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Abstract

Neural radiance fields (NeRFs) are promising 3D represen-
tations for scenes, objects, and humans. However, most ex-
isting methods require multi-view inputs and per-scene train-
ing, which limits their real-life applications. Moreover, cur-
rent methods focus on single-subject cases, leaving scenes
of interacting hands that involve severe inter-hand occlusions
and challenging view variations remain unsolved. To tackle
these issues, this paper proposes a generalizable visibility-
aware NeRF (VA-NeRF) framework for interacting hands.
Specifically, given an image of interacting hands as input, our
VA-NeRF first obtains a mesh-based representation of hands
and extracts their corresponding geometric and textural fea-
tures. Subsequently, a feature fusion module that exploits the
visibility of query points and mesh vertices is introduced to
adaptively merge features of both hands, enabling the recov-
ery of features in unseen areas. Additionally, our VA-NeRF is
optimized together with a novel discriminator within an ad-
versarial learning paradigm. In contrast to conventional dis-
criminators that predict a single real/fake label for the syn-
thesized image, the proposed discriminator generates a pixel-
wise visibility map, providing fine-grained supervision for
unseen areas and encouraging the VA-NeRF to improve the
visual quality of synthesized images. Experiments on the
Interhand2.6M dataset demonstrate that our proposed VA-
NeRF outperforms conventional NeRFs significantly. Project
Page: https://github.com/XuanHuang0/VANeRF.

Introduction
Recent progress in neural radiance fields (NeRFs) (Milden-
hall et al. 2021; Gao et al. 2022b; Niemeyer et al. 2022;
Johari, Lepoittevin, and Fleuret 2022a) is promising, as the
continuous implicit representation of NeRFs can be disen-
tangled with spatial volume resolution and generate high-
fidelity results. This facilitates interesting research such as
human avatars (Jiang et al. 2022), text-to-3d generation
(Poole et al. 2022), and large-scale 3D urban scene mod-
eling (Turki, Ramanan, and Satyanarayanan 2022).

However, to synthesize high-quality images, current
NeRFs require dozens of well-calibrated multi-view images
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and hours of per-scene optimization. Although several meth-
ods (Müller et al. 2022; Chen et al. 2022a) have been pro-
posed to reduce the computational cost, it is still expensive
and difficult to apply NeRFs in real-life applications where
only single-view inputs are available.

Generalizable NeRFs (Mihajlovic et al. 2022; Kwon et al.
2021) that represent geometry and textures separately seem
to be a potential solution for the above issues. Nevertheless,
these methods are designed for human bodies and cannot
be applied to interacting hands directly. This is because,
unlike single-subject human avatars, interacting hands in-
volve challenging factors like severe self/inter-hand occlu-
sions and large view variations (Park et al. 2022; Deng et al.
2022b). These factors make it difficult to exploit reliable fea-
tures and cause artifacts that cannot be ignored.

Therefore, to fulfill application needs and tackle the above
challenging factors, this paper aims to design a single-image
generalizable NeRF model for interacting hands. In our early
exploration, we find that (Mihajlovic et al. 2022) retains tex-
tures and details well but is sensitive to view variations and
occlusions, since it adopts the pixel-aligned feature repre-
sentation (Saito et al. 2019). (Kwon et al. 2021) uses a global
feature representation that maintains the overall hand struc-
tures but is hard to generate fine-grained textures. This in-
dicates that self-adaptive and robust features are the key to
constructing feasible NeRFs for interacting hands.

Particularly, we propose a visibility-aware NeRF frame-
work (denoted as VA-NeRF), of which the core is to leverage
the visibility of 3D points. Such an idea is natural, because if
a 3D point is visible, then its corresponding feature is more
reliable. Otherwise, we should select other related points or
global features for reference and information complement.
Formally, the proposed method achieves this via a visibility-
aware feature fusion module that determines the feature of a
3D query point not only by its visibility, but also by vertices
selected from hand meshes and by global features. In this
way, we can overcome the limitations of feature representa-
tion in previous methods.

Moreover, we also propose a visibility-guided adversarial
learning strategy to further enhance the synthesized images
of VA-NeRF. This is motivated by our observation that the
quality of invisible areas in synthesized images is usually
worse than that of visible areas. Hence, we propose to en-
courage the NeRF model to refine invisible areas. However,
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Figure 1: Compared with previous generalizable NeRFs, our visibility-aware NeRF not only (a) generates images of better
quality, but also tackles challenging tasks such as (b) inpainting obstructed areas and (c) removing hands in interacting scenes.

conventional binary-class discriminators can only provide
global supervision by classifying an image as real or fake.
Therefore, we design a discriminator that predicts pixel-wise
conditional visibility maps, so that it can provide localized
and fine-grained supervision for our NeRF model.

With the above feature fusion module and adversarial
learning strategy, the proposed VA-NeRF can synthesize im-
ages of interacting hands effectively, and achieve state-of-
the-art performance that is validated by experiments on the
Interhand2.6M dataset (Moon et al. 2020). In addition, as
shown in Figure 1, our VA-NeRF can accomplish tasks that
are challenging for conventional methods, such as remov-
ing hands and recovering invisible areas, and consequently
benefit downstream applications like hand pose estimation
(Meng et al. 2022).

In summary, the contributions of this paper can be listed
as follows:

• To the best of our knowledge, this paper proposes the
first single-image generalizable neural radiance field model
for interacting hands.

• A visibility-aware feature fusion module is proposed,
which adaptively leverages various visual features (global
features, pixel-wise aligned features, and symmetric hand
features) to tackle challenging occlusions and view varia-
tions.

• An adversarial learning strategy guided by visibility
maps is introduced, which further improves the visual qual-
ity of synthesized two-hand images.

Related Work
Neural radiance fields. In recent years, NeRF (Milden-
hall et al. 2021) has been widely studied in the area of
3D human reconstruction due to its stunning results. Many
efforts have been made to adapt NeRFs to high-fidelity
novel-view synthesis of human performers/avatars (Deng
et al. 2022a; Mildenhall et al. 2022; Johari, Lepoittevin,
and Fleuret 2022b; Niemeyer et al. 2022; Johari, Lepoit-
tevin, and Fleuret 2022a; Martin-Brualla et al. 2021). (Raj

et al. 2021; Wang et al. 2021; Yu et al. 2021) propose
to utilize pixel-aligned features to learn generalized mod-
els from sparse views. Besides, KeypointNeRF (Mihajlovic
et al. 2022) proposes to encode relative spatial 3D informa-
tion with sparse 3D key points as references. Recent ap-
proaches (Peng et al. 2021; Kwon et al. 2021) have incor-
porated parametric hand meshes as geometry priors to re-
duce the dependence on multi-view captures. NHP (Kwon
et al. 2021) applies a temporal transformer and a multi-view
transformer to fuse visual features conditioned on SMPL
(Loper et al. 2015). For a smoother surface prediction and
better 3D consistency, (Or-El et al. 2022; Hong et al. 2023;
Corona et al. 2022) merge implicit representations into the
density prediction procedure of NeRF. Especially, (Corona
et al. 2022) is designed for single-hand images. A concur-
rent approach that aims at NeRF for hands is proposed in
(Guo et al. 2023), yet it requires multi-view inputs while
we focus on monocular single-image scenes. SHERF (Hu
et al. 2023) recovers animatable 3D humans from a single
input image by extracting 3D-aware hierarchical features,
including global, point-level, and pixel-aligned features, to
facilitate informative encoding. The proposed method dif-
fers from SHERF in the aspect of tasks and feature fusion
modules. SHERF combines features via self-attention while
our module is conditioned on visibility.

Unlike previous methods, our VA-NeRF is designed for
single-view generalizable interacting-hand image synthesis.
Moreover, conventional generalizable methods rely on the
single local/global representation and hence suffer from oc-
clusions and view variations in our task. On the contrary, our
VA-NeRF exploits visibility in both feature fusion and ad-
versarial learning, which helps to improve the visual quality
of synthesized images significantly.
3D hand reconstruction. Parametric hand models such as
MANO (Romero, Tzionas, and Black 2022) have enabled
hand mesh to be reconstructed via inferring a set of pose and
shape parameters. Prior approaches belonging to this type
(Zhang et al. 2021; Chen et al. 2021; Kulon et al. 2020; Zhou

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

2401



Single-view Input

Mesh 
Construction

Hand Mesh

Query Point q

Vertex Visibility

Nearest Vertex p
Mirrored Vertex p’

Feature
Sampling

Weighted
Combination

Geometry 
Encoder

Geometry Feature Maps
Feature Vectors

Sec. 3.2 Visibility-aware Feature Fusion

Visibility-aware Feature FusionTexture 
Encoder

Volum
e R

endering

Rendered Image

Discriminator

Visibility Map

Sec. 3.3 Visibility-guided 
Adversarial Learning

Figure 2: The framework of VA-NeRF. It consists of two key components and both of them are designed to leverage the visibility
of 3D points. The first one is the visibility-aware feature fusion module that estimates appropriate features for query points,
while the second one is the visibility-guided adversarial learning strategy that is used to enhance synthesized results.

et al. 2020) can achieve parameter fitting on single images.
Moreover, the MANO-HD model (Chen, Wang, and Shum
2023) is developed as a high-resolution mesh topology to
fit personalized hand shapes and generate smooth geometry.
Implicit representations (Chen et al. 2022b; Karunratanakul
et al. 2021), such as signed distance fields, have received
considerable attention recently, as theoretically, they can ap-
proximate any geometry details. A dataset that consists of
diverse textures and hand accessories is introduced in (Gao
et al. 2022a).
3D-aware adversarial learning. Recent years have wit-
nessed the great success of generative adversarial networks
(GANs) (Goodfellow et al. 2020) in photorealistic image
generation. While GANs based on 2D latent space lack 3D
understanding, 3D generative models (Schwarz et al. 2020;
Chan et al. 2021; Or-El et al. 2022) enable explicit cam-
era control and render more realistic images from random
viewpoints. (Hong et al. 2023; Deng et al. 2022c; Niemeyer
and Geiger 2021; Xu et al. 2021) combine implicit NeRF
with GAN for better view-consistency and more detailed 3d
shape. To reduce the computational cost, EG3D (Chan et al.
2022) proposes an efficient tri-plane structure while EVA3D
(Hong et al. 2023) divides the human body into local parts
and omits unnecessary computations in blank space.

Methodology
The goal of this paper is to construct a single-view generaliz-
able NeRF for interacting hands and to tackle occlusions and
view variations. To this end, we propose a visibility-aware
NeRF framework that leverages the visibility of query points
and hand mesh vertices through a feature fusion module and
an adversarial learning strategy. These two approaches serve
distinct purposes: the former aims to infer complementary
features for occluded regions, while the latter seeks to en-
hance the quality of rendered results.

VA-NeRF Framework
Problem formulation. Our task is to construct a generaliz-
able NeRF that can render novel views of an arbitrary pair

of interacting hands given a single input image. Specifically,
the NeRF can be formulated as a function f : (q, d, I) →
(c, σ), where q ∈ R3 is a query point, d ∈ R3 denotes
a viewing direction, and I is the input image. The output
c ∈ R3 and σ ∈ R are the color and volume density of the
query point, respectively. With query points densely sam-
pled in a 3D volume, we infer their colors and densities
and synthesize a target-view image by volume rendering
(Mildenhall et al. 2021).

To complete the above task, we propose the VA-NeRF
framework as shown in Fig. 2. As the core of VA-NeRF
is to leverage the visibility of query points and mesh ver-
tices, we first construct hand meshes by fitting the MANO
parametric model (Romero, Tzionas, and Black 2017) to the
input image. Following (Mihajlovic et al. 2022), we em-
ploy two encoder branches to disentangle geometric and
textual features: an hourglass network (Newell, Yang, and
Deng 2016) serves as the geometry encoder and a convo-
lutional neural network (CNN) with residual connections
(Johnson, Alahi, and Fei-Fei 2016) serves as the texture en-
coder. Subsequently, we introduce a visibility-aware feature
fusion (VAFF) module in each feature branch to obtain the
visibility-enhanced feature of the query point. We utilize a
multilayer perception (MLP) to infer the color c from the
texture feature. For the density σ, we follow (Hong et al.
2023) to estimate a deviated signed distance field (SDF) with
respect to the hand meshes:

σ(q) = w−1sig(−(s(q) + δ(q))/w), (1)

where w ∈ R is a weighting parameter optimized along with
the network. sig(·) represents the sigmoid function. s(q) ∈
R is the explicit SDF value of the query point calculated with
the mesh surfaces as the zero level-set, while δ(q) ∈ R is the
deviation inferred by another MLP that takes the geometry
feature of q as input. The target-view image is then generated
by using an off-the-shelf differentiable renderer (Wang et al.
2021).

In addition, our VA-NeRF network is optimized using an
adversarial learning strategy that exploits visibility to pro-
vide additional supervision. Our adversarial learning strat-
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Figure 3: Comparison between the traditional binary-class discriminator (left) and the proposed visibility-guided discriminator
(right). Note that the visibility map is conditioned on the input view and whether the target image is real or synthesized.

egy relies on a discriminator that learns not only to dis-
tinguish between real and synthesized images but also to
predict pixel-wise visibility maps conditioned on input and
target views. Correspondingly, through the competition be-
tween the VA-NeRF network and the discriminator, we
not only require the VA-NeRF network to synthesize high-
fidelity images, but also encourage it to improve the quality
of invisible areas in results (in order to “deceive” the dis-
criminator). Details of our network architecture are available
in the supplemental material on our project page.

Visibility-aware Feature Fusion
Traditional approaches that rely solely on either pixel-
aligned or global features are ineffective in addressing the
challenges caused by heavy occlusions and complex inter-
acting poses, as these features are hard to remain reliable
under such circumstances. To overcome this limitation, we
introduce the VAFF module, which adaptively selects and
combines a set of features for each query point.

To elaborate, we take the VAFF module in the texture
feature branch as an example. For the sake of presenta-
tion conciseness, we assume that the dimensions of all fea-
tures for fusion are D. Given a query point q, we locate
its nearest neighboring mesh vertex p on one hand. We as-
sume that both hands have the same topology (i.e., vertices
are ordered following the MANO model) and consider the
vertex with the same order on the other hand as the mir-
rored point p′. Note that the above topological assumption
does not impose the constraint that both hands are of the
same pose. q, p, and p′ are projected onto the 2D image
plane, and their corresponding feature vectors are retrieved
via bilinear interpolation on the texture feature maps. Let
k(q),m(p), n(p′) ∈ RD denote the retrieved feature vec-
tors of q, p, and p′, respectively. We consider the following
weighted concatenation t(q) ∈ R6D as the enhanced feature
of q:

t(q) = [aφφ(q), akk(q), amm(p),

ann(p
′), algg

l, argg
r],

(2)

where aφ, ak, am, an, a
l
g, a

r
g ∈ [0, 1] are feature weights.

φ(q) ∈ RD is the spatial feature of q obtained by positional
encoding. gl,gr ∈ RD are the global average texture fea-
tures of the left hand and right hand.

To ensure that t(q) can select and fuse appropriate fea-
tures, we define a weighting function governed by 3D point
visibility. Particularly, let a ∈ {aφ, ak, am, an, a

l
g, a

r
g} be an

arbitrary weight and v(p, d) ∈ {0, 1} denote the visibility of

point p from the viewing direction d. v(p, d) = 1 if p is vis-
ible, otherwise v(p, d) = 0. We calculate a via a function
µ : R6D+3 → [0, 1] as follows:

a = µ(v(q, d), v(p, d), v(p′, d), φ(q),

k(q), m(p), n(p′), gl, gr).
(3)

We implement µ simply by a MLP. The architecture of the
VAFF module in the geometry feature branch is similar, ex-
cept that it does not contain the global average of geometry
feature maps (since geometry information is rather local).

Discussion. Our VAFF is based on the assumption that the
feature vector of a visible point should be assigned a high
weight. Additionally, we also consider p because spatially
closed points tend to share similar features. As for p′, it is in-
cluded due to the structural symmetry of human hands. p and
p′ together facilitate the exploitation of both local and long-
range feature dependencies, so to tackle pose and view varia-
tions. In cases where q, p, and p′ are all invisible, the global
average feature vectors can still serve as a coarse approxi-
mation to the texture feature of q. This is feasible as most
areas of the hands have similar textures. Consequently, the
VAFF module effectively leverages the strengths of both lo-
cal pixel-aligned features for detail preservation and global
features for hand structure preservation.

Visibility-guided Adversarial Learning
Due to the lack of information, the visual quality of invisi-
ble areas in synthesized images tends to be lower than that
of visible areas. Therefore, here we propose the visibility-
guided adversarial learning (VGAL) strategy to facilitate
quality improvement in invisible areas.

To begin with, a discriminator that can identify invisi-
ble areas is necessary. This can be achieved by conducting
hand mesh rasterization to generate ground-truth visibility
maps for supervised learning. Specifically, given an input-
view image I and a target-view image It, where I and It
are of size H × W , the discriminator can be formulated as
Φ(I, It) : RH×W × RH×W → {0, 1}H×W . It is impor-
tant to note that It can be either real or synthesized and the
ground-truth visibility map Vt should be conditioned on this.
We define the following two criteria for generating Vt:

(i) If It is real, we consider the foreground (hand areas) of
It to be visible,

(ii) otherwise Vt is rendered with vertex visibility com-
puted in the input view.

An example of Vt is shown in Figure 3. With these cri-
teria, the discriminator needs to recognize invisible areas in
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Figure 4: Visual comparison of the proposed method against state-of-the-art methods. Results of the proposed method better
preserve hand structures and textures.

synthesized images while the VA-NeRF network is encour-
aged to generate results that have visibility maps similar to
those of real target-view images.

We implement Φ by a CNN with the sigmoid function as
its last activation function. Except I and It, we also generate
dense correspondence maps (Güler, Neverova, and Kokki-
nos 2018) as the auxiliary inputs to Φ, which are used to
provide structural priors of human hands. Finally, the objec-
tive functions of our VGAL are defined as follows:

L = λrgbLrgb+λV GGLV GG+λadvLadv +λvisLvis, (4)

where λrgb, λV GG, λadv and λvis are user-defined loss
weights. Lrgb and LV GG are the l1 loss and the perceptual
loss (Johnson, Alahi, and Fei-Fei 2016) between the target
image and the synthesized image. Ladv is the non-saturating
GAN loss (Mescheder, Geiger, and Nowozin 2018; Hong
et al. 2023) widely used in adversarial learning. Lvis is intro-
duced to supervise visibility learning, which is formulated
as the pixel-wise binary cross entropy between the predicted
visibility map V and Vt as follows:

Lvis(V, Vt) = −(Vt⊙ logV +(1−Vt)⊙ log(1−V )), (5)

where ⊙ denotes the element-wise dot product. We follow
the common practice of adversarial learning (Mescheder,
Geiger, and Nowozin 2018) to optimize the VA-NeRF net-
work and the discriminator alternately with their corre-
sponding loss terms. Take Lvis as an example, during the
training phase of the VA-NeRF network, Lvis is calculated
with Vt conditioned on the real target image, and its gradi-
ents are propagated backward from the discriminator to the
VA-NeRF network; while at the training phase of the dis-
criminator, Lvis is calculated with Vt determined by whether
the target image is real or rendered.

Experiments
In this section, we validate the effectiveness of the pro-
posed VA-NeRF method via extensive experiments. Due to
the page limitation, interested readers can refer to the sup-
plemental material for more implementation details, experi-
mental results, and discussions.

Setup

Dataset. Our experiments are conducted on the large-scale
Interhand2.6M (Moon et al. 2020) dataset that consists of
single and interacting hand images with various subjects,
poses, and views. As the scope of this paper is to construct
NeRFs for interacting hands, we select a subset of images on
Interhand2.6M, which contains 143,893 training images and
9,475 test images in total. We further cropped out all hand
regions based on the bounding boxes provided by the dataset
and resize all images to 256× 256.
Implementation details. Our network is implemented us-
ing PyTorch and trained with the Adam optimizer (Kingma
and Ba 2014) with a batch size of 4. For both the VA-NeRF
and the discriminator, their initial learning rates are set to
1× 10−3 and decay by half four times (at the 2nd, 5th, 10th,
and 20th epoch respectively) during training. The whole
training process takes about 40 hours on four NVIDIA RTX
3090 GPUs. Loss weights in Eq. (4) are set as λrgb =
10.0, λV GG = 1.0, λadv = 0.1, λvis = 0.1. The total num-
ber of training epochs is 30. As in (Mihajlovic et al. 2022),
we adopt a coarse-to-fine rendering strategy during training
that first renders patches by accumulating color and density
values of 64 sampled points along a camera ray, and then
128 sampled points for fine-grained rendering.
Baselines. As there is no open-source baseline for inter-
acting hands, we adopt two state-of-the-art generalizable
NeRFs designed for humans, including NHP (Kwon et al.
2021) and KeypointNeRF (Mihajlovic et al. 2022). Besides,
although HandNeRF (Guo et al. 2023) is non-generalizable,
we still combine its core module, i.e., the depth-guided
density optimization strategy with KeypointNeRF for com-
parison. We also choose SMPLpix (Prokudin, Black, and
Romero 2021) as an image-space baseline. All networks
are trained with the same experimental setting for fair com-
parison. We select three widely-used evaluation metrics,
including peak signal-to-noise ratio (PSNR) (Sara, Akter,
and Uddin 2019), structural similarity index (SSIM) (Wang
et al. 2004), and learned perceptual image patch similarity
(LPIPS) (Zhang et al. 2018).
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Figure 5: Qualitative examples of novel-view rendering with
large view variations (rotation angles > 30 degrees).
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Figure 6: Qualitative comparison of synthesized images in
scenes involving severe occlusions.

Comparison with State-of-the-arts
Quantitative comparison. Table 1 reports the quantita-
tive results of our VA-NeRF against the baselines on Inter-
hand2.6M. We can see that VA-NeRF raises the PSNR and
the SSIM of state-of-the-art methods from 22.49 to 25.01
and 0.82 to 0.86, and also reduces the LPIPS from 0.33 to
0.21. These performance gains indicate that the synthesized
results of VA-NeRF better preserve the hand structures and
details (PSNR and SSIM) and are more realistic (LPIPS).
Qualitative comparison. Figure 4 provides the visual com-
parison between our VA-NeRF and the baselines. Compared
with the baselines, the results of VA-NeRF are of better
quality and have fewer artifacts. SMPLpix relies on image-
space transfer only and hence its results are over-smoothed.
The positional encoding in KeypointNeRF relies on MANO
joints only and hence it is affected by joint estimation er-
rors severely. HandNeRF alleviates depth ambiguities but is
still hard to maintain hand shapes under complex interact-
ing cases. NHP adopts global features and hence the hand

Method PSNR↑ SSIM↑ LPIPS↓

SMPLpix 22.49 0.82 0.33
KeypointNeRF 23.49 0.82 0.27

NHP 23.63 0.83 0.33
HandNeRF 23.68 0.83 0.27

Ours 25.01 0.86 0.21

Table 1: Comparison with state-of-the-art methods on Inter-
hand2.6M.

Method PSNR↑ SSIM↑ LPIPS↓

KeypointNeRF 22.35 0.77 0.34
NHP 22.98 0.80 0.36
Ours 24.23 0.84 0.22

Table 2: Performance comparison among generalizable
NeRFs under large view variations (> 30 degrees).

Method Mask Ratio PSNR↑ SSIM↑ LPIPS↓

KeypointNeRF
0.1

24.23 0.84 0.23
NHP 23.67 0.83 0.32
Ours 25.61 0.86 0.19

KeypointNeRF
0.2

22.88 0.81 0.25
NHP 23.60 0.83 0.33
Ours 25.50 0.86 0.19

KeypointNeRF
0.3

21.38 0.78 0.29
NHP 23.50 0.82 0.33
Ours 24.93 0.85 0.21

Table 3: Performance comparison among generalizable
NeRFs under occlusions.

structures are preserved well in its results. However, it omits
details like wrinkles and nails. Our method adopts the VAFF
module to select and merge features, hence it alleviates the
disadvantages of baselines successfully.

Moreover, since the major scope of this paper is to tackle
large view variations and heavy occlusions, we also evaluate
the proposed method in these two cases.
Robustness to large view variations. Novel-view synthe-
sis with large view variations (rotation angles > 30 degrees)
requires NeRFs to model long-range feature dependencies.
Figure 5 shows the results of the proposed VA-NeRF against
baselines in this case. We can see that the results of base-
lines are severely blurred. On the contrary, the results of our
VA-NeRF are still satisfying. We also provide the quantita-
tive comparison between VA-NeRF and the two generaliz-
able baselines in Table 2. Thanks to the VAFF module, our
VA-NeRF can model the long-range dependencies among
symmetric mesh vertices, and combine global features adap-
tively to address large view variations.
Robustness to heavy occlusions. The task of image synthe-
sis under heavy occlusions is difficult as well, since certain
regions may remain obscured from multiple viewing angles.
Figure 6 demonstrates visual examples of VA-NeRF in this
case. It is clear that the proposed method successfully recov-
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Figure 7: Visualization of visibility maps. Vt/V are target-
view/predicted visibility maps. Our NeRF successfully fools
the discriminator as most areas in its synthesized images are
recognized as visible.

Feature PSNR↑ SSIM↑ LPIPS↓

q 24.86 0.87 0.18
q + p 25.06 0.86 0.19
q + p′ 25.47 0.86 0.18

q + p+ p′ 25.74 0.87 0.18

Table 4: Ablation study on selected features.

ers unseen areas with realistic textures and structures, while
some results of the baselines are distorted and details are not
preserved well. Moreover, we generate occluded test images
by adding masks centered at images with different ratios
(i.e., 0.1, 0.2, and 0.3 of the image size) to conduct quantita-
tive analysis. From the results in Table 3, we can see that our
VA-NeRF better maintains its performance compared with
the baselines under occlusions.

Ablation Study
Feature selection. To verify that each selected feature (q, p,
and p′) in our VA-NeRF is necessary, we evaluate the per-
formance of all possible feature combinations. The results
are shown in Table 4 and they reflect that each feature does
bring performance gains. The best performance is obtained
by using all three features.
Effectiveness of VAFF. To validate the effectiveness of vis-
ibility in our feature fusion module, we implement a variant
that learns the weights of features without the guidance of
visibility. Table 5 reports the performance of VAFF and the
variant (denoted as Attn. w/o Vis.). We can see that, with the
help of visibility, our feature fusion module obtains signifi-
cantly better performance.
Effectiveness of VGAL. We also evaluate the effectiveness
of visibility maps in adversarial learning. We implement
a conventional binary discriminator (denoted as Bi. Dis.)

Method PSNR↑ SSIM↑ LPIPS↓

KeyPointNeRF 24.37 0.85 0.24
Attn. w/o Vis. 24.74 0.86 0.20
Attn. w/ Vis. 25.74 0.87 0.18

Table 5: Ablation study on attention strategies.

Scene Method PSNR↑ SSIM↑ LPIPS↓

View Bi. Dis. 23.77 0.83 0.24
Variation Vis. Dis. 24.34 0.84 0.21

Occlusion Bi. Dis. 24.57 0.85 0.20
Vis. Dis. 25.43 0.86 0.19

Table 6: Ablation study on discriminators.

and compare it with our visibility-guided discriminator (Vis.
Dis.). The results are shown in Table 6 and it is clear that the
proposed discriminator outperforms the binary one by large
margins in scenes with view variations and occlusions.
Visualization of visibility maps. The predictions of the pro-
posed discriminator are shown in Figure 7. We can see that
the VA-NeRF network does learn to compete with the dis-
criminator effectively, as most regions are recognized as vis-
ible by the discriminator. Hence, the proposed VAGL strat-
egy has achieved our goals successfully.

Conclusion
In this paper, we introduce a single-image generalizable
visibility-aware neural radiance field framework for image
synthesis of interacting hands. The proposed framework
leverages the visibility of 3D points for feature fusion and
adversarial learning. Our feature fusion is achieved by fus-
ing features of reference vertices closely related to query
points, with fusion weights determined by point visibility.
Our adversarial learning is accomplished through the train-
ing of a pixel-wise discriminator capable of estimating vis-
ibility maps. With these two components cooperating to-
gether, the proposed method can obtain reliable features and
high-quality results, even in challenging scenarios involving
heavy occlusions and large view variations. The proposed
method is evaluated on Interhand2.6M and obtains perfor-
mance superior to state-of-the-art generalizable models.
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