
SimpleNeRF: Regularizing Sparse Input Neural Radiance Fields
with Simpler Solutions

Nagabhushan Somraj
Indian Institute of Science
Bengaluru, Karnataka, India
nagabhushans@iisc.ac.in

Adithyan Karanayil
Indian Institute of Science

Bengaluru, India
adithyanv@iisc.ac.in

Rajiv Soundararajan
Indian Institute of Science

Bengaluru, India
rajivs@iisc.ac.in

(a) Mitigation of floaters: For a frame from the LLFF flower scene, we
show the depths predicted by DS-NeRF and SimpleNeRF. We show
the complete frame for reference and focus on a small region to
better observe the floaters.

(b) Reducing shape-radiance ambiguity: This is an example from the
LLFF room scene. For reference, we show the prediction of Vanilla
NeRF trained with dense input views.

(c) Improving Sharpness: The above images correspond to the LLFF
horns scene. We enlarge a small region of the frame to better observe
the improvement in sharpness.

(d) Improving Sharpness: Histogram of depth values predicted by the
coarse and fine NeRF models for the image patch shown in Fig (c).

Figure 1: We show three shortcomings of DS-NeRF when trained with two input views on the LLFF dataset. SimpleNeRF
introduces regularizations on DS-NeRF to mitigate these distortions. Notice the floaters in DS-NeRF predictions shown by small
orange regions in Fig. (a) which are cleaned by SimpleNeRF. In Fig. (b), we find DS-NeRF suffers from shape-radiance ambiguity
and ends up changing the color of the table in different viewpoints to match the observed images. DS-NeRF blends the two
input images based on the viewpoint instead of learning correct geometry. This leads to ghosting artifacts in novel viewpoints,
which is removed by our model. In Fig (c), we observe SimpleNeRF producing sharper reconstructions than DS-NeRF. Fig (d)
shows a possible reason, where the coarse and fine NeRF models in DS-NeRF converge to different depth estimates. This leads
to ineffective hierarchical sampling resulting in blurry predictions. We find that SimpleNeRF mitigates this by predicting
consistent depth estimates.

ABSTRACT
Neural Radiance Fields (NeRF) show impressive performance for
the photo-realistic free-view rendering of scenes. However, NeRFs
require dense sampling of images in the given scene, and their
performance degrades significantly when only a sparse set of views
are available. Researchers have found that supervising the depth
estimated by the NeRF helps train it effectively with fewer views.
The depth supervision is obtained either using classical approaches
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or neural networks pre-trained on a large dataset. While the former
may provide only sparse supervision, the latter may suffer from
generalization issues. As opposed to the earlier approaches, we seek
to learn the depth supervision by designing augmented models and
training them along with the NeRF. We design augmented models
that encourage simpler solutions by exploring the role of positional
encoding and view-dependent radiance in training the few-shot
NeRF. The depth estimated by these simpler models is used to su-
pervise the NeRF depth estimates. Since the augmented models
can be inaccurate in certain regions, we design a mechanism to
choose only reliable depth estimates for supervision. Finally, we add
a consistency loss between the coarse and fine multi-layer percep-
trons of the NeRF to ensure better utilization of hierarchical sam-
pling. We achieve state-of-the-art view-synthesis performance on
two popular datasets by employing the above regularizations. The
source code for our model can be found on our project page: https:
//nagabhushansn95.github.io/publications/2023/SimpleNeRF.html
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1 INTRODUCTION
Neural Radiance Fields (NeRFs) [Mildenhall et al. 2020] show un-
precedented levels of performance in synthesizing novel views of
a scene by learning a volumetric representation implicitly within
the weights of multi-layer perceptrons (MLP). Although NeRFs
are very promising for view synthesis, there is a need to improve
their design in a wide array of scenarios. For example, NeRFs have
been enhanced to learn on unbounded scenes [Barron et al. 2022],
handle scenes with highly specular objects [Verbin et al. 2022], and
deal with noisy camera poses [Bian et al. 2023]. Yet NeRFs require
tens to hundreds of images per scene to learn the scene geometry
accurately, and their quality deteriorates significantly when only a
few training images are available [Jain et al. 2021]. In this work, we
focus on training the NeRF with a sparse set of input images and
aim to design novel regularizations for effective training.

Prior work on sparse input NeRFs can be classified into gener-
alized models and regularization based models. Generalized mod-
els [Johari et al. 2022] use convolutional neural networks to ob-
tain a latent representation of the scene and use it to condition
the NeRF. However, these models require a large dataset for pre-
training and may suffer from generalization issues when used to
render a novel scene [Niemeyer et al. 2022]. The other thread of
work on sparse input NeRFs follows the original NeRF paradigm
of training scene-specific NeRFs, and designs novel regularizations
to assist NeRFs in converging to a better scene geometry [Zhang
et al. 2021]. One popular approach among such models is to super-
vise the depth estimated by the NeRF. RegNeRF [Niemeyer et al.
2022], DS-NeRF [Deng et al. 2022b] and ViP-NeRF [Somraj and
Soundararajan 2023] use simple priors such as depth smoothness,
sparse depth or relative depth respectively obtained through classi-
cal approaches. On the other hand, DDP-NeRF [Roessle et al. 2022]
and SCADE [Uy et al. 2023] pre-train convolutional neural net-
works (CNN) on a large dataset of scenes to learn a prior on the
depth or its probability distribution. These approaches may also
suffer from similar issues as the generalized models. This raises the
question of whether we can instead learn the depth supervision
in-situ without employing any pre-training. We aim to regularize
NeRFs by learning augmented models for depth supervision in
tandem with the NeRF training.

We follow the popular Occam’s razor principle and regularize the
NeRF by designing augmented models to choose simpler solutions
over complex ones, wherever possible. Some of the key components

of the NeRF such as positional encoding, view-dependent radiance,
and hierarchical sampling provide powerful capabilities to the NeRF
and are designed for the case with dense input views. Existing
implementations of these components may be sub-optimal with
fewer input views, perhaps due to the highly under-constrained
system, causing several distortions. Fig. 1 shows three common
distortions, namely, floaters [Roessle et al. 2022], shape-radiance
ambiguity [Zhang et al. 2020], and blurred renders for the NeRF
model in the few-shot setting. We believe that by simplifying some
of the capabilities, one can obtain simpler augmented models that
may provide better depth supervision for training the NeRF.

We simplify the capability of the augmented NeRF models with
respect to positional encoding and view-dependent radiance. Posi-
tional encoding maps two nearby points in 3D space to far-apart
points in the encoded space. This allows the NeRF to learn sharp
depth discontinuities in 3D space via a smooth function in the en-
coded space. However, in an under-constrained system, the NeRF
learns many undesirable depth discontinuities that can still explain
the observed images. This leads to floater artifacts as seen in Fig. 1a.
Restricting the ability of the NeRF to learn these sharp discontinu-
ities encourages it to mitigate the floater artifacts. Similarly, the
ability of the NeRF to predict view-dependent radiance leads to
shape-radiance ambiguity, which we find to be more pronounced
in the case of few-shot NeRF. The NeRF can learn to explain the
observed images by modifying the color of 3D points in accordance
with the input images as seen in Fig. 1b. Restricting the NeRF to
predict view-independent radiance only encourages the NeRF to
explain the observed images using simpler Lambertian surfaces and
can help avoid shape-radiance ambiguity.

We use the depth estimated by the simpler augmented models to
supervise the depth estimated by the NeRF model. Note that we use
the simplified models as augmentations for depth supervision and
not as the main NeRF model since naïvely reducing the capacity of
the NeRF may lead to suboptimal solutions [Jain et al. 2021]. For
example, the model that predicts view-independent radiance fails if
the scene contains specular objects. Further, the simpler augmented
models need to be used for supervision only if they explain the
observed images accurately. We gauge the reliability of the depths
by reprojecting pixels using the estimated depths onto a different
nearest train view and comparing them with the corresponding
images. We use DS-NeRF [Deng et al. 2022b] as our baseline and
design our regularizations on top of it. Our framework can thus be
seen as a semi-supervised learning model by considering the sparse
depth from a Structure from Motion (SfM) module as providing
limited depth labels and the remaining pixels as the unlabeled data.
Our approach of using augmented models in tandem with the main
NeRF model is perhaps closest to the Dual-Student architecture [Ke
et al. 2019] that trains another identical model in tandem with the
main model and imposes consistency regularization between the
predictions of the two models. In contrast, our augmented models
have complementary abilities as compared to the main NeRF model.

Finally, we observe that the coarse and fine NeRFs may converge
to different depth estimates when trained with fewer images, as
seen in Fig. 1d. This essentially renders the hierarchical sampling
ineffective. The resulting model is similar to the one with under-
sampled points along the rays. We avoid such degenerate cases by
imposing a consistency loss between the depths estimated by the
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coarse and fine MLPs. We achieve state-of-the-art view synthesis
performance on two popular datasets with the above three regu-
larizations. Further, we show that our model learns significantly
improved geometry as compared to the prior art. We refer to our
model as SimpleNeRF.

We list the main contributions of our work in the following.
• We design two augmented NeRF models that are biased to-
wards simpler solutions and use the depth estimates from
these models to regularize the NeRF training. Through the
two augmentations, we mitigate incorrect depth discontinu-
ities and shape-radiance ambiguity.

• We design a mechanism to determine whether the depths
estimated by the augmented models are accurate and utilize
only the accurate estimates to supervise the NeRF.

• We improve the effectiveness of hierarchical sampling by
introducing a consistency constraint between the coarse and
fine NeRFs. This generates sharper frames.

• We achieve the state-of-the-art performance of few shot
NeRFs on two popular datasets.

2 RELATEDWORK
Novel view synthesis is a classic problem traditionally solved broadly
using image based rendering [Chen and Williams 1993] or light
fields [Gortler et al. 1996; Levoy and Hanrahan 1996]. The seminal
work by Mildenhall et al. [2020] started a new pathway in neural
view synthesis and led to NeRF based models being employed in
a wide variety of applications such as 3D editing of scenes [Yuan
et al. 2022], gaming [Menapace et al. 2023], extended reality [Deng
et al. 2022a] and image reconstruction [Ma et al. 2022; Mildenhall
et al. 2022; Pearl et al. 2022], among others. However, many of the
above models require dense sampling of input views for a faithful
3D geometry generation. With fewer views, the quality of rendered
novel views and the learned 3D geometry degrade significantly in-
troducing severe distortions. This can limit the widespread usage of
NeRFs in multiple applications and hence addressing this limitation
is of considerable interest.

2.1 Generalized Sparse Input NeRF
Prior work involves various approaches to learning a 3D neural rep-
resentation with fewer input views. One line of approach attempts
to train a generalized model on a large dataset of scenes such that
the model can utilize the learned prior to generate a 3D scene rep-
resentation from the few input images [Chen et al. 2021; Lee et al.
2023; Tancik et al. 2021]. Early pieces of work such as PixelNeRF [Yu
et al. 2021], GRF [Trevithick and Yang 2021], and IBRNet [Wang
et al. 2021] obtain convolutional features of the input images and
additionally condition the NeRF by projecting the 3D points onto
the feature grids. MVSNeRF [Chen et al. 2021] and SRF [Chibane
et al. 2021] incorporate cross-view knowledge into the features by
constructing a cost volume and pair-wise post-processing of the
individual frame features respectively. GeoNeRF [Johari et al. 2022]
further improves the performance by employing a transformer to
effectively reason about the occlusions in the scene. More recent
work such as GARF [Shi et al. 2022] and MatchNeRF [Chen et al.
2023] try to provide explicit knowledge about the scene geome-
try through depth maps and similarity of the projected features

respectively. This approach of conditioning the NeRF on learned
features is also popular among single image NeRF models [Lin et al.
2023], which can be considered an extreme case of sparse input
NeRF. However, the need for pre-training on a large dataset of
scenes with multi-view images and issues due to domain shift have
motivated researchers to adopt regularization based approaches.

2.2 Regularization based Sparse Input NeRF
A popular approach among regularization based models is to regu-
larize the depth estimated by the NeRF. DS-NeRF [Deng et al. 2022b]
uses sparse depth provided by a SfM module to supervise the NeRF
estimated depth at sparse keypoints. RegNeRF [Niemeyer et al.
2022] imposes the depth smoothness constraint on the rendered
depth maps. ViP-NeRF [Somraj and Soundararajan 2023] instead
attempts to regularize the relative depth of objects by obtaining
a prior on the visibility of objects. Unlike the above, few other
works exploit the advances in depth-estimation using deep neural
networks. DDP-NeRF [Roessle et al. 2022] extends DS-NeRF by
employing a CNN to convert the sparse depth into dense depth for
more supervision. SCADE [Uy et al. 2023] and SparseNeRF [Wang
et al. 2023] use the depth map output by single image depth models
to constrain the absolute and the relative order of pixel depths re-
spectively. DiffusioNeRF [Wynn and Turmukhambetov 2023] learns
the joint distribution of RGBD patches using denoising diffusion
models (DDM) and utilizes the gradient of the distribution provided
by the DDM to regularize NeRF rendered RGBD patches. Different
from the above, our work obtains depth supervision by harnessing
the power of learning through augmented models, but without the
need for pre-training on a large dataset.

Another line of regularization based approaches hallucinate new
viewpoints and regularize the NeRF on different aspects such as se-
mantic consistency [Jain et al. 2021], depth smoothness [Niemeyer
et al. 2022], sparsity of mass [Kim et al. 2022] and depth based re-
projection consistency [Bortolon et al. 2022; Chen et al. 2022; Kwak
et al. 2023; Xu et al. 2022]. More recent works have explored other
forms of regularizations. FreeNeRF [Yang et al. 2023] anneals the
frequency range of positional encoded NeRF inputs as the train-
ing progresses. MixNeRF [Seo et al. 2023] regularizes the NeRF by
modeling the volume density along a ray as a mixture of Laplacian
distributions. A recent work VDN-NeRF [Zhu et al. 2023], aims to
resolve shape-radiance ambiguity, but is designed for training the
NeRF with dense input views. However, our regularization is aimed
at sparse input NeRF with as few as two views.

3 NERF PRELIMINARIES
We first provide a brief recap of the NeRF and describe the nota-
tion required for further sections. To render a pixel q, the NeRF
shoots a corresponding ray into the scene and samples 𝑁 3D points
p1, p2, . . . , p𝑁 , where p1 and p𝑁 are the closest to and farthest
from the camera, respectively. Two MLPs F1, F2 then predict view-
independent volume density 𝜎𝑖 and view-dependent color c𝑖 as

𝜎𝑖 , h𝑖 = F1
(
𝛾 (p𝑖 , 0, 𝑙𝑝 )

)
; c𝑖 = F2 (h𝑖 , 𝛾 (v, 0, 𝑙𝑣)) , (1)

where v is the viewing direction, h𝑖 is a latent feature of p𝑖 and

𝛾 (𝑥, 𝑑1, 𝑑2) = [𝑥, sin(2𝑑1𝑥), cos(2𝑑1𝑥), . . . , sin(2𝑑2−1𝑥), cos(2𝑑2−1𝑥)]
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is the positional encoding. 𝑙𝑝 and 𝑙𝑣 are the highest positional en-
coding frequencies for p𝑖 and v respectively. Volume rendering is
then applied along every ray to obtain the color for each pixel as
c =

∑𝑁
𝑖=1𝑤𝑖c𝑖 , where the weights𝑤𝑖 are computed as

𝑤𝑖 = exp ©«−
𝑖−1∑︁
𝑗=1

𝛿 𝑗𝜎 𝑗
ª®¬ · (1 − exp (−𝛿𝑖𝜎𝑖 )) , (2)

and 𝛿𝑖 is the distance between p𝑖 and p𝑖+1. The expected ray termi-
nation length is computed as 𝑧 =

∑𝑁
𝑖=1𝑤𝑖𝑧𝑖 , where 𝑧𝑖 is the depth

of p𝑖 . 𝑧 is typically also used as the depth of the pixel q [Deng et al.
2022b]. F1 and F2 are trained using the mean squared error loss
(MSE) as Lcolor = ∥c − ĉ∥2, where ĉ is the true color of q.

NeRF circumvents the need for the dense sampling of 3D points
by employing two sets of MLPs, a coarse NeRF and a fine NeRF,
both trained using Lcolor. The coarse NeRF is trained with a coarse
stratified sampling, and the fine NeRF with dense sampling around
object surfaces, where object surfaces are coarsely localized based
on the predictions of the coarse NeRF.

4 METHOD
Our key idea is to employ simpler NeRF models to obtain better
depth supervision in certain regions of the scene. We describe our
regularizations based on the simpler solutions in Sec. 4.1.We explain
our approach to selecting reliable depth estimates for supervision
in Sec. 4.2. Finally, Sec. 4.3 describes our solution to mitigate the
sub-optimal utilization of hierarchical sampling. Fig. 2 shows the
overall architecture of our model.

4.1 Regularization with Simpler Solutions
Our regularization consists of simplifying the NeRF model with
respect to the positional encoding and view-dependent radiance
capabilities to obtain better depth supervision. Both positional en-
coding and view-dependent radiance are elements designed to in-
crease the capability of the NeRF to explain complex phenomena.
For example, the former helps in learning thin, repetitive objects
against a farther background and the latter for specular objects.
However, when training with sparse views, the fewer constraints
coupled with the higher capacity of the NeRF lead to solutions that
overfit the observed images and learn implausible scene geometries.

We rethink ways of employing positional encoding and view-
dependent radiance such that the NeRF utilizes the higher capability
only when needed. The challenge here is that it is not known apriori
where one needs to employ the higher capability of the NeRF. Our
solution here is to use the higher capability NeRF as the main model
and employ lower capability NeRFs as augmentations to provide
guidance on where to use simpler solutions. Since the scene geome-
try is mainly learned by the coarse NeRF, we add the augmentations
only to the coarse NeRF. We employ two augmentations, one each
for regularizing positional encoding and view-dependent radiance,
which we describe in the following subsections. In the remainder of
this paper, we refer to the two augmentations as points (Sec. 4.1.1)
and views (Sec. 4.1.2) augmentations respectively.

4.1.1 Undesirable Depth Discontinuities. The positional encoding
maps two nearby points inR3 to two farther away points inR3(2𝑙𝑝+1)
allowing the NeRF to learn sharp discontinuities between the two

points in R3 as a smooth function in R3(2𝑙𝑝+1) . However, this is
mainly required at depth edges, and most regions of natural scenes
are typically smooth in depth. With sparse input views, the posi-
tional encoding causes the NeRF to learn depth discontinuities even
in smooth regions due to incorrect matching of pixels between the
input views. This gives rise to “floaters” [Barron et al. 2022] where
a part of an object is broken away from it and “floats” freely in
space. We reduce the depth discontinuities by reducing the highest
positional encoding frequency for p𝑖 to 𝑙

ap
𝑝 < 𝑙𝑝 as

𝜎𝑖 , h𝑖 = F ap
1 (𝛾 (p𝑖 , 0, 𝑙ap𝑝 )), (3)

where F ap
1 is the MLP of the augmented model. The main model

is more accurate where depth discontinuities are required and the
augmented model is more accurate where discontinuities are not
required. We determine the above using a ternary mask 𝑚ap as
we explain in Sec. 4.2. We supervise the depth predicted by the
main NeRF using that of the augmented model, for those pixels
for which the depth estimated by the augmented model is reliable,
by setting 𝑚ap = 1. Similarly, we also determine the pixels for
which the depth estimated by the main model is more accurate
than that of the augmented model, where we set 𝑚ap = −1. In
such pixels, we supervise the augmented model with the depth
estimated by the main model, which helps the augmented model
to improve further and provide better depth supervision for the
main model. For pixels where the depth estimated by both the main
and augmented models are unreliable, we set𝑚ap = 0. If 𝑧𝑐 and 𝑧ap
are the depths estimated by the coarse NeRF of the main and the
augmented models respectively, we impose the depth supervision
as

Lap = 1{𝑚ap=1} ⊙ ∥𝑧𝑐 −𝜏 (𝑧ap)∥2 + 1{𝑚ap=−1} ⊙ ∥𝜏 (𝑧𝑐 ) − 𝑧ap∥2,
(4)

where ⊙ denotes element-wise product, 1 is the indicator function
and 𝜏 is the stop-gradient operator.

Since color tends to have more discontinuities than depth in
regions such as textures, we include the remaining high-frequency
positional encoding components of p𝑖 in the input for F2 as

c𝑖 = F ap
2 (h𝑖 , 𝛾 (p𝑖 , 𝑙ap𝑝 , 𝑙𝑝 ), 𝛾 (v𝑖 , 0, 𝑙𝑣)) . (5)

Note that h𝑖 already includes the low-frequency positional encoding
components of p𝑖 .

4.1.2 Shape-Radiance Ambiguity. The ability of the NeRF to predict
view-dependent radiance helps it learn non-Lambertian surfaces.
With fewer images, the NeRF can simply learn any random geome-
try and change the color of 3D points in accordance with the input
viewpoint to explain away the observed images [Zhang et al. 2020]
To bias the NeRF against this, we disable the view-dependent radi-
ance in the second augmented NeRF model to output color based
on p𝑖 alone. If 𝑧av is the depth estimated by the augmented model,
we impose the depth supervision as

Lav = 1{𝑚av=1} ⊙ ∥𝑧𝑐 −𝜏 (𝑧av)∥2 + 1{𝑚av=−1} ⊙ ∥𝜏 (𝑧𝑐 ) − 𝑧av∥2,
(6)

where𝑚av is a ternary mask indicating where the depths estimated
by the augmented and the main model are reliable. We note that
while the augmented model is more accurate in Lambertian regions,
the main model is better equipped to handle specular objects.
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Figure 2: Architecture of SimpleNeRF. We train two augmented NeRF models in tandem with the NeRF to obtain depth
supervision. In points augmentation, we reduce the positional encoding frequencies input to F1 and concatenate them to the
input of F2. For views augmentation, we ask F1 to output both volume density and color based on position alone. We add depth
supervision losses Lap and Lav between the coarse NeRFs of the main and augmented models and a consistency loss Lcfc
between the coarse and fine NeRFs of the main model. During inference, only the Main Model is employed.

Table 1: Quantitative results on LLFF dataset.

2 views 3 views 4 views
Model LPIPS ↓ SSIM ↑ PSNR ↑ LPIPS ↓ SSIM ↑ PSNR ↑ LPIPS ↓ SSIM ↑ PSNR ↑
RegNeRF 0.3056 0.5712 18.52 0.2908 0.6334 20.22 0.2794 0.6645 21.32
FreeNeRF 0.2638 0.6322 19.52 0.2754 0.6583 20.93 0.2848 0.6764 21.91
DS-NeRF 0.3106 0.5862 18.24 0.3031 0.6321 20.20 0.2979 0.6582 21.23
DDP-NeRF 0.2851 0.6218 18.73 0.3250 0.6152 18.73 0.3042 0.6558 20.17
ViP-NeRF 0.2768 0.6225 18.61 0.2798 0.6548 20.54 0.2854 0.6675 20.75
SimpleNeRF 0.2688 0.6501 19.57 0.2559 0.6940 21.37 0.2633 0.7016 21.99

4.2 Determining Reliable Depth Estimates
We follow similar procedures to determine the masks𝑚ap and𝑚av
and hence explain the mask computation using a generic variable
𝑚𝑎 to denote either of the masks. Given the depths 𝑧𝑐 and 𝑧𝑎 esti-
mated by the main and augmented models respectively for pixel q,
we reproject a 𝑘 × 𝑘 patch around q to the nearest training view
using both 𝑧𝑐 and 𝑧𝑎 . We compute the MSE in intensities between
the reprojected patch and the corresponding patch in the training
image and choose the depth corresponding to lower MSE as the
reliable depth. To filter out the cases where both the main and aug-
mented models predict incorrect depth, we define a threshold 𝑒𝜏
and mark the depth to be reliable if its corresponding MSE is also
less than 𝑒𝜏 . If 𝑒𝑐 and 𝑒𝑎 are the reprojection MSE corresponding
to 𝑧𝑐 and 𝑧𝑎 respectively, we compute the mask as

𝑚𝑎 =


1 if (𝑒𝑎 ≤ 𝑒𝑐 ) and (𝑒𝑎 ≤ 𝑒𝜏 )
−1 if (𝑒𝑐 < 𝑒𝑎) and (𝑒𝑐 ≤ 𝑒𝜏 )
0 otherwise .

(7)

For specular regions, the reprojected patches may not match in
intensities leading to𝑚𝑎 being zero. This implies supervision for
fewer pixels and not supervision with incorrect depth estimates.
We note that although both the views augmentation and the depth

reliability estimation work only in the non-specular regions, there
is no redundancy in the model. The views augmentation model
may still make errors in the non-specular regions, and hence it is
necessary to determine the reliability of its depth estimates.

4.3 Hierarchical Sampling
Since multiple solutions can explain the observed images in the
few-shot setting, the coarse and fine MLP may converge to different
depth estimates for a given pixel as shown in Fig. 1c. Thus, dense
sampling may not be employed around the region where fine NeRF
predicts the object surface, which is equivalent to using only the
coarse sampling for the fine NeRF. This can lead to blur in rendered
images as seen in Fig. 1d. To prevent such inconsistencies, we drive
the two NeRFs to be consistent in their solutions by imposing
an MSE loss between the depths predicted by the two NeRFs. If
𝑧𝑐 and 𝑧𝑓 are the depths estimated by the coarse and fine NeRFs
respectively, we define the coarse-fine consistency loss as

Lcfc = 1{𝑚cfc=1} ⊙ ∥𝑧𝑐 −𝜏 (𝑧𝑓 )∥2 + 1{𝑚cfc=−1} ⊙ ∥𝜏 (𝑧𝑐 ) − 𝑧𝑓 ∥2,
(8)

where the mask𝑚cfc is determined as described in Sec. 4.2.
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Table 2: Quantitative results on RealEstate-10K dataset.

2 views 3 views 4 views
Model LPIPS ↓ SSIM ↑ PSNR ↑ LPIPS ↓ SSIM ↑ PSNR ↑ LPIPS ↓ SSIM ↑ PSNR ↑
RegNeRF 0.4129 0.5916 17.14 0.4171 0.6132 17.86 0.4316 0.6257 18.34
FreeNeRF 0.5036 0.5354 14.70 0.4635 0.5708 15.26 0.5226 0.6027 16.31
DS-NeRF 0.2709 0.7983 26.26 0.2893 0.8004 26.50 0.3103 0.7999 26.65
DDP-NeRF 0.1290 0.8640 27.79 0.1518 0.8587 26.67 0.1563 0.8617 27.07
ViP-NeRF 0.0687 0.8889 32.32 0.0758 0.8967 31.93 0.0892 0.8968 31.95
SimpleNeRF 0.0635 0.8942 33.10 0.0726 0.8984 33.21 0.0847 0.8987 32.88

Table 3: Evaluation of depth estimated by different models
with two input views. The reference depth is obtained using
NeRF with dense input views.

LLFF RealEstate-10K
model MAE ↓ SROCC ↑ MAE ↓ SROCC ↑
DS-NeRF 0.2074 0.7230 0.7164 0.6660
DDP-NeRF 0.2048 0.7480 0.4831 0.7921
ViP-NeRF 0.1999 0.7344 0.3856 0.8446
SimpleNeRF 0.1420 0.8480 0.3269 0.9215

4.4 Overall Loss
We impose the pixel color reconstruction loss on the main model
and the augmented models as

Lcolor = ∥c𝑐 − ĉ∥2 + ∥c𝑓 − ĉ∥2 + ∥cap − ĉ∥2 + ∥cav − ĉ∥2, (9)

where the subscripts 𝑐, 𝑓 , ‘ap’, and ‘av’ denote the outputs of the
coarse NeRF, fine NeRF, points augmentation model, and the views
augmentation model respectively. We also include the sparse depth
loss on the models as,

Lsd = ∥𝑧𝑓 − 𝑧∥2 + ∥𝑧ap − 𝑧∥2 + ∥𝑧av − 𝑧∥2, (10)

where 𝑧 is the sparse depth given by the SfM model. We do not
impose Lsd on the coarse NeRF of the main model following Deng
et al. [2022b]. Our final loss is a combination of all the losses as

L = _1Lcolor + _2Lsd + _3Lap + _4Lav + _5Lcfc (11)

5 EXPERIMENTS
5.1 Evaluation Setup
We compare the performance of sparse input NeRF models on
LLFF [Mildenhall et al. 2019] and RealEstate-10K [Zhou et al. 2018]
datasets with 2, 3, and 4 input views. We assume the camera param-
eters are known for the input images, since in applications such
as robotics or extended reality, external sensors or pre-calibrated
set of cameras may provide the camera poses. We follow prior
work [Somraj and Soundararajan 2023] to choose the train and test
images. We provide more details in the supplementary.

We quantitatively evaluate the predicted frames from various
models using peak signal to noise ratio (PSNR), structural similarity
(SSIM) [Wang et al. 2004] and LPIPS [Zhang et al. 2018] measures.
We employ depth mean absolute error (MAE) and spearman rank
order correlation coefficient (SROCC) to evaluate the models on

their ability to predict absolute and relative depth in novel views.
We train a NeRFmodel with dense input views and use its depth pre-
dictions as pseudo ground truth. On the LLFF dataset, we normalize
the predicted depths by the median ground truth depth, since the
scenes have different depth ranges. Following RegNeRF [Niemeyer
et al. 2022], we evaluate the predictions only in the regions of inter-
est. We mask out the regions of test frames which are not visible
in the train frames. To determine such regions, we use the depth
estimated by a NeRF trained with dense input views and compute
the visible region mask through reprojection error in depth. We pro-
vide more details on the mask computation in the supplementary
along with the unmasked evaluation scores for reference.

5.2 Comparisons
We evaluate the performance of our model against various sparse in-
put NeRFmodels on both datasets.We comparewithDS-NeRF [Deng
et al. 2022b], DDP-NeRF [Roessle et al. 2022] and RegNeRF [Niemeyer
et al. 2022] which regularize the depth estimated by the NeRF. Fur-
ther, we include two recent models, FreeNeRF [Yang et al. 2023]
and ViP-NeRF [Somraj and Soundararajan 2023], among the com-
parisons. We train the models on both datasets using the codes
provided by the respective authors. Implementation details of our
model are provided in the supplement.

5.3 Results
Tabs. 1 and 2 show the view-synthesis performance of SimpleNeRF
and other prior art on LLFF and RealEstate-10K datasets. We find
that SimpleNeRF achieves state-of-the-art performance on both
datasets in most cases. The higher performance of all the models
on the RealEstate-10K dataset is perhaps due to the scenes being
simpler. Hence, the performance improvement is also smaller as
compared to the LLFF dataset. On RealEstate-10K, we observe that
all the models struggle on one of the five scenes as compared to the
other scenes. Excluding this scene, with two input views, SimpleN-
eRF improves SSIM over ViP-NeRF from 0.9596 to 0.9685, which we
believe is a significant improvement at such high quality regime. In
Tab. 2, we show the average performance on all five scenes and show
the per-scene performance of various models in the supplementary.

Fig. 3 shows predictions of various models on an example scene
from the RealEstate-10K dataset, where we observe that SimpleN-
eRF is the best in reconstructing the novel view. Figs. 5 to 11 show
more comparisons on both datasets. Further, SimpleNeRF improves
significantly in estimating the depth of the scene as seen in Tab. 4
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Figure 3: Qualitative examples on RealEstate-10K dataset with three input views. SimpleNeRF predictions are closest to the
ground truth among all the models. In particular, DDP-NeRF predictions have a different shade of color and ViP-NeRF suffers
from shape-radiance ambiguity creating ghosting artifacts.

Figure 4: Estimated depth maps on RealEstate-10K and LLFF
datasets with two input views. In both examples, the two
rows show the predicted images and the depths respectively.
We find that SimpleNeRF is significantly better at estimating
the scene depth. Also, DDP-NeRF synthesizes the left table
edge at a different angle due to incorrect depth estimation.

and Fig. 4. SimpleNeRF also performs significantly better in esti-
mating relative depth, even outperforming ViP-NeRF which uses a
prior based on relative depth. Estimating better geometry may be
more crucial in downstream applications such as 3D scene editing.
We provide video comparisons in the supplementary.

5.3.1 Ablations. We test the importance of each of the compo-
nents of our model components by disabling them one at a time.
We disable the points and views augmentations and coarse-fine
consistency loss individually. When disabling Lcfc, we additionally
add augmentations to the fine NeRF since the knowledge learned by
coarse NeRF may not propagate to the fine NeRF. We also analyze
the need to supervise with only the reliable depth estimates by
disabling the mask and stop-gradients in Lap,Lav, and Lcfc. Tab. 4
shows a quantitative comparison between the ablated models.

We observe that each of the components is crucial and disabling
any of them leads to a drop in the performance. Further, using all
the depths for supervision instead of only the reliable depths leads
to a significant drop in performance. Finally, disabling Lcfc also
leads to a drop in performance in addition to increasing the training
time by almost 2× due to the inclusion of augmentations for the
fine NeRF.

Table 4: Ablation experiments on both datasets with two
input views.

RealEstate-10K LLFF
model LPIPS ↓ MAE ↓ LPIPS ↓ MAE ↓
SimpleNeRF 0.0635 0.33 0.2688 0.14
w/o points augmentation 0.0752 0.38 0.2832 0.15
w/o views augmentation 0.0790 0.39 0.2834 0.15
w/o coarse-fine consistency 0.0740 0.42 0.3002 0.19
w/o reliable depth 0.0687 0.45 0.3020 0.22
w/ identical augmentations 0.0777 0.40 0.2849 0.15
w/ smaller n/w as points aug 0.0740 0.38 0.2849 0.15

We conduct two additional experiments to further analyze the
impact of the augmentation we design. Firstly, we analyze if there is
a need to design simpler augmentations by replacing our novel aug-
mentations with identical replicas of the NeRF as augmentations.
In the second experiment, we use a smaller network, by reducing
the number of layers from eight to four, for the points augmenta-
tion instead of using fewer positional encoding frequencies. Tab. 4
shows that in both the above cases, the performance drops to that
of SimpleNeRF without the points augmentation or lower. In partic-
ular, reducing positional encoding frequencies has a higher impact
than reducing the number of network layers perhaps because the
network with fewer layers may still be capable of learning floaters
on account of using all the positional encoding frequencies. In the
supplement, we analyze how the performance of SimpleNeRF varies
as 𝑙ap𝑝 varies.

5.4 Limitations
Our approach to determining reliable depth estimates for super-
vision depends on the reprojection error, which may be high for
specular objects even if the depth estimates are correct. It may be
helpful to explore approaches to determine the reliability of depth
estimates without employing the reprojection error. The shape of
the reprojected patches to determine reliable depth estimates may
change significantly if the input viewpoints are diverse. This can
lead to incorrect mask estimation. Further, our model requires ac-
curate camera poses of the sparse input images. Finally, the use of
augmented models adds to computational and memory overhead
during training by about 1.5 times.
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Figure 5: Qualitative examples on the RealEstate-10K dataset with two input views. While DDP-NeRF predictions contain
blurred regions, ViP-NeRF predictions are color-saturated in certain regions of the door. SimpleNeRF does not suffer from
these distortions and synthesizes a clean frame. For reference, we also show the input images.

Figure 6: Qualitative examples on the RealEstate-10K dataset with four input views. We find that SimpleNeRF and ViP-NeRF
perform the best among all the models. However, ViP-NeRF predictions contain minor distortions as pointed out by the
magenta arrow, which is rectified by SimpleNeRF.

6 CONCLUSION
We address the problem of few-shot NeRF by obtaining depth su-
pervision through simpler augmented models that are trained in
tandem with the NeRF. We design two augmentations that learn
simpler solutions and help the main NeRF model mitigate floater
artifacts and shape-radiance ambiguity. By imposing a consistency
loss between the coarse and fineNeRFs, we ensure better application
of hierarchical sampling leading to sharper predictions. SimpleN-
eRF achieves state-of-the-art performance on two commonly used
datasets in synthesizing novel views as well as estimating better
scene geometry. In future, we plan to explore the role of simpler
augmentations for newer models such as instant-ngp [Müller et al.
2022] and related applications such as neural surfaces [Yariv et al.
2021] to train them with sparse input views.
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(a) Without Points Augmentation: The ablated model introduces floaters that
are significantly reduced by using the points augmentation model.

(b) Without Views Augmentation: The ablated model suffers
from shape-radiance ambiguity and produces ghosting arti-
facts.

(c) Without Reliability of Depth Supervision: The points augmentation model
struggles to learn sharp depth discontinuities at true depth edges. Supervising
themainmodel using such depthswithout determining their reliability causes
the main model to learn incorrect depth. As a result, the ablated model fails
to learn sharp depth discontinuities at certain regions.

(d) Without Coarse-Fine Consistency: We observe that while
SimpleNeRF predictions are sharper, the ablated model with-
out coarse-fine consistency loss, Lcfc produces blurred renders.
This is similar to Fig. 1c, where we observe DS-NeRF also pro-
duce blurred renders.

Figure 7: Qualitative examples for ablated models on the LLFF dataset with two input views. We also show the outputs of the
dense-input NeRF for reference.

Figure 8: Qualitative examples on the LLFF dataset with two input views. DDP-NeRF and ViP-NeRF synthesize frames with
broken objects in the second row and FreeNeRF breaks the object in the first row, due to incorrect depth estimations. SimpleNeRF
produces sharper frames devoid of such artifacts.

Figure 9: Qualitative examples on the LLFF dataset with three input views. In the first row, the orchid is displaced out of the
cropped box in the FreeNeRF prediction, due to incorrect depth estimation. ViP-NeRF and RegNeRF fail to predict the complete
orchid accurately and contain distortions at either ends. In the second row, ViP-NeRF prediction contains severe distortions.
SimpleNeRF reconstructs the best among all the models in both examples.
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Figure 10: Qualitative examples on the LLFF dataset with four input views. In the first row, we find that ViP-NeRF, FreeNeRF, and
DDP-NeRF struggle to reconstruct the shape of the leaf accurately. In the second row, DS-NeRF introduces floaters. SimpleNeRF
does not suffer from such artifacts and reconstructs the shapes better.

Figure 11: Qualitative examples on the LLFF dataset with two, three, and four input views. We observe errors in depth estimation
with two input views causing a change in the position of the roof. While this is corrected with three input views, there are a
few shape distortions in the metal rods. With four input views, even such distortions are corrected.
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