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Abstract—Generalizable NeRFs typically aim to synthesize
novel views of unseen scenes, often requiring multiple closely
positioned input views. GDNeRF addresses this limitation by
enabling high-quality view synthesis with sparse input views that
are widely spaced. Leveraging depth map information, GDNeRF
constructs a multilevel probabilistic feature volume to generalize
to new scenes effectively. A generative module enhances the
volumetric renderer by synthesizing occluded or ambiguous
areas, ensuring realistic results even in challenging conditions.
Tested under sparse camera settings with up to 60-degree rotation
differences along the Y-axis, GDNeRF outperforms state-of-the-
art models by up to 60%. Additionally, it achieves real-time
rendering at approximately 16 FPS, making it ideal for free-
viewpoint video streaming applications with minimal camera
setups. GDNeRF’s innovative approach demonstrates significant
advancements in sparse input scene rendering with a simple
camera setup.

Index Terms—Neural Radiance Fields, Few-shot New View
Synthesis, Real-time Rendering, Sparse Cameras

I. INTRODUCTION

Neural Radiance Field (NeRF) approaches have demon-
strated exceptional performance in highly realistic novel view
synthesis. The primary objective is to learn a renderable
particle volume, facilitating novel view synthesis through
raymarching. Many advancements have been made since their
introduction to enhance their training, inference speed and
rendering quality [1], [2]. However, these approaches learn
an implicit representation of the scene with a few hundred
images [3], which is a limitation in some applications. De-
spite numerous advancements, their ability to generalize to
new scenes or unseen timeframes remains limited. To utilize
generalizable NeRFs for free-viewpoint video generation from
a few sparse views, two primary concerns must be addressed.
Firstly, setting up a multi-view capturing environment with
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numerous views often poses a barrier due to the complexity
and expenses associated with hardware. Compared to common
scenes used by NeRFs, simple multi-view camera settings have
few cameras, which are far from each other. Secondly, for
such applications, the lengthy training times of NeRFs are
prohibitive for real-time deployment on unseen scenes.

To model dynamic scenes, a line of works models dynamic
scenes by proposing a deformation model to relate the scene at
different time instants [4], [5], which achieve highly realistic
results. However, they require a complex multi-camera setting.
Other models are capable of learning the scene in the time
domain using a single camera and assuming the type of de-
formation [6], [7]. Additionally, some provide good results on
sequences exhibiting limited deformation without making any
assumptions about the scene [8]. Nonetheless, these methods
are unable to learn the deformation model in real-time and
cannot generalize to unseen scenes.

Other works address real-time synthesis by using few multi-
view image information, they are designed to train networks
that create radiance fields from a few multi-view images,
without requiring any training on the target scene [9], [10].
These methods demonstrate generalization capabilities to pre-
viously unseen scenes. These algorithms predict new views
given a set of input images in a single forward pass, but they
utilize NeRF’s volumetric rendering at their core. However,
these methods have struggled to generate new views at real-
time speed due to the time-consuming volumetric render-
ing process. Recently, ENeRF [10] proposes a coarse-to-fine
image-based rendering approach that utilizes estimates alpha-
blending weights for the input images to generate the new
view. Nonetheless, image-based rendering methods require a
dense camera setup with a considerable number of cameras.

In this paper, we propose GDNeRF, a method capable of
generating new views at high rendering quality using a sparse
and simple camera setup with very few cameras. Our algorithm
leverages depth map information to create a probabilistic
feature volume that combines information from a few source
images. Figure 1 provides an overview of GDNeRF. To process
ambiguous and occluded information on the scene, we employ
a 3D CNN as a generator of feasible feature volumes. We
utilize style codes, akin to StyleGAN [11], to gradually in-
corporate new information into the feature volume. Following
previous work [10], we adopt a coarse-to-fine strategy to esti-
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Fig. 1: GDNeRF intro. Given few sparse input views, GDNeRF is capable of synthesizing highly realistic target views. The
example shows 3 sparse views of the CWI dataset and how our method is capable of synthesizing a new view. Our model
leverages input depth information using a multilevel probabilistic feature volume and incorporates a generative component to
produce feasible scene features rendered through volumetric rendering. It can generate new views in real time without needing
to train the neural representation of the scene.

mate a depth interval for each pixel at lower resolutions, which
improves its rendering efficiency. We evaluate our approach on
the CWI [12] and ActorsHQ [13] datasets. The CWI dataset
contains only 7 cameras, posing a challenge to state-of-the-art
generalizable NeRFs. However, when synthesizing a new view,
the top three closer views are enough to synthesize the target
view. In such sparse camera settings, current approaches are
unable to produce feasible results, often resulting in artifacts
and blurred renders. Our approach significantly outperforms
state-of-the-art methods and produces highly realistic results
even in challenging camera setups. In summary, this work
makes the following contributions:

• We propose a new algorithm that outperforms previous
methods in generalized real-time new view synthesis in
sparse camera settings.

• We introduce a new 3D multilevel probabilistic scene
representation that models depth uncertainty. This rep-
resentation integrates information from any number of
source views.

• We introduce 3D feature supervision based on GANs for
generalizable NeRFs, which leverages seen features while
inferring occluded or ambiguous regions.

• We analyze the impact of camera sparsity on the CWI
and ActorsHQ datasets for generalizable methods and
demonstrate how our GDNeRF largely outperforms the
current state-of-the-art in these settings.

II. RELATED WORK

New view synthesis. Light field rendering [14] and view-
morphing techniques [15] were the primary new view synthe-
sis techniques. NeRF [16] has garnered significant attention
and has seen fast-paced improvement [1], [2]. Since then,
several scene representations have been proposed to reduce the

memory usage of these methods while retaining the training
and inference advantages [17], [18]. ZipNeRF [2] learns pre-
filtered features to address z-aliasing by weighting features
at different scales based on the distance from the ray origin.
Recently, 3D Gaussian Splatting (3DGS) methods [19]–[21]
have emerged as a competitor to NeRF-based approaches.
Nevertheless, these techniques require prohibitively long train-
ing times for real-time free-viewpoint video applications.

Dynamic view synthesis. NeRF has also been extended
to non-rigid scenes by deforming the observed points to a
canonical space or over time [5], [8]. D-NeRF [22] proposed
deforming points along a ray at a given time to obtain the
corresponding points in a canonical scene. NSFF [23] models
the scene as a time-variant continuous function encoded in
an MLP; however, this approach is limited by the length
of the videos it can encode. DynIBaR [24] proposes to use
motion trajectory fields to achieve temporal consistency on
video recordings. Nevertheless, these methods are incapable
of generalizing to future time instants or unseen scenes.

Generalizable view synthesis. Generalizable methods are
based on multi-view stereo techniques, where the target view is
estimated given a limited number of views. We are particularly
interested in those that, without a lengthy optimization of the
scene, enable real-time view synthesis [10], [25]. One of the
pioneering approaches is MVSNet [26], which constructs a
cost volume of 2D image features to estimate the depth of the
target view. However, these methods do not scale well at high
resolutions. Coarse-to-fine methods [10], [27] have emerged
to scale better to higher resolutions by estimating depth at
increasing resolutions. LatentSplat [28] introduces variational
3D Gaussians for efficient and generalizable 3D reconstruction
from few input views. However, its performance degrades
when reconstructing scenes at high resolution. ENeRF [10]



achieves real-time high-resolution new view synthesis general-
ization employing a coarse-to-fine scheme. However, ENeRF
is unable to synthesize novel views from sparse inputs, as
it requires a dense camera setting. Our model differs from
previous approaches in that we leverage generalizable methods
and depth information to create a consistent probabilistic
feature volume, enabling volumetric rendering. Additionally,
we model unseen or occluded information in the target view
with a generative prior, filling unseen content with coherent
regions based on contextual views.

III. METHODOLOGY

Coarse-to-fine rendering schemes enable real-time render-
ing; however, current approaches struggle to synthesize re-
alistic views given a sparse multi-view setting in a general-
izable manner. Figure 2 provides a general overview of our
proposed GDNeRF. Our approach leverages depth information
to generate probabilistic feature volumes (Section III-A) from
the limited scene information. Previous methods particularly
encounter difficulties with missing information in the target
view due to occluded content in the source views. We address
this issue with a generative 3D CNN (Section III-B) based
on StyleGAN [11], which introduces new feature information
to generate feasible features for neural rendering. Finally, the
renderer conducts volumetric rendering with a small set of
samples on each ray, enabling generalizable real-time render-
ing. It is important to note that optimization is only performed
during network pretraining. The new view synthesis of an
unseen scene is accomplished through a single forward pass
given the sparse input views.

A. Probabilistic feature volume

Given a set of M sparse source views s = (s0, s1, ..., sM ),
the objective is to synthesize a new view t that appears realistic
and is coherent in geometry and texture with the context of
the available sparse views. We begin by extracting information
from the source views s to create a probabilistic feature
volume F . If H and W denote the target image resolution and
D defines the depth resolution, we create a 3D feature volume
F ∈ RH×W×D relying on depth maps di of the source views.
Visual features are extracted from the source sparse views,
resulting in depth maps fi, which are then projected from
a viewpoint into grid cells. The feature at position p ∈ R3

in each cell F (p) is weighted proportionally to its likelihood
of being projected into the correct position. We model this
probability with a Gaussian distribution:

wp
i = N(p− ci; d(p)i, σ(p)) · γ (1)

where d(p)i is the distance given by the depth map di when
p is projected into the i-th image plane, ci is the i-th camera
center, and γ is a scaling factor. Thus, features where the cell
position is closer to the estimated depth on camera i will be
more represented at that position. The standard deviation σ(p)
is greater on depth discontinuities where the estimation might
contain more errors. For more details on the probabilistic
feature volume, please see Appendix I.

B. Generative rendering volume

When addressing sparse new view synthesis, it is cru-
cial to incorporate some kind of generative prior to infer
missing information based on the contextual source images.
To incorporate generative information into our framework,
we adopt the generator from StyleGAN [11] and the dis-
criminator from StyleGANv2 [29], which have been studied
in-depth [30], [31]. Specifically, the generator G is a 3D
CNN that processes the probabilistic feature volume Fi as
described in Section III-A and produces multiple outputs at
different resolutions, which are then combined as detailed in
Appendix II. These multilevel render volumes are denoted as
R = (R0, R1, ..., Rl), where l is the number of resolution
levels. We employ a 3D CNN with a UNet-like architecture
as the generator, incorporating AdaIN [32] layers to embed the
generative prior. We employ the Non-Saturating GAN objec-
tive [33], as denoted in Eq. 2 and Eq. 3. The generator should
generate feasible and realistic images given the contextual
source sparse views s, which can be formulated as follows:

LG
GAN = −E(t,s),w∼pd,MLPW (x)[log(D(G(s, w)|s))] (2)

where pd is the data distribution and x, w and MLPW

denote a latent code, a style code and the mapping network
as in StyleGAN, respectively. x is a random variable drawn
from a standard Gaussian distribution. To simplify notation,
we encapsulate the generation of the render volume and the
volumetric rendering with G(·). Therefore, G(s, w) results in
a rendered image that is conditioned on source views s and a
latent code w.

We denote pg as the distribution of images generated by
the volumetric renderer using the multilevel render volume
generated by the generator. The discriminator, besides distin-
guishing between samples from pd and pg , should analyze if
the image is coherent given the context of source images s.
This assists G in generating not only realistic samples but
also views that are coherent in geometry and texture with the
available views. Therefore, the objective of D is to optimize
the following function:

LD
GAN = −Et̂,s,w∼pg,pd,MLPW (x)[log(1−D(t̂|s))]

− E(t,s)∼pd
[log(D(t|s))]

(3)

where t̂ is an image rendered with the volumetric renderer.
Additionally, we experiment with incorporating the synthe-
sized depth information and the groundtruth depth as an
extra supervision term, aiming to ensure that the expected
density depth is similar to the groundtruth depth images. These
variations are denoted as LG

DGAN and LD
DGAN .

C. Coarse-to-fine generative loss

Similar to previous work, we use an L2 penalization on
the differences in color with the groundtruth Lc. To enhance
the network’s ability to capture important textural information
in greater detail, we incorporate a perceptual loss Lp, which
compares feature maps extracted from a pretrained VGG16
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Fig. 2: GDNeRF approach. From sparse few views, our method extracts a set of feature maps which are projected into our
probabilistic feature volume based on the source views depth maps. Our generator module processes the probabilistic feature
volume to generate a feasible multilevel feature volume. These volumes contain features that the volumetric renderer uses to
synthesize the target view in real time, without the need of per-scene training.

network on ImageNet. Since we have access to the groundtruth
depth information during training, we supervise the predicted
depth map by the NeRF MLP with an L1 loss Ld. The
objective at a resolution level r is to minimize the sum of
all the previously described losses:

Lr = λcLc + λdLd + λpLp + λg(LD
DGAN + LG

DGAN ) (4)

where λc, λd, λdreg , λp and λg are hyperparameters weighting
each loss term. We omit the subscript r in the loss terms for
clarity. The total loss will be the sum of the losses Lr at the
Q cascade levels of the coarse-to-fine approach.

IV. EXPERIMENTS

We conduct both qualitative and quantitative evalua-
tions, along with comparisons against competing approaches.
Our quantitative evaluation involves measuring the PSNR,
SSIM [34] and LPIPS [35]. First, in Section IV-A, we de-
scribe the details of each dataset and why they have been
chosen. Then, in Section IV-B, we perform extensive evalu-
ation and conduct an ablation study to assess the impact of
each component of GDNeRF. For implementation details and
hyperparameters settings, please see Appendix III.

A. Datasets

For multiview static scenes, we pretrained our GDNeRF
model using the DTU dataset [37], following the evaluation
protocol of previous work. Our model follows the training
and evaluation protocol from MVSNeRF [36]. The model is
pretrained on a set of scenes that are different from those
used for evaluation. In this setup, 16 views were used as input
for generating new scene views, while 4 were reserved for
evaluating the rendered results. In order to evaluate the DTU
dataset in a sparser setting, we perform an additional exper-
iment where we filter source views with a cosine similarity

Methods Camera FPS DTU
setting PSNR↑ SSIM↑ LPIPS↓

PixelNeRF [3]

Dense

0.019 19.31 0.789 0.382
IBRNet [9] 0.217 26.04 0.917 0.191
MVSNeRF [36] 0.416 26.63 0.931 0.168
ENeRF [10] 25.29 27.61 0.956 0.091
Ours 15.75 26.82 0.922 0.099

ENeRF [10] Sparse 25.29 16.598 0.523 0.489
Ours 15.75 22.485 0.869 0.167

TABLE I: View synthesis comparison. Comparison among
various generalizable methods on DTU in the dense and sparse
camera setting. Despite our method not being specialized for
dense camera settings, it ranks as the second best performer
in this scenario. However, in the sparse setting, it significantly
outperforms the current state-of-the-art. Best result. Second
best result.

greater than 0.8 relative to the target view. While we primarily
utilized the DTU dataset for comparison with prior work, it is
worth noting that this dataset features a dense camera setting,
which does not align with the specific problem addressed by
our method. This is why, in order to evaluate DTU in a sparser
setting, we perform an additional experiment where we filter
source views with a cosine similarity greater than 0.8 relative
to the target view.

In order to assess the generalization capabilities in a sparse
camera setting, we turned to the CWI [12] and ActorsHQ [13]
datasets. The CWI dataset comprises 45 sequences recorded by
7 Kinect cameras arranged in a sparse configuration, forming
a 360◦ camera setup where each camera is positioned 60◦

apart about the Y-axis. Finetuning of the model was performed
on this sequence using the first 200 frames, with evaluation
conducted on the subsequent 100 frames. Random cameras
were sampled as target views, and the 3 closest views were



Methods DTU CWI ActorsHQ
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

ENeRF 16.598 0.523 0.489 14.523 0.471 0.466 21.046 0.807 0.177
GDNeRF 22.153 0.825 0.236 18.504 0.665 0.427 26.445 0.900 0.116
GDNeRF-Multi 21.420 0.816 0.233 18.328 0.666 0.433 26.568 0.901 0.112
GDNeRF-GANs 22.485 0.869 0.167 18.897 0.648 0.381 25.446 0.911 0.097

TABLE II: GDNeRF ablation study. Results on DTU, CWI and ActorsHQ for the different components of GDNeRF and
ENeRF. Our model significantly outperforms ENeRF. Even the most basic version of GDNeRF, utilizing only the probabilistic
feature volume, already surpasses its performance.

Groundtruth ENeRF
GDNeRF
(Ours)

Groundtruth ENeRF
GDNeRF
(Ours)

Groundtruth ENeRF
GDNeRF
(Ours)

Fig. 3: Generalizable sparse new view synthesis in ActorsHQ. Comparison between ENeRF and GDNeRF in ActorsHQ.
ENeRF generates many artifacts and holes compared to our GDNeRF.

utilized to render the target. The ActorsHQ dataset provides
high-quality recordings of clothed humans in motion, featuring
multi-view captures from 160 cameras arranged in a 360◦

setup, along with accurate depth maps. Due to the denser
camera setting of this dataset, we filtered source views with a
cosine similarity greater than 0 relative to the target view. This
filtering process resulted in sparser and more distant cameras
relative to the target view. We leave the Actor08 sequence for
evaluation while pretraining in the rest.

B. Experimental validation
We begin by comparing GDNeRF to previous methods

using their dense camera evaluation settings to validate our
approach against prior work. Next, we conduct an ablation
study of the various components of our approach and analyze
their performance in a generalization setting. Finally, we
extensively compare our full approach against prior state-of-
the-art.

1) Comparison with other generalizable approaches: In
order to compare to previous generalizable NeRF approaches,
we use the DTU dataset. In Table I, we provide the quantitative
results for the dense and sparse camera settings in DTU. As
we can observe, in the dense camera setting, GDNeRF still
yields good results despite being designed for sparse camera
settings. In the dense evaluation setting, as ENeRF is an image-
based renderer, it can reuse many pixels from very close
views, which is why it gives better results than our approach.
However, when filtering the closest views that have a cosine

similarity greater than 0.8 with respect to the target view, we
can observe that our method outperforms the current state-of-
the-art, which is ENeRF.

2) Generalization ablation study: Our GDNeRF is mainly
compared to ENeRF which is the current state-of-the-art for
generalizable NeRFs. Unlike ENeRF, we employ a combina-
tion of IBR (Image-based rendering) and MBR (Model-based
rendering), utilizing our probabilistic feature volume III-A
and generative model III-B. ENeRF relies solely on an IBR
approach, which exhibits limitations, particularly in synthesiz-
ing occluded content and leveraging a sparse camera setting,
which is what GDNeRF mainly aims to solve. In Table II, we
provide an ablation study assessing the generalization capabil-
ities on the DTU, CWI and ActorsHQ datasets. We refer to
GDNeRF with the multilevel feature volume representation as
GDNeRF-Multi and to GDNeRF with both the multilevel rep-
resentation and generative module as GDNeRF-GANs. The re-
sults demonstrate that the base model, which only incorporates
the probabilistic feature volume (section III-A), outperforms
ENeRF significantly. Furthermore, the integration of multiple
render volumes with ZipNeRF’s rendering enhances some
results in both the CWI and ActorsHQ datasets. Incorporating
the generative rendering volume further improves the overall
performance.

3) Sparse view synthesis experiments: Our model consis-
tently outperforms ENeRF in sparse setting scenarios, partic-
ularly on CWI. This difference is especially pronounced in



the CWI dataset, where the closest cameras are 60◦ apart
along the Y-axis. Qualitatively, this difference is evident in
Figure 1. While ENeRF struggles to render the person ad-
equately due to the sparse input views, GDNeRF produces
high-quality renders. Figure 3 depicts the qualitative results
on the ActorsHQ dataset. As can be seen, GDNeRF outper-
forms ENeRF, exhibiting greater consistency, higher quality
and far less artifacts. For additional qualitative results, see
Appendix IV. Finally, for a comparison with offline sparse-
camera optimization methods, see Appendix V.

V. CONCLUSIONS

In this work, we have presented a generalizable new view
synthesis approach for sparse camera environments. We ad-
dress sparse camera environments that are not common to
NeRF-based approaches by leveraging depth with a probabilis-
tic feature volume and filling unseen regions with a generative
prior. We demonstrate competitive performance on the dense
camera setting while outperforming the state-of-the-art in the
sparse setting by a large margin. This advancement paves
the way for real-time new view synthesis applications across
unseen scenes or time instants, such as free-viewpoint video
rendering. Moreover, our analysis delves into the impact of
camera sparsity using the CWI and ActorsHQ datasets. This
comprehensive examination underscores the efficacy of our
proposed method in handling sparse camera environments for
generalizable view synthesis.

In future work, we aim to investigate the impact of synthetic
depth information on our method, particularly for datasets
lacking groundtruth depth information. This analysis could
provide insights into the robustness and generalization capa-
bilities of our approach in scenarios where depth data is not
available. Moreover, to enhance rendering performance, our
method could integrate Gaussian Splatting [19] as its rendering
method. However, this adaptation would involve working with
point clouds instead of 3D feature volumes, presenting both
technical and computational challenges that require further
exploration.
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