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Abstract

Recently, neural radiance field (NeRF) has shown remark-
able performance in novel view synthesis and 3D recon-
struction. However, it still requires abundant high-quality
images as input, limiting its applicability in real-world sce-
narios. To overcome this limitation, recent works have fo-
cused on training NeRF only with sparse viewpoints by giv-
ing additional regularizations. However, due to the under-
constrained nature of the task, solely using additional reg-
ularization is not enough to prevent the model from over-
fitting to sparse viewpoints. In this paper, we propose
a novel framework, dubbed self-evolving neural radiance
fields (SE-NeRF), that applies a self-training paradigm to
NeRF to address these problems. We formulate few-shot
NeRF into a teacher-student framework to guide the net-
work to learn a more robust representation of the scene by
training the student with additional pseudo labels generated
from the teacher. By distilling ray-level pseudo labels using
distinct distillation schemes for reliable and unreliable rays
obtained with our novel reliability estimation method, we
enable NeRF to learn a more accurate and robust geometry
of the 3D scene. We show that applying our self-training
framework to existing NeRF models improves the quality of
the rendered images and achieves state-of-the-art perfor-
mance.

1. Introduction
Novel view synthesis that aims to generate novel views of
a 3D scene from given images is one of the essential tasks
in computer vision fields. Recently, neural radiance field
(NeRF) [21] has shown remarkable performance for this
task, modeling highly detailed 3D geometry and specular
effects solely from given image information. However, the
requirement of abundant high-quality images with accurate
poses restricts its application to real-world scenarios, as re-
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ducing the input views causes NeRF to undergo severe per-
formance degradation.

Numerous works [14, 16, 23, 36, 42] tried to address
this problem, known as few-shot NeRF, whose aim is to
robustly optimize NeRF in scenarios where only a few and
sparse input images are given. To compensate for the few-
shot NeRF’s under-constrained nature, they either utilize
the prior knowledge of a pre-trained model [14, 42] such as
CLIP [27] or 2D CNN [42] or introduce an additional reg-
ularization [16, 17, 23], showing compelling results. How-
ever, these works show limited success in addressing the
fundamental issue of overfitting as NeRF tends to memo-
rize the input known viewpoints instead of understanding
the geometry of the scene. In our toy experiment, this be-
havior is clearly shown in Figure 1, where existing methods
(even with regularization [12, 16, 23]) trained with 3-views
show a noticeable drop in PSNR even with slight changes
of viewpoints.

Unlike these methods, we propose a novel framework
that exploits additional ground truth data for viewpoints that
were unknown to the few-shot setting. We assume that if
we can accurately identify reliable regions in the rendered
images at unknown views, the rendered regions can be uti-
lized as additional data achieved with no extra cost. As a
pilot study, we compare the rendered images from few-shot
NeRF with the ground truth images and verify that there
are accurately modeled regions even in unknown viewpoints
that are far from known ones as exemplified in Figure 1.
Based on these observations, we formulate the few-shot
NeRF task into the self-training framework by considering
the rendered images as pseudo labels and training a new
NeRF network with confident pseudo labels as additional
data.

Expanding upon this idea, we introduce a novel
framework, dubbed self-evolving neural radiance fields
(SE-NeRF), which enables a more robust training of few-
shot NeRF in a self-supervised manner. We train the few-
shot NeRF under an iterative teacher-student framework, in
which pseudo labels for geometry and appearance gener-
ated by the teacher NeRF are distilled to the student NeRF,
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and the trained student serves as the teacher network in the
next iteration for progressive improvement. To estimate the
reliability of the pseudo labels, we utilize the semantic fea-
tures of pre-trained convolutional networks to measure the
consistency of the pseudo labels within multiple viewpoints.
We also apply distinct distillation schemes for reliable and
unreliable rays, in which reliable ray labels are directly dis-
tilled to the student, while unreliable rays undergo a regu-
larization process to distill more robust geometry.

Our experimental results show that our framework suc-
cessfully guides NeRF to learn a more robust geometry of
the scene in the few-shot NeRF setting without using any
external 3D priors or generative models [40]. Also, we
show the versatility of our framework, which can be applied
to all existing models without changing their structure. We
evaluate our approach on synthetic and real-life datasets,
achieving state-of-the-art results in multiple settings.

2. Related Work
Neural radiance fields (NeRF). Synthesizing images
from novel views of a 3D scene given multi-view images
is a long-standing goal of computer vision. Recently, neu-
ral radiance fields (NeRF) [21] has achieved great success
by optimizing a single MLP that learns to estimate the radi-
ance of the queried coordinates. The MLP learns the den-
sity ω → R and color c → R3 of continuous coordinates
x → R3, and is further utilized to explicitly render the
volume of the scene using ray marching [15]. Due to it’s
impressive performance in modeling the 3D scene, various
follow-ups [10, 12, 14, 16, 23, 28, 36, 41] adopted NeRF as
their baseline model to solve various 3D tasks.

Few-shot NeRF. Although capable of successfully mod-
eling 3D scenes, NeRF requires abundant high-quality im-
ages with accurate poses, making it hard to apply in real-
world scenarios. Several methods have paved the way to
address these issues by showing that NeRF can be suc-
cessfully trained even when the input images are limited.
One approach addresses the problem using prior knowledge
from pre-trained local CNNs [9, 17, 42]. PixelNeRF [42],
for instance, employs a NeRF conditioned with features
extracted by a pre-trained encoder. Another line of re-
search introduces a geometric or depth-based regulariza-
tion [10, 14, 16, 23, 28, 36]. DietNeRF [14] proposes a
semantic consistency loss using CLIP [27] to encourage
realistic renderings at novel poses. RegNeRF [23] regu-
larizes the geometry and appearance of patches from un-
observed viewpoints. DS-NeRF [10] introduces additional
depth supervision leveraging point clouds obtained from
COLMAP [30].

Generalized NeRF. Generalized NeRFs attempt to solve
the need for per-scene optimization by learning a univer-
sal prior knowledge that can be applied across diverse 3D

scenes. These models [7, 37, 42] are trained on multiple
scenes to capture common spatial and appearance patterns
by training a feature predictor. This enables rapid adapta-
tion to new environments with minimal additional input. In
the context of training NeRF with sparse inputs, general-
ized NeRFs and few-shot NeRFs can be seen as orthogonal
approaches each improving different aspects, which can be
combined to further improve the overall performance. In
this work, we follow existing few-shot NeRF works and
focus on tackling sparse input optimization in a per-scene
manner.

Self-training. Self-training is one of the earliest semi-
supervised learning methods [11, 26, 31, 39] mainly used in
settings where obtaining sufficient labels is expensive (e.g.,
Instance segmentation). Self-training exploits the unlabeled
data by pseudo labeling with a teacher model, which is then
combined with the labeled data and used in the student train-
ing process. We bring self-training to NeRFs by formulat-
ing the few-shot NeRF task as a semi-supervised learning
task. Our approach can be seen as an analogous method of
noisy student [39] that exploits NeRF as the teacher and stu-
dent model, with teacher-generated unknown views as the
unlabeled data.

Concurrent to our work is Self-NeRF [3], which intro-
duces a new architecture combining Mip-NeRF’s [4] cone
tracing algorithm and NeRF-W’s [19] uncertainty model-
ing architecture. It iteratively trains the network with ren-
dered and warped images as additional data by guiding
the network to learn reliable regions leveraging the uncer-
tainty modeling architecture from Martin-Brualla et al. [19].
Differently, our uncertainty modeling block is designed to
infer the reliable regions of the 3D scene regardless of
the backbone architecture acting as a plug-and-play mod-
ule. This makes our framework applicable to any existing
NeRF model, enabling extra improvements to all existing
works. In addition, we propose a novel knowledge distilla-
tion scheme tailored for NeRFs and show that our method
is superior to them through quantitative comparison.

3. Preliminaries and Motivation
3.1. Preliminaries
Given a set of training images S = {Ii | i → {1, . . . , N}},
NeRF [21] represents the scene as a continuous function
f(·; ε), a neural network with parameters ε. The network
renders images by querying the 3D points x → R3 and view
direction d → R2 transformed by a positional encoding ϑ(·)
to output a color value c → R3 and a density value ω → R
such that {c,ω} = f (ϑ(x), ϑ(d); ε). The positional en-
coding transforms the inputs into Fourier features [33] that
facilitate learning high-frequency details. Given a ray pa-
rameterized as r(t) = o + td, starting from camera center
o along the direction d, the expected color value C(r; ε)
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Figure 1. Toy experiment to verify the robustness of models trained with sparse views. (Left) The red camera (a) indicates the camera
position used for training and cameras from (b-e) are used to verify the robustness of models when the novel viewpoint gets further from
the known viewpoint. (Middle) For each viewpoint (a-e), we visualize the rendered images by RegNeRF [23], baseline (K-Planes [12]),
and SE-NeRF (from top to bottom rows). (Right) Starting from viewpoint (a), we show the PSNR graph of the rendered images as the
viewpoint moves gradually from (a-e). Existing models show extreme PSNR drops, even with slight movements.

along the ray r(t) from tn to tf is rendered as follows:

C(r; ε) =

∫ tf

tn

T (t)ω(r(t); ε)c(r(t),d; ε)dt, (1)

T (t) = exp

(
↑
∫ t

tn

ω(r(s); ε)ds

)
, (2)

where T (t) is the accumulated transmittance from tn to t .
To optimize the network f(·; ε), the photometric loss

Lphoto(ε) enforces the rendered pixel color value C(r; ε)
to be consistent with the ground-truth pixel color value
C

gt(r):

Lphoto(ε) =
∑

r→R
↓Cgt(r)↑ C(r; ε)↓22, (3)

where R is the set of rays of each pixel in the image set S .

3.2. Motivation
Despite its impressive performance, NeRF has the critical
drawback of requiring large amounts of posed input im-
ages S for robust scene reconstruction. Naı̈vely optimizing
NeRF in a few-shot setting (e.g., |S| < 10) results in NeRF
producing erroneous artifacts and wrong geometry due to
the task’s under-constrained nature [23].

A closer look reveals important details regarding the na-
ture of the few-shot NeRF optimization. As described by
the PSNR graph in Figure 1, all existing methods show a
noticeable PSNR drop even with slight viewpoint changes,
which indicates the tendency of NeRF to memorize the

given input views. Such a tendency results in broken ge-
ometry that looks perfect in known viewpoints but progres-
sively degenerates as the rendering view gets further away
from known views. Although training with additional data
directly solves this problem, obtaining high-quality images
with accurate poses is extremely expensive. Instead, we no-
tice that although images (rendered from NeRF trained with
only sparse viewpoints) contain artifacts and erroneous ge-
ometry, there are reliable pixels of the image that are close
to ground truth pixels, which can be used as additional data.

To check if using reliable pixels from the rendered im-
ages as additional data can help prevent NeRF from over-
fitting, we conduct an experiment of first optimizing NeRF
under the identical few-shot setting. After training a teacher
NeRF with three images, we train a new student NeRF with
the extended set of images S ↔ S+ where S+ is the set
of rendered images. To train with only the reliable pixels
of S+, we define a binary reliability mask M(r), which
masks out pixels where the difference between the ren-
dered color value C(r; εT) and its ground truth color value
C

gt(r) is above a predetermined threshold. Training the
student NeRF to follow the reliably rendered color values
{C(r; εT) |M(r) = 1} of the teacher can be seen as a weak
distillation from the teacher to the student. The new student
NeRF is trained with the following loss function:

Lphoto(ε) + ϖ

∑

r→R+

M(r)↓C(r; εT)↑ C(r; ε)↓22, (4)

where R+ is a set of rays corresponding to each pixel in the
rendered image set S+, and ϖ denotes the weight parameter.



The result of this experiment, described in ”GT Masked”
of the PSNR graph in Figure 1, shows that the student
trained with K-Planes [12] as the baseline, displays stag-
gering improvement in performance, with unknown view-
points showing higher PSNR values and their rendered ge-
ometry remaining highly robust and coherent. This leads
us to deduce that a major cause of few-shot NeRF geome-
try breakdown is its tendency to memorize the given sparse
viewpoints and that selected distillation of additional reli-
able rays is crucial to enhance the robustness and coherence
of 3D geometry. Based on this observation, our concern
now moves on to how to estimate the reliability mask M

for the rendered novel images of S+ to develop a better
few-shot NeRF model.

4. Method

4.1. Teacher-student framework
Teacher network optimization. A teacher network is
trained naı̈vely by optimizing the standard NeRF photomet-
ric loss where the number of known viewpoints is |S| < 10.
During this process, NeRF recovers accurate geometry for
certain regions and inaccurate, broken geometry in other re-
gions. The parameters of teacher network ε

T is optimized
with the loss function Lphoto(ε).

Pseudo labeling with teacher network. By evaluating
the teacher NeRF representation ε

T, we can generate per-
ray pseudo labels {C(r; εT)| r → R+} from the rendered
images S+ from unknown viewpoints. To accurately iden-
tify and distill the reliable regions of S+ to the student
model, we assess the reliability of every pseudo label in R+

to acquire a reliability mask M(r) using a novel reliability
estimation method we describe in detail in Section 4.2.

Student network optimization. The student network ε
S

is then trained with the extended training set of S ↔ S+,
with the reliability mask M taken into account. In addi-
tion to the photometric loss with the initial image set S ,
the student network is also optimized with a distillation loss
that encourages it to follow the robustly reconstructed parts
of the teacher model in S+. In the distillation process,
the estimated reliability mask M determines how each ray
should be distilled, a process which we explain further in
Section 4.3. In summary, student network ε

S is optimized
with the following loss function:

Lphoto(ε) + ϖ

∑

r→R+

M(r)↓C(r; εT) ↑ C(r; ε)↓22, (5)

where C(r; εT) and C(r; ε) is the rendered color of the
teacher and student model, respectively and ϖ denotes the
weight parameter.

Iterative labeling and training. After the student net-
work is fully optimized, the trained student network be-
comes the teacher network of the next iteration for another
distillation process to a newly initialized NeRF, as described
in Figure 2. We achieve improvement of the NeRF’s quality
and robustness every iteration with the help of the continu-
ously extended dataset.

4.2. Ray reliability estimation
To estimate the reliability of per-ray pseudo labels
{C(r; εT)| r → R+} from the rendered images S+, we ex-
pand upon an important insight that if a ray has accurately
recovered a surface location and this location is projected
to multiple viewpoints, the semantics of the projected lo-
cations should be consistent except for occlusions between
viewpoints. This idea has been used in previous works that
formulate NeRF for refined surface reconstruction [9], but
our work is the first to leverage it for explicitly modeling
ray reliability in a self-training setting.

The surface location recovered by a ray r corresponding
to pixel pi of the viewpoint i can be projected to another
viewpoint j with the extrinsic matrix Ri↑j , intrinsic matrix
K, and the estimated depth Di from viewpoint i with the
following projection equation:

pi↑j ↗ KRi↑jDi(r)K
↓1pi. (6)

Using the projection equation, we can make correspond-
ing pixel pairs between viewpoint i and j such as (pi,pj)
where pj = pi↑j . Similarly, if we acquire pixel-level fea-
ture maps from viewpoint i and j using a pre-trained 2D
CNN, we can make corresponding feature pairs as (f i

p, f
j
p).

In our case, by projecting the feature vector of the corre-
sponding pseudo label {C(r; εT)| r → R+} to all given
input viewpoints, we can achieve |S| feature pairs for every
pseudo label. To generate a reliability mask for each ray, if
a ray has at least one feature pair whose similarity value is
higher than the threshold value ω , it indicates that the fea-
ture consistency of the ray’s rendered geometry has been
confirmed and classify such rays as reliable. Summarized
in equation, the binary reliability mask M(r) for the ray r
rendered from viewpoint i can be defined as follows:

M(r) = min





∑

j→|S|



 f ip · f jp
∥∥f ip

∥∥
∥∥∥f jp

∥∥∥
> ω



 , 1




 . (7)

To prevent the unreliable rays from being misclassified as
reliable, we must carefully choose the threshold ω . Al-
though using a fixed value for the ω is straightforward,
we find that choosing the adequate value is extremely
cumbersome as the similarity distribution for each scene
varies greatly. Instead, we adopt the adaptive threshold-
ing method, which chooses the threshold by calculating the
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Figure 2. Illustration of our overall framework for applying self-training to NeRF. SE-NeRF utilizes the self-training framework
to distill the knowledge of learned appearance and 3D geometry from teacher to student. The process is done iteratively as the student
becomes the new teacher.

(1 ↑ ϱ)th percentile of the similarity distribution where ϱ

is a hyperparameter in the range ϱ → [0, 1]. This enables
the threshold ω to be dynamically adjusted to each scene,
leading to a better classification of the reliable rays.

4.3. Reliability-based distillation
To guide the student network to learn a more robust repre-
sentation of the scene, we distill the label information from
the teacher to the student with two distinct losses based on
the ray’s reliability. By remembering the rays evaluated
in the teacher network and re-evaluating the same rays in
the student network, the geometry and color information of
reliable rays is directly distilled into the student network
through distillation loss, while the rays classified as unreli-
able are regularized with nearby reliable rays for improved
geometry before applying the distillation loss.

Reliable ray distillation. Since we assume the reliable
rays’ appearance and geometry have been accurately pre-
dicted by the teacher network, we directly distill their ren-
dered color so that the student network faithfully follows
the outputs of the teacher for these reliable rays. With
the teacher-generated per-ray pseudo labels {C(r; εT)| r →
R+} from the rendered images S+ and the estimated relia-
bility mask M , the appearance of a reliable ray is distilled
by the reformulated photometric loss LR

c :

LR
c (ε) =

∑

r→R+

M(r)↓C(r; εT)↑ C(r; ε)↓22. (8)

In addition to the photometric loss LR
c , we follow Deng

et al. [10], Roessle et al. [28] of giving the depth-
supervision together to NeRF. As the teacher network ε

T

also outputs the density ω(r; εT) for each of the rays, we

distill the density weights of the sampled points of the re-
liable rays to the student network. Within the same ray,
we select an identical number of points randomly sampled
from evenly spaced bins along the ray. This allows us to
follow the advantages of injecting noise to the student as in
Xie et al. [39] as randomly sampling points from each bin
induces each corresponding point to have slightly different
positions, which acts as an additional noise to the student.

The density distillation is formulated by the geometry
distillation loss LR

g , which is L2 loss between accumulated
density values of corresponding points within the teacher
and student rays, with teacher rays’ density values ωT serv-
ing as the pseudo ground truth labels. Therefore, for reliable
rays, our distillation loss along the camera ray r(t) = o+td
is defined as follows:

LR
g (ε) =

∑

r→R+

∑

t,t→→T

M(r)↓ω(r(t); εT)↑ ω(r(t↔); ε)↓22,

(9)
where T refers to the evenly spaced bins from tn to tf ,and
t and t

↔ indicate randomly selected points from each bins.

Unreliable ray distillation. In many semi-supervised
methods [26, 39], unreliable labels are ignored to prevent
the confirmation bias problem. Similarly, unreliable rays
must not be directly distilled as they are assumed to have
captured inaccurate geometry. However, stemming from the
prior knowledge that depth is smooth above the surface, we
propose a novel method for regularizing the unreliable rays
with geometric priors of nearby reliable rays, dubbed prior-
based distillation.

To distill the knowledge of nearby reliable rays, we cal-
culate a weighted average of nearby reliable rays’ density
distribution and distill this density to the student. As de-
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Figure 3. Distillation of pseudo labels. After estimating the reliability of the rays from unknown views, we apply distinct distillation
schemes for reliable and unreliable rays. Reliable rays are directly distilled to the student while we aggregate the nearby reliable rays to
regularize the unreliable rays.

scribed in Figure 3, we apply a Gaussian mask to unreli-
able ray r to calculate per-ray weights for nearby reliable
rays. The intuition behind this design choice is straightfor-
ward: the closer a ray is to an unreliable ray, the more likely
it is to be that the geometry of the two rays will be simi-
lar. Based on these facts, we apply the prior-based geom-
etry distillation loss LP

g , which is the L2 loss between the
weighted-average density ω̃(r; εT) and the student density
outputs ω(r; ε), is described in the following equation:

LP
g (ε) =

∑

r→R+

∑

t,t→→T

(1↑M(r))↓ω̃(r(t); εT)↑ω(r(t↔); ε)↓22.

(10)
We apply the prior-based geometry distillation loss to the
unreliable rays only when adjacent reliable rays exist. A
more detailed explanation can be found in Appendix C.3.

Total distillation loss. Finally, our entire distillation loss
function can be formulated as follows:

Lphoto(ε) + ϖ
R
c LR

c (ε) + ϖ
R
g LR

g (ε) + ϖ
P
g LP

g (ε), (11)

where ϖ
R
c , ϖR

g , and ϖ
P
g denotes the weight parameters.

5. Experiments
5.1. Setups
Datasets and metrics. We evaluate our methods on NeRF
Synthetic [21] and LLFF dataset [20]. For the NeRF Syn-
thetic dataset, we randomly select 4 views in the train set
and use 200 images in the test set for evaluation. For LLFF,
we chose every 8-th image as the held-out test set and ran-
domly select 3 views for training from the remaining im-
ages. In addition, we find that all existing NeRF models’

performance on the NeRF Synthetic dataset is largely af-
fected by the randomly selected views. To explore the ro-
bustness of our framework and existing methods, we intro-
duce a novel evaluation protocol of training every method
with an extreme 3-view setting (NeRF Synthetic Extreme)
where all the views are selected from one side of the scene.
The selected views can be found in Appendix D. We report
PSNR, SSIM [38], LPIPS [45] and geometric average [4]
values for qualitative comparison.

Implementation details. As any NeRF representation is
viable, we conduct experiments using our framework with
NeRF [21], K-Planes [12], and Instant-NGP [22] to demon-
strate the versatile applicability of our framework. For our
reliability estimation method, we use VGGNet [32], specif-
ically VGG-19, and utilize the first 4 feature layers located
before the pooling layers. For efficient training, we train the
networks with only a portion of the original number of steps
in each iteration, not to exceed the overall training time of
each of the baseline models. Specific training details for
each model are provided in Appendix B.

Hyper-parameters. We set the adaptive threshold value
at ϱ = 0.15 for the first iteration. To enable the network
to benefit from more reliable rays for each subsequent itera-
tion, we employ a curriculum labeling [6] approach that in-
creases ϱ by 0.05 every iteration. As images rendered from
views near the initial inputs include more reliable regions,
we progressively increase the range of where the pseudo la-
bels should be generated. We start by selecting views that
are inside the range of 10 degrees in terms of ς, ε of the ini-
tial input and increase range after iterations. For the weights
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Figure 4. Qualitative comparison on NeRF Synthetic Extreme. The results show the rendered images from viewpoints far away from
the seen views. A noticeable improvement over existing models regarding artifacts and distortion removal can be observed in SE-NeRF.

Methods NeRF Synthetic Extreme NeRF Synthetic LLFF
PSNR↘ SSIM↘ LPIPS≃ Avg.≃ PSNR↘ SSIM↘ LPIPS≃ Avg.≃ PSNR↘ SSIM↘ LPIPS≃ Avg.≃

DietNeRF 14.46 0.72 0.28 0.17 15.42 0.73 0.31 0.17 14.94 0.37 0.50 0.23
InfoNeRF 14.62 0.74 0.26 0.17 18.44 0.80 0.22 0.11 13.57 0.33 0.58 0.28
RegNeRF 13.73 0.70 0.30 0.19 13.71 0.79 0.35 0.19 19.08 0.59 0.34 0.15
Self-NeRF † - - - - 20.66 0.84 0.18 0.09 - - - -
NeRF 14.85 0.73 0.32 0.18 19.38 0.82 0.17 0.10 17.79 0.50 0.44 0.17

SE-NeRF (NeRF) 17.41 0.78 0.21 0.12 20.66 0.84 0.16 0.08 18.73 0.55 0.41 0.15
(+2.56) (+0.05) (-0.11) (-0.06) (+1.28) (+0.02) (-0.01) (-0.02) (+0.94) (+0.05) (-0.03) (-0.02)

K-Planes 15.45 0.73 0.28 0.16 17.99 0.82 0.18 0.11 16.40 0.39 0.47 0.20

SE-NeRF (K-Planes) 17.49 0.78 0.23 0.12 19.93 0.83 0.17 0.09 16.76 0.42 0.45 0.19
(+2.04) (+0.05) (-0.05) (-0.04) (+1.94) (+0.01) (-0.01) (-0.02) (+0.36) (+0.03) (-0.02) (-0.01)

Instant-NGP (iNGP) 15.87 0.72 0.39 0.17 16.53 0.75 0.33 0.15 16.60 0.45 0.47 0.20

SE-NeRF (iNGP) 17.52 0.77 0.32 0.14 17.78 0.77 0.31 0.14 16.93 0.47 0.46 0.19
(+1.65) (+0.05) (-0.07) (-0.03) (+1.25) (+0.02) (-0.02) (-0.01) (+0.33) (+0.02) (-0.01) (-0.01)

Table 1. Quantitative comparison on NeRF Synthetic and LLFF. †: Limited comparison due to code not being made publicly available.
A comparison on LLFF 2-views can be found in Appendix E.

for our total distillation loss, we use ϖ
R
c = 1.0, ϖR

g = 1.0,
and ϖ

P
g = 0.005.

5.2. Comparison
Qualitative comparison. Figure 4 and Figure 5 illustrate
the robustness of our model to unknown views, even when
the pose differs significantly from the training views. Our
model demonstrates robust performance on unknown data,
surpassing the baselines. This is particularly evident in the
”chair” scene, where all existing methods exhibit severe
overfitting to the training views, resulting in heavy artifacts
when the pose significantly changes from those used during
training. In contrast, SE-NeRF maintains the shape of an
object even from further views with less distortion, resulting
in the least artifacts and misrepresentation.

Quantitative comparison. Table 1 and Table 2 show
quantitative comparisons of multiple baseline models with
and without applying our framework, and other few-shot
NeRF models on NeRF synthetic and LLFF datasets. As
shown in Table 1, SE-NeRF outperforms previous few-shot

NeRF models in the NeRF synthetic Extreme and the con-
ventional 4-view setting. By applying SE-NeRF, we ob-
serve an general improvement in performance over differ-
ent methods and different datasets, demonstrating that our
framework successfully guides networks of existing meth-
ods to learn more robust knowledge of the 3D scene.

Methods chair drums ficus hotdog lego mater. ship mic
NeRF 15.08 11.98 17.16 13.83 16.31 17.31 10.84 16.29
K-Planes 15.61 13.23 18.29 12.45 14.67 16.30 13.35 19.74
Instant-NGP (iNGP) 17.66 12.75 18.44 13.64 14.72 16.83 13.82 19.05
DietNeRF 16.60 8.09 18.32 19.00 11.45 16.97 15.26 10.01
InfoNeRF 15.38 12.48 18.59 19.04 12.27 15.25 7.23 16.76
RegNeRF 15.92 12.09 14.83 14.06 14.86 10.53 11.44 16.12

SE-NeRF (NeRF) 19.96 14.72 19.29 16.06 16.45 17.51 14.20 21.09
(+4.88) (+2.74) (+2.13) (+2.23) (+0.14) (+0.20) (+3.36) (+4.80)

SE-NeRF (K-Planes) 20.54 13.38 18.33 20.14 16.65 17.01 13.72 20.13
(+4.93) (+0.15) (+0.04) (+7.69) (+1.98) (+0.71) (+0.37) (+0.39)

SE-NeRF (iNGP) 20.40 13.34 19.07 18.15 16.41 17.94 14.61 20.23
(+2.74) (+0.59) (+0.63) (+4.51) (+1.69) (+1.11) (+0.79) (+1.18)

Table 2. Quantitative comparison per-scene on NeRF Synthetic
Extreme.



Ground-truth NeRF SE-NeRF (NeRF) K-Planes SE-NeRF (K-Planes)

Figure 5. Qualitative improvement from baselines.

(a) PSNR → (b) SSIM → (c) LPIPS ↑

Figure 6. Quantitative improvement from baseline after multi-
ple iterations.

5.3. Ablation study.
Iterative training. As shown in Figure 6, which presents
the quantitative results for each iteration, a significant im-
provement in performance can be observed after the first
iteration. The performance continues to be boosted with
each subsequent iteration until the convergence. Based on
our experimental analysis, we find that after the simultane-
ous distillation of reliable rays and regularization of unreli-
able rays in the first iteration, there is much less additional
knowledge to distill to the student in certain scenes which
leads to a smaller performance gain from the second itera-
tion. However, although the performance gain in terms of
metrics is small, the remaining artifacts and noise in the im-
ages continue to disappear after the first iteration, which is
important in perceptual image quality.

Method PSNR ↘ SSIM ↘ LPIPS ≃ Average ≃
K-Planes 14.67 0.68 0.31 0.18
+ Reliable ray distillation 16.15 (+1.48) 0.72 (+0.04) 0.27 (-0.04) 0.15 (-0.03)
+ Unreliable ray distillation 16.65 (+1.98) 0.75 (+0.07) 0.24 (-0.07) 0.14 (-0.04)

Table 3. Ray distillation ablation.

Prior-based ray distillation. In Table 3, we conduct an
ablation study on the ”lego” scene of the NeRF Synthetic
Extreme setting and show that using both reliable and un-
reliable ray distillation is crucial to guide the network to
learn a more robust representation of the scene, showing

Threshold PSNR ↘ SSIM ↘ LPIPS ≃ Avg. ≃
Fixed 17.02 0.77 0.25 0.13
Unified 15.95 0.73 0.28 0.16
Adaptive 17.49 0.78 0.23 0.12

Table 4. Thresholding ablation.

the highest results in all metrics. This stands in contrast
to existing semi-supervised appraoches [1, 39], which typ-
ically discard unreliable pseudo labels to prevent the stu-
dent learning from erroneous information [2]. We show that
for NeRFs, the unreliable labels can be further utilized by
the prior knowledge that depth within a 3D space exhibits
smoothness.

Thresholding. In Table 4, we show the results of
SE-NeRF trained on NeRF Synthetic Extreme setting
with different thresholding strategies. Following traditional
semi-supervised approaches [6, 8, 35, 43], we conduct ex-
periments using a fixed threshold, adaptive threshold (ours),
and a unified threshold which does not classify psuedo la-
bels as reliable and unreliable but uses the similarity value
to decide how much the distillation should be made from the
teacher to the student. The adaptive thresholding method re-
sulted in the most performance gain, showing the rationale
of our design choice. A more detailed analysis of threshold-
ing strategies is provided in Appendix C.4.

6. Conclusion
In this paper, we present a novel self-training frame-
work called framework self-evolving neural radiance fields
(SE-NeRF), specifically designed for few-shot NeRF. By
employing a teacher-student framework in conjunction with
our unique implicit distillation method, which is based on
the estimation of ray reliability through feature consistency,
we demonstrate that our self-training approach yields a sub-
stantial improvement in performance without the need for
any 3D priors or modifications to the original architecture.
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