scenarios. Recently, the success of neural radi-
ance fields (NeRF) [26] has introduced a new perspec-
tive for multi-view reconstruction. By leveraging differ-
entiable neural volume rendering, the underlying shapes
can be robustly learned through backpropagation by min-
imizing the discrepancy between rendered and real multi-
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Figure 1: Visual comparisons of surface reconstruction on
the DeepFashion3D [49] dataset using our gradient vector-
based rendering approach (Ours) and the distance value-
based rendering method (NeuralUDF [23]).

view images. Many subsequent works further improve the
performance of reconstructed geometry by integrating neu-
ral volume rendering with implicit representations based
on SDF/UDF (such as NeuS [37], VolSDF [42], Neu-
ralUDF [23], NeUDF [22]) or explicit representations based
on 3DGS (such as GOF [46], PGSR [3]).

However, SDF- and 3DGS-based methods are suitable
for reconstructing watertight objects but struggle to accu-
rately represent shapes with open boundaries, often requir-
ing tedious post-processing. In addition, existing neural
volume rendering approaches face an intrinsic difficulty:
they must convert distance fields into density functions
while preserving both unbiasedness (ensuring the volume
rendering weight function peaks exactly at the true surface
location) and occlusion-awareness (determining whether a
point is visible or occluded by a surface) [37, 23]. For ex-
ample, NeuralUDF [23] uses complex transformation func-
tions and advanced training strategies but still fails to pro-
duce consistently reliable results across diverse cases. Sim-
ilarly, 2S-UDF [6] adopts a two-stage training pipeline to
improve reconstruction quality, yet it remains insufficiently
robust and frequently yields outputs that deviate substan-
tially from the ground truth.

A key limitation of current methods is their direct con-
version of distance fields into density fields, which vary
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almost linearly and therefore struggle to capture fine ge-
ometric detail, especially around open surfaces. Existing
density-conversion schemes cannot capture the sharp tran-
sitions at open boundaries, which leads to blurred details
or distorted shapes. By contrast, we find that the gradi-
ent vectors of distance fields exhibit abrupt changes near
object surfaces, and these gradient discontinuities correlate
strongly with sharp geometric features. Motivated by this
observation, we propose a new neural volume-rendering ap-
proach that leverages gradient vectors.

In this paper, we focus on multi-view reconstruction us-
ing neural implicit representations (i.e., SDF and UDF). We
propose a novel and unified volume rendering framework
applicable to both SDF and UDF. First, we introduce a new
rendering formulation based on cumulative gradient differ-
ences, which alleviates the smoothing issues of existing ap-
proaches as illustrated in Fig. 1. Then, we tackle the harder
problem of reconstructing open surfaces and report two key
findings: 1) The unbiased property can sometimes misrep-
resent open surfaces, which actually represent a volumetric
band with a certain thickness. For example, unbiased meth-
ods will fail when the surface is a single-layer mesh but has
different colors on both sides, as shown in our experiments
with two-sided colored objects. 2) The activation function
used to enforce nonnegative UDF values is critical for open-
surface reconstruction. We argue that only monotonic acti-
vations are appropriate because the commonly used abso-
lute value induces double-layered artifacts. In this work,
we adopt the softplus activation function.

Extensive experiments on various datasets (i.e., Deep-
Fashion3D [49], DTU [12], and BlendedMVS [41]) demon-
strate that our method achieves state-of-the-art performance
on open surfaces while delivering results comparable to
leading methods for closed surfaces, such as NeuS [37]. We
also provide thorough ablation studies that validate the ef-
fectiveness of our key design choices. The code will be
released to facilitate further research.

In summary, our main contributions are as follows:

• We propose a novel neural volume rendering method
based on gradient vectors of implicit distance fields,
applicable to both SDF and UDF.

• We critically examine the commonly used unbiased
property and activation functions in UDF-based vol-
ume rendering, providing two key insights to enhance
performance.

• We conduct comprehensive experiments on diverse
datasets to demonstrate the effectiveness of our
method, achieving state-of-the-art results on open ob-
ject datasets and competitive performance on closed
object datasets.

2. Related Work

Classical Multi-View Reconstruction. Traditional
multi-view reconstruction methods primarily rely on im-
age correspondence [30]. These approaches first estimate
the underlying depth by analyzing feature correspondences
between input images, then fuse the depth into a point
cloud, and further extract a mesh shape using the ball-
pivoting [2] or screened Poisson [16] method. However,
feature correspondences between multiple images are sensi-
tive to specular lighting and texture variations, limiting the
reconstruction to high-quality images captured by expen-
sive devices. Therefore, many methods based on end-to-
end learning paradigms are proposed to improve the perfor-
mance [13, 14, 15, 33]. Nevertheless, these learning-based
methods inherently optimize a volumetric representation,
leading to substantial memory and computational overhead,
especially for high-resolution reconstruction.

Neural Implicit Representation. Various representations
have been proposed for modeling 3D geometric surfaces.
The occupancy field [25] represents a scalar field ranging
from 0 to 1, indicating whether a given location is inside
or outside an object. The signed distance field (SDF) [1]
encodes geometry as the signed distance from a point to
the nearest surface. However, both representations rely on
the inside/outside concept, making them less suitable for
reconstructing open surfaces. To address this limitation, ap-
proaches such as 3PSDF [4] and HSDF [36] modify SDF
to enable open surface representation. Meanwhile, the un-
signed distance field (UDF) [5] represents surfaces using
unsigned distances, achieving promising results under 3D
supervision. However, UDF lacks differentiability at the
zero-level set, which hinders optimization. GDF [19] mit-
igates this issue by defining UDF as the norm of a vector
field, ensuring differentiability at the surface while preserv-
ing the ability to represent open surfaces. Jäger et al. [11]
utilize the gradients of the NeRF density field for edge de-
tection and surface refinement, which focuses on enhancing
feature extraction within the NeRF framework. Meanwhile,
VF-NeRF [29] and NVF [40] represent objects using a vec-
tor field, with changes in vector direction indicating the
presence of a surface. Similarly, our NGR fundamentally
reformulates the volume rendering equation itself, utilizing
the gradient of the SDF/UDF to directly derive the render-
ing weights, thereby unifying the representation of closed
and open surfaces.

Neural Rendering Based Implicit Reconstruction. With
the rise of neural implicit representations, multi-view re-
construction has achieved remarkable performance. Typi-
cally, implicit representations are optimized through differ-
entiable rendering, either via volume rendering or surface
rendering. Surface rendering methods [32, 27, 21, 20, 43,



17, 34] determine the color of a ray based on its intersec-
tion with the implicit surface. However, they struggle to
reconstruct complex objects. In contrast, volume rendering
methods [37, 42, 38, 39] compute the ray color by blend-
ing all sampled points along the ray, making optimization
more stable and achieving better results. Further improve-
ments incorporate monocular geometric cues [45, 35] and
semantic information [10] to enhance reconstruction qual-
ity. Despite these advances, most methods rely on SDF
or occupancy functions, limiting their ability to reconstruct
open surfaces. Recently, UDF-based reconstruction meth-
ods [23, 22, 6] have emerged, demonstrating the capability
of reconstructing open surfaces, but they still struggle to ob-
tain accurate reconstruction with fine-grained details.

3. Method

Given a set of calibrated images {Ik} of a static object,
our goal is to recover its geometric surface, represented as
the zero-level set of a distance field (either UDF or SDF). In
this section, we will present our gradient vector-based ren-
dering method and describe its main components. Specif-
ically, in Sec. 3.1, we introduce a new volume rendering
formulation based on the gradient vectors of distance func-
tions. In Sec. 3.2, we examine the differences between open
and closed surfaces in the physical world and highlight why
the unbiased property is not suitable for modeling single-
layer open surfaces. In Sec. 3.3, we analyze how converting
MLP outputs to UDF values affects topological flexibility,
which is critical for accurately reconstructing open surfaces.

3.1. Neural Gradient rendering

We use the zero-level set of a distance field to represent
the object surface S = {x ∈ R3 | f(x) = 0}. Considering
a ray p(t) = o+ tr is emitted from a pixel (t > 0), f(t) is
the distance value at p(t), then the gradient vector field is
defined as

v(x) =
∂f(t)

∂x
· sign(f(t)), (1)

where the sign(f(t)) equals -1 or 1 for SDF and is always
1 for UDF. This definition ensures a significant change in
the vector field near the zero-level set. In our experiments,
v(x) is normalized, and the subsequent normalization of
v(x) will not be elaborated for simplicity. Our goal is to
transform the v(p(t)) into a density field σ(t), and then use
volume rendering to calculate the color

C(r) =

∫ +∞

0

T (t)σ(t)c(p(t),v(p(t)))dt, (2)

where T (t) = exp
(
−
∫ t

0
σ(u)du

)
denotes the accumu-

lated transmittance along the ray, c denotes the color
field [26]. The weight function for color blending is de-
noted as w(t) = T (t)σ(t).

ti

ti+1

(  ) ||       - ||

v(p(t))g(t; ti+1 )dt 

v(p(t))g(t; ti )dt 
Figure 2: Visualization of our gradient vector-based ren-
dering. We aggregate all the samples before and after the
interval using a distribution g(t; t∗) ∼ N (t∗, γ2), where t∗

can be either ti or ti+1. The difference between the aggre-
gated gradients reflects the overall change in the gradient
direction.

Naive Rendering Based on Gradient Difference. A naive
idea for gradient rendering is to directly convert the differ-
ence of v(p(t)) into a density for neural rendering. That is,
given the samples on the ray {p(ti)|i = 1, 2, · · · , n},

σ(t) ∝ ||v(p(ti+1))− v(p(ti))||2
ti+1 − ti

, t ∈ [ti, ti+1). (3)

However, in our experiments, this method is proven inef-
fective because it relies heavily on ray sampling, and the
limited number of samples makes the gradients used for op-
timization unreliable.

Robust Rendering Based on Gradient Aggregate. Be-
cause the naive rendering scheme that uses only boundary
points can yield unreliable gradient estimation from sam-
ples taken just before or after an interval, we aggregate all
sampled vectors v(x) from both sides of the interval to eval-
uate the overall change in the vector direction. Specifically,
given a sample p(t∗) on a ray, we define a normal distri-
bution g(t) ∼ N (t∗, γ2) with a mean of t∗ and a standard
deviation of γ, then formulate the aggregated gradients be-
fore and after t∗ as Vleft(t

∗) and Vright(t
∗), i.e.,

Vleft(t
∗) =

∫ t∗

0

v(p(t))g(t)dt, (4)

Vright(t
∗) =

∫ +∞

t∗
v(p(t))g(t)dt. (5)

A visualization of the gradient aggregation is illustrated in
Fig. 2. In our experiments, we further multiply a learnable
coefficient w to enlarge the difference between Vleft and
Vright, and mask out the gradient changes that do not occur
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Figure 3: A ray is cast from left to right, passing
through a thin volumetric band (highlighted in green). The
curves illustrate the volume density profiles for NeuS [37],
NeUDF [22], NeuralUDF [23], and our method.

near the zero-level set. The density is formulated as

σ(t) = w·m(t)
||Vright(ti+1)−Vleft(ti)||2

ti+1 − ti
, t ∈ [ti, ti+1),

(6)
where m(t) is the corresponding mask. We set m(t) =
e−sf(t) and m(t) = sigmoid(−sf(t)) for the representa-
tion of UDF and SDF, respectively.

3.2. Rethinking Unbiased Property of Weight

The unbiased property is introduced by NeuS [37], that
the color blending weight w(t) attains a locally maximum
at a surface intersection point p(t∗), where f(p(t∗)) = 0.
It has also been adopted by recent UDF-based open sur-
face reconstruction methods [23, 22, 6]. However, we argue
that the property is originally formulated for reconstructing
closed objects. In this subsection, we show that our method
is universal and can still realize the unbiased property when
necessary.

Why does reconstruction of closed surfaces need unbi-
ased property? For shape reconstruction with distance
field-based volume rendering, we need to define a function
mapping the distance to density, which is applied to deter-
mine the weight for color blending. Representing the sur-
face using the zero-level set, a straightforward approach is
to define a symmetric distribution with a mean value of zero.
However, for the same density values σt1 = σt2 , where
t1 < t2, volume rendering inherently assigns more weight
to p(t1) for color blending. Consequently, the weight is
concentrated before the zero-level set, causing the recon-
structed mesh to appear shrunken compared to the ground
truth.

As shown in Fig. 3, NeuS [37] introduces an asymmet-
ric density function that is monotonically increasing in the
neighborhood of the zero-level set. This density function
ensures the weights concentrate at the zero-level set unbias-
edly, thereby improving the reconstruction quality.

Why is the unbiased property not applicable to the re-
construction of open surfaces? The representation of ob-

jects using a zero-thickness level-set exhibits significant dif-
ferences between open and closed surfaces. For closed sur-
faces, the zero-level set defines the ideal zero-thickness sur-
face that separates the interior and exterior space. There-
fore, achieving the unbiased property is crucial to improv-
ing the quality of reconstruction. However, for open sur-
faces, the zero-level set represents a thin volumetric band
(consider a thick sweater), as shown in Fig. 3. This makes
the unbiased property inapplicable. For example, enforcing
the unbiased property would prevent the method from re-
constructing a surface with different colors on each side, as
shown in Fig. 6.

Our density near the zero-level set forms a plateau with
a high value, similar to NeuS [37]. The thickness of the
volumetric band is determined by γ, the deviation of the
normal distribution g(t). Large γ will hinder the recon-
struction of closed surfaces, as it violates the unbiased rule.
Instead of making γ trainable, for closed object reconstruc-
tion, we enforce it to gradually decrease during the training
process until it reaches 0.001, i.e., γ = 1/(1000x3 + 100),
where x ∈ [0, 1] represents the training progress. In our
experiments, we use the same fixed schedule across all
datasets without per-scene tuning. The consistent perfor-
mance across these diverse shapes demonstrates the robust-
ness of this strategy. Besides, an excessively large w in-
creases the weight for intervals with minimal gradient vari-
ation, thereby compromising the unbiased property. To mit-
igate this, a penalty term of w2 is introduced to preserve the
unbiased nature, as validated in Fig. 8.

3.3. Discussing Non-Negativity Property of UDF

The non-negativity of the UDF is often acquired by us-
ing a simple function (e.g., ReLU or the absolute function)
in many methods. We argue that this makes the optimiza-
tion of gradient descent methods struggle with changing
geometric topology, see Theorem 1. This issue becomes
critical when using the sphere initialization [1] and apply-
ing an absolute function for UDF, as illustrated in Fig. 7.
We believe that this is the underlying reason for the com-
mon double-layer phenomenon in the reconstructed results
of NeuralUDF [23]. Please refer to the supplementary ma-
terial for a detailed discussion.

Theorem 1 Given a scalar output from the MLP, h(x) ∈
R, where x ∈ R3 is a point in space, we use the abso-
lute function to ensure the non-negativity of the UDF, i.e.,
f(x) = |h(x)| ≥ 0. A closed zero-level set will exist as
long as there exists x0 ̸= x1 such that h(x0)h(x1) < 0.

To ensure feasible topological optimization, the trans-
formation from the network (e.g., MLP) outputs to the
UDFs f should be monotonic everywhere. In this work, we
adopt the differentiable ReLU function defined as 1

β log(1+

expβx) for the reconstruction of open surfaces.



3.4. Training

We follow NeuS [37], use an MLP with 8 hidden layers
to model the distance field f(x) and an MLP with 4 layers
to model the view-dependent color field c(x,v). The loss
function is defined as

L = Lcolor + λ1Leikonal + λ2w
2, (7)

where Lcolor is the L1 loss between the rendered color and
the ground truth, and the Eikonal loss [8] Leikonal enforces∥∥∥∂f(x)

∂x

∥∥∥
2
= 1. The w2 term prevents the coefficient from

becoming extremely large and hindering the optimization
progress. The loss weights are set as λ1 = 0.05, λ2 = 1e−
6 for DTU [12] dataset and λ1 = 0.1, λ2 = 1e − 5 for
DeepFashion3D [49] dataset in our experiments. We do not
perform per-scene tuning because the regularization term is
not sensitive to specific object geometries.

For the training, we use the geometric initialization
method proposed by SAL [1] to initialize the distance field,
then adopt Adam [18] to optimize the MLP with a batch size
of 512 for 300k iterations. All experiments are conducted
without mask supervision, and the background is modeled
using NeRF++[47]. Lastly, we utilize MeshUDF [9] and
Marching Cubes [24] to extract the underlying meshes. De-
tailed information on the implementation and network ar-
chitecture can be found in the supplementary material.

4. Experiments

4.1. Experiment Setting

Datasets. We mainly conduct experiments on the DTU [12]
and DeepFashion3D [49] datasets. The DTU dataset con-
tains scenes with closed objects and multiple images. Fol-
lowing prior works [37], we use the widely adopted 15
scenes from DTU to evaluate our method on closed ob-
jects. The DeepFashion3D dataset is a large-scale collec-
tion of non-watertight 3D clothing models. We validate our
method on 12 instances with multi-view images rendered
by NeuralUDF [23]. For ground-truth visualization, we ex-
tract meshes from the point clouds of DeepFashion3D using
the ball-pivoting algorithm [2]. We also test several scenes
from BlendedMVS [41] and NeUDF [22] to assess the ro-
bustness of our method further.

Baselines. We compare our method with 1) the classi-
cal multi-view reconstruction method COLMAP [30], for
which we extract meshes from the generated point clouds
using Screened Poisson [16]; 2) neural implicit recon-
struction methods based on surface rendering, including
IDR [44] and UNISURF [28]; 3) neural implicit reconstruc-
tion methods based on volume rendering, i.e., VolSDF [42],
NeuS [37], NeuralUDF [23], NeUDF [22], 2S-UDF [6], and
UDF-Prior [48].Similar to neural implicit methods (e.g.,

NeuralUDF and NeUDF), our NGR is trained on a scene-
by-scene basis. Therefore, we follow the standard evalua-
tion protocol, reporting per-scene results and their average
over each dataset.

Metrics. We follow existing works (e.g., NeuralUDF [23],
NeUDF [22] and 2S-UDF [6]) to use the Chamfer distance
(CD) for the evaluation of multi-view reconstruction qual-
ity, where CD defines the distance between two point sets
S1,S2 ∈ R3, i.e.,

dCD =
∑
x∈S1

min
y∈S2

||x− y||22 +
∑
y∈S2

min
x∈S1

||x− y||22. (8)

4.2. Experimental Results

Comparison Results on Open Objects. To assess the ef-
ficacy of our method for reconstructing open objects, we
conduct a comparative analysis against baseline methods
using the DeepFashion3D dataset. Tab. 1 reports the Cham-
fer distance between the reconstructed results and the corre-
sponding ground-truth point clouds on the DeepFashion3D
dataset. Tab. 1 shows that UDF-based methods outper-
form the NeuS method by a large margin. This is be-
cause the NeuS method relies on SDF to represent open
surfaces, which will produce either closed garments with
substantial errors or double-layered artifacts. Despite UDF-
based methods being naturally suited to open surfaces, our
method achieves the lowest CD values on most instances
in the DeepFashion3D dataset, demonstrating superior per-
formance in open-surface reconstruction. This is also con-
firmed in Fig. 4.

Figure 4 shows visual comparisons on DeepFashion3D
scans 117 and 448. The zoomed-in regions demonstrate
that our method recovers finer garment details than other
UDF-based approaches. This improvement comes from us-
ing gradient information to more accurately locate the zero-
level set, rather than depending only on UDF values. Addi-
tionally, our method more flexibly captures garment holes,
which are common in DeepFashion3D, because the render-
ing scheme relaxes strict enforcement of the UDF at the sur-
face during early optimization. Instead of forcing an imme-
diate zero-level set, UDF values decrease gradually. At the
start, the underoptimized color field tends to pull the UDF
toward a convex hull; with continued optimization, the UDF
then converges toward the ground truth. If the zero-level
set converges too early, it prevents the color field from fur-
ther adjusting, which can cause the surface to close prema-
turely. Although 2S-UDF [6] introduces a sparse loss term,
i.e. exp(−coef · udf), to lift the UDF values to mitigate
this issue, it sometimes results in broken reconstructions (as
shown in the bottom row of Fig. 4). More reconstruction re-
sults can be found in the supplementary materials.

Comparison Results on Closed Objects. We evaluate our
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Figure 4: Qualitative comparisons on DeepFashion3D [49] dataset.
Table 1: Quantitative comparisons on Deepfashion3D [49] dataset using the metric of CD (×10−3). Marker: 1st rank and
2nd rank.

Methods 30 92 117 133 164 204 300 320 448 522 591 598 Avg.

Colmap [30] 2.95 2.91 3.58 3.06 3.23 3.26 3.09 3.11 2.95 3.16 2.97 2.95 3.10
NeuS [37] 3.18 4.82 4.78 4.99 3.73 5.71 5.89 2.21 5.89 3.60 2.44 5.13 4.36
NeuralUDF [23] 1.92 2.05 2.36 1.58 1.33 4.11 2.47 1.50 1.63 2.47 2.16 2.15 2.14
NeUDF [22] 2.10 2.20 2.04 1.88 1.63 4.35 2.04 1.71 1.61 2.49 2.35 1.98 2.20
2S-UDF [6] 1.92 1.97 2.48 1.59 1.32 2.46 2.17 1.47 2.80 2.14 1.84 1.91 2.01
UDF-Prior [48] 1.59 1.73 2.06 1.63 1.44 2.07 1.66 1.60 1.39 2.14 1.50 1.67 1.71
Ours 1.71 2.02 1.49 1.43 1.28 1.86 1.54 1.45 1.40 1.78 1.86 1.61 1.62

method on the DTU [12] dataset to assess its efficacy in
reconstructing closed objects. The quantitative results are
reported in Tab. 2. As shown in Tab. 2, our method outper-
forms two competing methods, including COLMAP [30]
and UniSurf [26]. In addition, our method achieves quan-
titative results comparable to the IDR method, even though
IDR relies on additional mask supervision during training,
whereas our method does not. Note that the Chamfer dis-
tance primarily captures the average distance between two
point sets and is therefore insensitive to fine geometric de-
tails [25]. Please refer to the qualitative results for an as-
sessment of those subtle shape differences.

As shown in the top row of Fig. 5, visual results demon-
strate that our method can effectively reconstruct finer de-
tails even though it achieves slightly inferior quantitative
results compared to NeuS [37] regarding the CD metric.
IDR and NeuS methods struggle to differentiate the screw-

driver from the brick, whereas our method successfully re-
constructs the complex object with well-defined edges, see
the bottom row of Fig. 5.

Comparison Results on Open Objects with Dual-Sided
Coloring. We mentioned that the unbiased property may
limit the ability to reconstruct an open surface with differ-
ent colors on each side in Sec. 3.2. To validate this, we
synthesize data consisting of open objects with dual-sided
coloring. Specifically, we render the images under albedo
lighting conditions and exclude the view direction and gra-
dient from the color network input to eliminate potential
distractions. Details of the synthesized data are provided in
the supplementary materials.

As illustrated in Fig. 6, the target object is a cap tex-
tured with Van Gogh’s The Starry Night, and its brim has
different colors on the two faces. Only our method pro-
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Figure 5: Qualitative comparisons on the DTU [12] dataset. We add a side view in the second example for better visualization.

Table 2: Qualitative comparisons of our gradient-based method with baselines on the DTU [12] dataset using the metric of
CD (×10−3). Note that IDR is trained with additional mask supervision. Marker: 1st rank and 2nd rank.

Methods 24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Avg.

COLMAP[30] 0.81 2.05 0.73 1.22 1.79 1.58 1.02 3.05 1.40 2.05 1.00 1.34 0.49 0.78 1.17 1.36
IDR [44] 1.63 1.87 0.63 0.48 1.04 0.79 0.77 1.33 1.16 0.76 0.67 0.90 0.42 0.51 0.53 0.90
NeuS[37] 1.37 1.21 0.73 0.40 1.20 0.70 0.72 1.01 1.16 0.82 0.66 1.69 0.39 0.49 0.51 0.87
NeUDF[22] 2.27 2.79 2.11 0.73 2.52 0.97 1.63 1.53 1.63 0.68 0.93 3.44 0.59 0.82 0.99 1.58
NeuralUDF[23] 1.51 1.55 1.16 0.49 1.30 0.69 0.96 1.82 1.18 1.02 0.65 1.82 0.47 0.65 0.84 1.07
2S-UDF [6] 2.52 0.89 3.66 0.41 1.07 0.68 0.88 3.09 1.15 0.70 0.74 3.41 0.41 0.61 0.51 1.53
UDF-Prior [48] 0.94 1.17 0.84 0.47 1.25 0.68 0.64 1.57 1.02 0.96 0.60 1.33 0.35 0.49 0.50 0.85
Ours 0.97 0.85 0.77 0.41 1.07 0.80 0.82 1.48 1.03 1.07 0.61 1.14 0.42 0.62 0.66 0.85

Reference NeuralUDF NeUDF Ours

Figure 6: Reconstruction results of a cap with a dual-
colored brim.

duces a reasonable result. NeuralUDF [23] completely fails
to obtain a meaningful reconstruction because the weight al-
ways reaches its maximum value at the zero-level set along
the ray, regardless of where the ray is cast. As a result,
the rendered color remains the same when the ray is cast
from different sides of the surface. NeUDF [22] success-
fully captures the coarse shape of the brim but ends up frag-
mented due to its unbiased property. Compared to Neu-
ralUDF, NeUDF assigns +∞ to the density of the zero-level

set, which may mitigate the issue to some extent.

Comparison Results on Running Time. We also evaluate
the running time of our method compared with other im-
plicit neural volume rendering approaches. All experiments
are conducted on a single NVIDIA RTX 3090 GPU. As
summarized in Tab. 3, our proposed NGR (with gradient-
aggregation enabled) consistently requires less training time
per iteration than UDF-Prior [48], NeUDF [22], and Neu-
ralUDF [23], while remaining competitive with 2S-UDF [6]
and NeuS [37].

4.3. Ablation Study

To validate our proposed designs in Sec. 3, we conduct
an ablation study: (a) use absolute instead of softplus to en-
sure the non-negativity of UDF; (b) use the naive rendering
scheme instead of the scheme based on gradient aggrega-
tion; (c) our full model. The visualization is presented in
Fig. 7. The result of (a) is completely null because initial-
izing the sphere SDF with an absolute function prevents the



Table 3: Running time comparisons. All experiments are
conducted on a single NVIDIA RTX 3090 GPU.

Methods Training time (Hours)

Ours - Naive gradient rendering 9.68
Ours - Gradient aggregation rendering 10.32
UDF-Prior [48] 10.80
NeUDF [22] 10.83
2S-UDF [6] 9.20
NeuralUDF [23] 11.25
NeuS [37] 8.07

NULL

(a) (b) (c)

Figure 7: Ablation study. (a) Use absolute instead of soft-
plus to ensure the non-negativity of UDF. At the beginning
of (a), the extracted mesh is closed. During optimization,
the mesh collapses to null, and the rendered images turn
pure black. (b) Use a naive rendering scheme instead of
the scheme based on the aggregation of gradients. (c) Full
model.

(a) CD: 0.41 (b) CD: 0.86

Figure 8: Visualization of reconstruction error with or with-
out w2. Redder regions indicate larger geometric errors,
while blue areas represent regions outside the calculation
range. (a) Without the coefficient loss term, the recon-
structed mesh appears shrunken compared to the ground
truth, resulting in a larger Chamfer distance while preserv-
ing plausible geometry. (b) With the coefficient loss term,
the Chamfer distance (×10−3) is significantly reduced.

optimization from altering the topology. Compared to ren-
dering schemes that rely on uncertain sampling, our gradi-

ent aggregation-based approach enables the reconstruction
of fine-grained surfaces. The quantitative comparisons are
also provided in Tab. 4.

We further investigate the effect of the coefficient loss
term w2. As illustrated in Fig. 8, a large w value compro-
mises the unbiased property, leading to significant recon-
struction errors. We achieve a substantial improvement in
reconstruction quality through the coefficient loss. A quan-
titative comparison is also provided in Tab. 5.

(a) rack (b) plant

Figure 9: Results on the dataset released by NeUDF [22].
Specifically, (a) is an extremely complex object, recon-
structed from synthetic images, and (b) is a plant recon-
structed from images captured in the wild.

Additional Results. We further validate our method on two
scenes from NeUDF [22], as shown in Fig.9. The rack in
Fig.9 (a) is a highly intricate synthetic open surface that our
method successfully reconstructs with remarkable accuracy.
Fig. 9 (b) shows a plant captured in the wild, further demon-
strating the robustness of our approach. We also evaluate
two scenes from BlendedMVS [41] to test the reconstruc-
tion of closed objects in diverse scenarios. As shown in
Fig. 10, our method consistently produces high-fidelity re-
constructions, accurately capturing fine details and complex
geometries. The visualization of gradient fields in Fig. 11
provides an additional perspective on the learning stability
of our method. More results can be found in our supple-
mentary materials.

5. Conclusions

We introduce a universal gradient-based rendering
scheme applicable to both UDF and SDF. Our key insight is
that while the gradient direction undergoes sharp changes at
the zero-level set of the distance field, the distance function
itself remains highly smooth, making it difficult to capture
fine details. By leveraging gradient-based rendering, we
can effectively capture intricate geometrical details. Exper-
iments demonstrate that our rendering scheme outperforms
value-based volume rendering in extracting fine-grained de-
tails from multi-view images. Furthermore, we argue that
the widely adopted unbiased property is not appropriate for



Table 4: Ablation study on the DeepFashion3D dataset to evaluate the use of softplus activation function and gradient
aggregation-based rendering. Marker: 1st rank.

Methods 30 92 117 133 164 204 300 320 448 522 591 598 Avg.

wo/ softplus N/A N/A N/A 21.12 3.81 N/A 12.62 N/A 34.19 N/A 37.00 N/A 21.75
wo/ gradient aggregation 9.14 N/A N/A 17.57 10.93 10.94 7.93 6.47 21.56 9.06 22.21 10.98 12.68
Ours 1.71 2.02 1.49 1.43 1.28 1.86 1.54 1.45 1.40 1.78 1.86 1.61 1.62

Table 5: Ablation study on the DTU dataset to evaluate the use of the w2 loss term. Marker: 1st rank.

Methods 24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Avg.

wo/ w2 loss 1.94 1.41 1.91 0.86 2.19 1.28 1.31 1.60 1.50 0.93 1.07 1.76 1.12 1.49 5.61 1.73
Ours 0.97 0.85 0.77 0.41 1.07 0.80 0.82 1.48 1.03 1.07 0.61 1.14 0.42 0.62 0.66 0.85

(a) dog (b) scupture
Figure 10: Results on the samples of BlendedMVS [41].

(a) (b)

Figure 11: Visualization of the gradient fields. The gradient
direction in a cross-sectional plane is encoded as RGB color
in (b), and the corresponding mesh cross-section is shown
in (a).

reconstructing open surfaces. Extensive experiments fur-
ther validate the effectiveness and robustness of our method.

Limitations and Future Work. In this paper, we enforce
a prior that the surface normal flips by approximately 180°
across the surface, which helps guide geometric optimiza-
tion. However, the true distance function is not differen-
tiable everywhere, while the MLP used to fit it is infinitely
differentiable. This mismatch prevents the MLP from ex-
actly matching the ground truth. Besides, because we im-
pose strong constraints to approximate the full distance field

rather than only learning the zero-level set position, SDF
optimization can sometimes cause the reconstructed zero-
level set to expand slightly. Future work will also extend our
evaluation framework to include the normal consistency,
Hausdorff distance, and F-score for a more robust assess-
ment of geometric accuracy.
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[32] V. Sitzmann, M. Zollhöfer, and G. Wetzstein. Scene rep-
resentation networks: Continuous 3d-structure-aware neu-
ral scene representations. In H. M. Wallach, H. Larochelle,
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