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Abstract

Rendering photorealistic dynamic scenes has been a focus of
recent research, with applications in virtual and augmented
reality. While the Neural Radiance Field (NeRF) has shown
remarkable rendering quality for static scenes, achieving real-
time rendering of dynamic scenes remains challenging due
to expansive computation for the time dimension. The incor-
poration of explicit-based methods, specifically voxel grids,
has been proposed to accelerate the training and rendering of
neural radiance fields with hybrid representation. However,
employing a hybrid representation for dynamic scenes results
in overfitting due to fast convergence, which can result in ar-
tifacts (e.g., floaters, noisy geometric) on novel views. To ad-
dress this, we propose a compact and efficient method for dy-
namic neural radiance fields, namely Ced-NeRF which only
requires a small number of additional parameters to construct
a hybrid representation of dynamic NeRF. Evaluation of dy-
namic scene datasets shows that our Ced-NeRF achieves fast
rendering speeds while maintaining high-quality rendering
results. Our method outperforms the current state-of-the-art
methods in terms of quality, training and rendering speed.

1 Introduction
Rendering photorealistic dynamic scenes presents a signifi-
cant challenge, yet offers a broad range of applications, in-
cluding virtual and augmented reality. Recently, there have
been significant advances in novel view synthesis using Neu-
ral Radiance Fields (NeRF), leading to remarkable rendering
quality for static scenes (Mildenhall et al. 2020; Zhang et al.
2020; Liu et al. 2020; Barron et al. 2021; Neff et al. 2021).
There are numerous attempts to explore the feasibility of
NeRF rendering for dynamic scenes and devise alternative
ways of modeling the time dimension (Park et al. 2021a;
Pumarola et al. 2021; Li et al. 2021; Park et al. 2021b). For
example, D-NeRF (Pumarola et al. 2021) uses a canonical
space to model the motion in the time dimension. However,
achieving real-time rendering of dynamic scenes remains an
elusive goal. This challenge stems not only from the inherent
slowness of the original NeRF but also from the increased
computational time required to model the time dimension of
dynamic view synthesis, resulting in slow training and ren-
dering speeds.
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Figure 1: Our approach leverages a compact auxiliary net-
work to accurately predict scene deformations, enabling the
grid-based neural radiance field to synthesize novel views
of dynamic scenes. Our model achieves impressive state-
of-the-art performance, while also ensuring a rapid train-
ing speed. We demonstrate our method’s rendering results
on three datasets: D-NeRF (Pumarola et al. 2021), Hyper-
NeRF (Park et al. 2021b), and DyNeRF (Li et al. 2022).
ArXiv version with supplementary materials is available at
https://github.com/Linyou/Ced-NeRF

Previous studies have demonstrated that incorporating
explicit-based methods, particularly using voxel grids to
model the local features of a scene, can significantly acceler-
ate the training and rendering of NeRF (Sara Fridovich-Keil
and Alex Yu et al. 2022; Sun, Sun, and Chen 2022a; Müller
et al. 2022; Chen et al. 2022). These methods also referred to
as hybrid representations (Xie et al. 2022), combine both ex-
plicit and implicit representations, resulting in faster conver-
gence and rendering speeds for NeRF. Therefore, it is rea-
sonable to extend the use of hybrid representation to com-
bine with the previous dynamic NeRF methods (Pumarola
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et al. 2021) to accelerate dynamic scene synthesis. However,
as been discovered in DeVRF (Liu et al. 2022), the combi-
nation of hybrid representation and canonical space tends to
yield overfitting results, which will produce artifacts (e.g.,
floaters, noisy geometric) on novel views.

Furthermore, the overfitting issue is rooted in the local-
ity of the hybrid representation, which leads to rapid con-
vergence in the early stages of training before obtaining
an accurate motion prediction from the deformation net-
work. This inaccuracy, in turn, introduces noise to the hy-
brid representation, making it difficult to correct in later
stages of training. Moreover, employing a high-resolution
hybrid (grid) representation, such as Multi-resolution hash
tables (Müller et al. 2022), exacerbates this overfitting issue.
Another approach is to use a low-res grid as the hybrid repre-
sentation (Fang et al. 2022) or employ additional networks to
model the dynamic and static parts of the scene (Song et al.
2022) to prevent the overfitting issue. However, these ap-
proaches lead to relatively slower convergence speed com-
pared to high-res grid.

We present a series of strategies to mitigate overfitting
in the hybrid representation, while simultaneously ensuring
fast rendering speeds. To achieve this goal, we employ a
grid-based hybrid representation to construct Ced-NeRF, a
compact and efficient dynamic NeRF that can render scenes
quickly, with few minutes of training time. Specifically,
we introduce a neural latent regularization during training,
which effectively prevents overfitting by regularizing the hy-
brid representation feature, without compromising rendering
speed. Additionally, we propose a hierarchical motion pre-
diction method to help the network learn accurate motion
for the hybrid representation. Recent studies (Fang et al.
2022; Song et al. 2022) have demonstrated that incorpo-
rating a time feature as an additional input to the radiance
field can significantly improve the modeling of illumination
changes. However, we observed that this additional input
also leads to overfitting. Hence, we propose a novel time-
integration method that provides temporal information to
the radiance field, improving its ability to model illumina-
tion changes while reducing motion overfitting from time-
variants. In summary, our contributions are as follows:
• The introduction of a dynamic NeRF that enables fast

training and rendering speeds and high-quality rendering
with a rather simple and efficient framework.

• A neural regularization loss to regularize the hybrid rep-
resentation during training, effectively preventing over-
fitting.

• A hierarchical motion prediction that assists the network
in learning a more accurate motion for the hybrid repre-
sentation.

• A novel time-integration method that provides the net-
work with temporal information to better model chang-
ing illumination.

We evaluate our approach on dynamic scenes captured with
a monocular camera as well as in a multi-camera setting. Our
results demonstrate that our approach achieves fast training
while maintaining high-quality rendering results compared
to state-of-the-art methods.

2 Related Works
2.1 Dynamic Neural Radiance Field
The challenge of rendering dynamic scenes using NeRF
has garnered significant attention in recent years. One in-
tuitive solution is incorporating time as an additional in-
put to NeRF for scene reconstruction (Li et al. 2021; Xian
et al. 2021; Gao et al. 2021; Du et al. 2021; Lombardi
et al. 2019). Nonetheless, due to the absence of scene struc-
ture prior knowledge, reconstruction results are often unsat-
isfactory. To mitigate this issue, some methods (Pumarola
et al. 2021; Park et al. 2021a) first reconstruct a canoni-
cal space before establishing point motion from the canoni-
cal template. HyperNeRF (Park et al. 2021b) inputs higher-
dimensional coordinates and enables deformations to cap-
ture object topology changes. DyNeRF (Li et al. 2022) uti-
lizes time-conditioned neural radiance fields for dynamic
scenes representation. However, these methods are based on
the original NeRF pipeline, which lacks efficiency in train-
ing and rendering. Our proposed method addresses this by
developing a dynamic NeRF pipeline on a hybrid represen-
tation for expedited training and rendering.

2.2 Hybrid Representation for Dynamic Scene
Various methods have been proposed to accelerate NeRF
training and rendering through more efficient strategies (Liu
et al. 2020; Fang et al. 2021; Lindell, Martel, and Wet-
zstein 2021; Piala and Clark 2021; Garbin et al. 2021; Hed-
man et al. 2021; Wu et al. 2022; Kurz et al. 2022). Sev-
eral approaches also suggest combining explicit structures
with neural implicit functions to create a hybrid represen-
tation (Müller et al. 2022; Sun, Sun, and Chen 2022b,a;
Chen et al. 2022). These methods serve as robust baselines
for accelerating dynamic NeRF while reducing training and
inference times. A PlenOctrees extension (Yu et al. 2021)
has been proposed to accelerate dynamic NeRF (Wang
et al. 2022) by employing Fourier transform for dynamic
scene representation and PlenOctrees for rendering accel-
eration. Tineuvox (Fang et al. 2022) employs the sparse
voxel grid (Sun, Sun, and Chen 2022a) for dynamic scene
representation, achieving a favorable quality-speed trade-off
through proper computation allocation between explicit and
implicit representations.

To further improve dynamic NeRF training and render-
ing speed while reducing memory overhead, several meth-
ods have been proposed. One such approach, akin to Ten-
sorRF (Chen et al. 2022), uses multiple planes as explicit
representations for direct dynamic scene modeling. Meth-
ods such as K-Planes (Fridovich-Keil et al. 2023), Ten-
sor4D (Shao et al. 2022), and HexPlane (Cao and John-
son 2023) adopt this strategy. Another approach (Song
et al. 2022) develops a general streaming representation
for grid-based (Müller et al. 2022) and plane-based meth-
ods, utilizing distinct models to separate static and dynamic
scene components. However, this results in slower rendering
times. HyperReel (Attal et al. 2023) proposes a flexible sam-
pling network combined with two planes for dynamic scene
representation.

In contrast, we avoid using low-resolution planes (Cao
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and Johnson 2023) or sparse voxel grids (Fang et al. 2022)
for dynamic scene reconstruction as they lack the fast con-
vergence of high-resolution grids (Müller et al. 2022). We
also eschew separated fields or models for capturing dy-
namic and static scene components due to the increased
training difficulty and slower rendering times. Instead, we
focus on employing a high-resolution grid (Müller et al.
2022) with canonical space modeling for rapid convergence
(in 4 minutes)

3 Preliminary
Neural Radiance Field The problem of synthesizing 3D
scenes from 2D images can be formulated as a function ap-
proximation task, where the goal is to learn a radiance func-
tion Φr that maps a 3D spatial location x = (x, y, z) and
viewing direction d = (θ, ϕ) to density value σ and color
value c at that location and direction:

c, σ = Φr(x, y, z, θ, ϕ). (1)

To predict the radiance from a novel viewpoint, the neu-
ral radiance field is evaluated by integrating it along a ray
passing through the scene. Specifically, given a camera ray
r = o + sd, a series points ri = o + sid can be sampled
along the ray, and the radiance function is evaluated at each
point. The final predicted radiance value C(r) is then com-
puted by performing the classical volume rendering (Kajiya
and Von Herzen 1984):

C̄(r) =

N∑
n=1

Ti(1− e−σiδi)ci, Ti =

i−1∏
j=1

e−σjδj , (2)

where δi indicates the distance between si and si+1, and N
is the number of samples along the ray. To predict the color
and density of the sample points, a neural network can be
used as Φr, which can be trained by minimize the following
reconstruction loss:

Lrec =
∑
r∈R

∥∥C̄(r)− C(r)
∥∥2
2
, (3)

where R is the set of all camera rays in the training set, and
C(r) is the groundtruth color of the ray pixel.

Position Encoding Utilizing the position x and viewing
direction d as input to Φr can result in blurred reconstruction
due to its inherent low frequency (Mildenhall et al. 2020). To
counteract this, a positional encoding technique is employed
to capture position information in a higher frequency repre-
sentation, as follows:

γ(p) =(sin(20p), cos(20p),

. . . , sin(2L−1p), cos(2L−1p)),
(4)

where the hyperparameter L denotes the highest frequency
that can be utilized in the encoding process and p is the input
scalar of the encoding.

In contrast, grid-based NeRFs (Yu et al. 2021; Sara
Fridovich-Keil and Alex Yu et al. 2022; Müller et al. 2022)
employ an explicit approach to encode coordinates. As il-
lustrated in Figure. 2, grid-based representations store local

Figure 2: A grid representation performing interpolation on
a given coordinate. The grid cells are represented by the
color of the center of the voxel vertexes.

features in a grid cell and evaluate a point’s feature by first
determining the closest grid cell and then interpolating be-
tween features from adjacent cells. This process is formu-
lated as:

γgrid(x) = interp(x, y, z,G), (5)

where G is the set of grid cells closest to the coordinate
(x, y, z). For instance, Instant-NGP (Müller et al. 2022) se-
lects eight grid cells to perform linear interpolation.

In our method, we utilize both frequency encoding, as in
Eq. (4), and grid encoding, as in Eq. (5). Frequency encod-
ing is used to encode position and view direction, while grid
encoding is used to encode position alone.

Modeling Time in Canonical Space As stated in the in-
troduction, the NeRF method is typically used to model
static scenes. However, it is possible to extend NeRF to
model dynamic scenes by using a deformation network
Φd to map a 3-dimensional coordinate x and a timestamp
t to a new 3-dimensional coordinate x′, as done in D-
NeRF (Pumarola et al. 2021).

To achieve this, we use the encoding function γ(·) de-
scribed in Eq. (4) to encode both the spatial coordinates and
the timestamp. The deformation network Φd then maps the
encoded coordinates and timestamp to a new coordinate x′,
which is used as input to the NeRF model. The formulation
for this process is as follows:

x′ = Φd(γ(x), γ(t)) + x. (6)

We adopt this approach to directly model the motion of
the scene, which enables us to construct a compact and effi-
cient NeRF model for dynamic scenes.

4 Method
4.1 Hierarchical Motion Prediction
As depicted in Figure. 3, the conventional approach to mo-
tion modeling (Pumarola et al. 2021) involves using a de-
formation network to predict the canonical coordinate of the
current point, as expressed in Eq. (6). The resulting coor-
dinate is then employed to query grid features as encoding
to NeRF. However, due to the possible inaccuracies of the
deformation network, motion prediction may be imprecise,
leading to the production of inaccurate grid features.

To mitigate this issue, we propose a hierarchical motion
prediction approach that enables the deformation network to
better decouple coarse and fine-grained motion. As shown
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Figure 3: The overall framework of our method. We additionally use two small MLP upon the radiance field, the deformation
network Φd for predicting the deformation coordinate, and the latent regulator Φf for regularizing the grid representation. The
Φf only use in the training stage and will not affect the rendering speed of the radiance field.

in Figure. 4, the motion prediction process is divided into
two stages. The first stage predicts a coarse motion mc that
corresponds to the motion between grid cells. The second
stage predicts a fine-grained motion mf that only operates
within the grid cells. This design allows the new canonical
space modeling to be formulated as:

∆x = α · tanh(mf ) + αmc,

x′ = ∆x+ x,
(7)

where
mc,mf = Φd(γ(x), γ(t)). (8)

To ensure that the deformation network predicts the ex-
pected motion for both coarse and fine-grained features, we
employ an activation function tanh(·) that maps the input to
the range [-1, 1], and a step size α to control the magnitude
of motion.

step size 

Figure 4: Illustration of hierarchical motion prediction in
four grid cells. The step size α is set to be close to the size of
a single grid cell. The term αmc allows the point to move be-
tween cells, while the term α·tanh(mf ) restricts the point’s
movement to within each cell.

4.2 Neural Latent Regularization
After obtaining the deformation coordinates x′, we apply
Eq. (5) to retrieve the corresponding encoding of the coor-
dinates from the grid representation, which serves as input
to the radiance field. However, the deformation network is

(a) training view (b) test view

Figure 5: The overfitting of the radiance field. The training
view image has fine detail, while the test view image gener-
ates noisy geometric.

trained end-to-end with NeRF, and the early predictions of
the deformation network may be inaccurate, leading to the
generation of imprecise grid features and potentially query-
ing the wrong grid cell. Furthermore, the local features of
the grid representation are challenging to modify in the later
stages of training, as the parameters have already converged
to a sub-optimal state. As shown in Figure. 7b, inaccurate
or noisy grid features can cause overfitting of the radiance
field, resulting in the failure to generate novel views.

To address this issue, we propose a novel neural regular-
ization loss that only regulates the grid feature during train-
ing to prevent overfitting, without introducing additional
computation during inference or compromising rendering
speed. As depicted in Figure. 3, we accomplish this by first
using a small neural network Φf to reconstruct the grid fea-
ture using the canonical coordinate x′ and timestamp t as
inputs, at every training step. Next, we compute the loss be-
tween the feature predicted by Φf and the encoding feature
of the grid representation γgrid(x

′), and optimize the net-
work parameters to minimize the loss Lf , which is formu-
lated as:

Lf = ∥Φf (γ(x
′), γ(t))− γgrid(x

′)∥ , (9)

Importantly, the grid representation parameters that gen-
erate the grid feature are also optimized for this loss. This
optimization encourages Φf to approximate the grid repre-
sentation in both the spatial and time dimension (i.e., coordi-
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nate and timestamp) and across all training steps, effectively
approximating a ”mean” representation within the training
process. Additionally, it encourages the grid representation
to lean towards the approximate feature that Φf predicts,
which penalizes the grid feature to change too fast. Conse-
quently, Φf serves as a global regularizer that regulates the
grid representation throughout the entire training process. It
is worth noting that since the grid representation only opti-
mizes a few local grid cells for each training step, the overall
scene representation will not be overwhelmed by this opti-
mization.

4.3 Attenuating Time Feature
To enhance the reconstruction of dynamic scenes, we pro-
pose incorporating the time feature along with the grid fea-
ture as input to the radiance field, as depicted in Figure. 3.
Recent studies (Fang et al. 2022; Song et al. 2022) have
shown that the time feature can effectively explain illumi-
nation changes of the scene for both static and deforming
parts.

However, in some settings such as monocular cameras,
the use of the time feature can result in noisy reconstructions
of the deforming part of the scene. This is because in certain
cases, as shown in Figure. 5, the frequency of the time fea-
ture can be sufficient to reconstruct the deforming part of
the scene in the training set. This leads the radiance field to
rely solely on the time feature instead of using the coordi-
nate. Consequently, the deformation network fails to predict
the accurate deformation coordinate, resulting in noisy re-
constructions in novel views (test set). This issue is similar
to the overfitting problem investigated in NeRF++ (Zhang
et al. 2020).

To address this issue, we introduce a time feature attenu-
ation method that reduces the frequency of the time feature
for the deforming part of the scene. We achieve this by us-
ing the norm of the deformation distance to attenuate the
time feature, as shown in Eq. (10), where γtime(t) is the at-
tenuated time feature, γ(t) is the original time feature, ∆x
is the norm of the deformation distance, and λ is a hyper-
parameter that controls the attenuation strength.

γtime(t) = γ(t)e−λ2L(γ(t))∆x. (10)

When the norm of the deformation distance is large, the
frequency of the time feature is attenuated, and when the
deformation is close to zero, the full frequency of the time
feature is used. This method ensures that the radiance field
guides the deformation network to learn the correct defor-
mation rather than relying solely on the time feature to ex-
plain the scene, resulting in improved reconstructions.

4.4 Optimization
Gradient. During optimization, we permit the loss gradi-
ent Lf from Sec.4.2 to propagate back to the deformation
network. This promotes the network to estimate more pre-
cise coordinates in the initial training phases. In contrast, we
halt the gradient flow from the deformation distance norm
in Eq.(10) to the deformation network, preventing the net-
work from maximizing the norm to increase time feature
frequency.

Objective. We follow the standard NeRF pipeline, as de-
tailed in Sec. 3, for the rendering process and reconstruc-
tion loss, incorporating an additional grid feature regulariza-
tion loss. The comprehensive training objective loss of our
method is expressed as:

L = Lrec + ξLf , (11)
where ξ is a hyper-parameter that balances the reconstruc-

tion loss and the grid feature regularization loss.

5 Experiments
5.1 Implementation Details
Our framework is built on top of Nerfacc (Li, Tancik, and
Kanazawa 2022), and is implemented in PyTorch (Paszke
et al. 2019). We adopt Instant-NGP (Müller et al. 2022) as
our backbone, which uses a multi-resolution hash table as
the grid representation. We use the same radiance field set-
ting as Instant-NGP. As described in Sec. 3, our method only
requires an additional deformation network to predict the de-
formation field, which is implemented with a 3-layer MLP
with a width of 64. We employ only a 1-layer MLP with a
width of 64 for our neural latent regularization, as described
in Sec. 4.2. We train our model using the Adam (Kingma and
Ba 2015) optimizer with a learning rate of 0.01, and decay
the learning rate to 0.0003 every 1k steps. We train the model
for 20K steps in synthetic scenes and 40K steps in real-world
scenes. For better performance, we set the step size of the
deformation, α, to 0.0001, the attenuation strength, λ, to 60,
and the loss hyper-parameter, ξ, to 0.001 for synthetic scenes
and 1 for real-world scenes. For a fair comparison, we con-
duct all experiments on a single RTX 3090 GPU.

5.2 Comparison with State-of-the-Art Methods
In this section, we present a comprehensive evaluation of
our proposed method by presenting both quantitative and
qualitative comparisons against state-of-the-art approaches,
which demonstrate the performance and efficiency of our
method. The comparison is conducted on two monocular
datasets and one multi-view dataset, which included a wide
range of challenges for non-rigid reconstruction.

Ours(20K) K-Planes TiNeuVox D-NeRF

Figure 6: Qualitative results on D-NeRF dataset. The vi-
sual comparison between our method, K-Planes (Fridovich-
Keil et al. 2023), TiNeuVox (Fang et al. 2022) and D-
NeRF (Pumarola et al. 2021).
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Method Train Time↓ Render Time↓ Broom 3D Printer Chicken Peel Banana Mean
(s/img) PSNR↑ PSNR↑ PSNR↑ PSNR↑ PSNR↑ SSIM↑

NeRF ∼ hours ∼ 75 19.9 20.7 19.9 20.0 20.1 0.745
Nerfies ∼ hours ∼ 90 19.2 20.6 26.7 22.4 22.2 0.803
HyperNeRF 32 hours ∼ 90 19.3 20.0 26.9 23.3 22.4 0.814
NeRFPlayer ∼ hours 4.80 21.7 22.9 26.3 24.0 23.7 0.803
TiNeuVox 30 min - 21.5 22.8 28.3 24.4 24.3 0.837

Ours (20K) 9 min 0.16 21.6 23.1 28.4 24.5 24.4 0.823

Table 1: Per-scene quantitative comparisons on HyperNeRF dataset.

Method Train Time PSNR↑ SSIM ↑ LPIPS↓
DNeRF 20 hours 30.43 0.95 0.070
TiNeuVox 30 min 32.67 0.97 0.041
K-Planes 52 min 30.84 0.96 -
TIDNeRF 8 min 29.84 0.96 0.062

Ours (20K) 4 min 34.21 0.99 0.037

Table 2: Quantitative results on D-NeRF dataset. TID-
NeRF (Park et al. 2023) is a recently proposed method that
uses a similar framework as our method.

Synthetic Scenes. We first evaluate our method on the D-
NeRF dataset (Pumarola et al. 2021), which comprises syn-
thetic monocular scenes of 360-degree rotation for objects.
The dataset consists of nine synthesis scenes, each contain-
ing 50-200 frames in the training set and 20 frames in the
test set. We report the PSNR, SSIM (Wang et al. 2004), and
LPIPS (Zhang et al. 2018) scores in Table. 2. To establish
a performance baseline, we compare our approach with D-
NeRF, an implicit NeRF method, as well as recently pro-
posed hybrid NeRF methods including K-Planes (Fridovich-
Keil et al. 2023), TiNeuVox (Fang et al. 2022), and TID-
NeRF (Park et al. 2023). Our results indicate that our method
achieves superior performance in terms of PSNR, SSIM, and
LPIPS metrics while requiring a training time that is more
than two times shorter than previous methods. Specifically,
our method achieves a PSNR of 34.21, an SSIM of 0.987,
and an LPIPS of 0.037, outperforming all other methods in
the comparison. Moreover, as illustrated in Figure. 6, our
method exhibits robustness to scene deformations, produc-
ing clear and detailed results. This performance advantage
is particularly evident when comparing our method to TID-
NeRF (Park et al. 2023), a recent dynamic reconstruction
method, which, similar to our method, also uses Instant-
NGP as its backbone. Our method not only surpasses TID-
NeRF in terms of reconstruction quality, as evidenced by the
PSNR, SSIM, and LPIPS scores, but it also demonstrates
greater efficiency with a training time that is half as long.

Real Monocular Scenes. We then present a comprehen-
sive analysis comparing our method with state-of-the-art
techniques on the HyperNeRF dataset (Park et al. 2021b),
which is captured using a monocular camera and includes
real non-rigidly deforming scenes. This dataset poses chal-

lenges due to large deformations, complex lighting condi-
tions, and thin object structures. To ensure a fair comparison,
we downsampled images to 540 × 960 in our experiments
and followed the training and validation camera split pro-
vided by (Park et al. 2021b). We conducted experiments on
four ”vrig” scenes, as shown in Table. 1. Our method outper-
forms previous approaches such as HyperNeRF and Nerfies
in terms of both PSNR and SSIM metrics. Moreover, our
method demonstrates competitive performance with recent
state-of-the-art methods, namely NeRFPlayer and TiNeu-
Vox, on all four scenes. In terms of the average PSNR and
SSIM, our method achieves 24.4 and 0.823, respectively,
and outperforms TiNeuVox slightly, our method shows a
considerable advantage in terms of computational efficiency.
Notably, our method is more than 3× faster than all the
other methods in terms of training speed, requiring only 9
minutes of training time. Additionally, our method exhibits
impressive rendering performance, achieving a render time
of just 0.16 seconds per image, which is significantly faster
than other state-of-the-art methods, including NeRFPlayer,
which takes 4.80 seconds per image.

Method Train Time PSNR ↑ SSIM ↑
LLFF - 23.2 -
DyNeRF 1344 hours 29.6 0.961
NeRFPlayer 5.5 hours 30.7 -
K-Planes 1.8 hours 31.6 0.964

Ours (20K) 21 min 30.6 0.919

Table 3: Quantitative comparison on Plenoptic Video
dataset (Li et al. 2022).

Multi-view Scenes. We further compare our method with
state-of-the-art methods on the Plenoptic Video dataset (Li
et al. 2022), which was captured using 21 cameras at a res-
olution of 2704 × 2028, with each camera recording a 10-
second video. Six scenes from this dataset are publicly avail-
able. For a fair comparison, we downsampled the images
to 1352 × 1014 in our experiments. As shown in Table. 3,
our method outperforms previous methods such as LLFF
and DyNeRF in terms of PSNR and achieves competitive
performance with recent state-of-the-art methods, namely
NeRFPlayer and K-Planes. Specifically, our method attains
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a PSNR of 30.6 and an SSIM of 0.919, which are com-
parable to the performance metrics of NeRFPlayer and K-
Planes. However, our method offers a significant improve-
ment in training speed, with a time that is 5× shorter than
that of K-Planes and 15× shorter than NeRFPlayer. While
our method’s SSIM is slightly lower than that of DyNeRF
and K-Planes, it is essential to consider the balance between
reconstruction quality and computational efficiency. Our
method provides competitive reconstruction quality while
requiring considerably less training time, making it a suit-
able option for applications with limited computational re-
sources.

5.3 Ablation Study
To further validate the proposed components of our method,
we conduct ablation studies on both the D-NeRF dataset and
the HyperNeRF dataset.

Latent Regularization. We first evaluate the effectiveness
of our proposed Neural Latent Regularization. As shown in
Table. 4, our regularization method improves the model’s
performance by only 0.25 dB compared to the base model
(An Instant-NGP with only a deformation network). How-
ever, as demonstrated in Figure. 7, the regularization sig-
nificantly improves the quality of the results. Specifically,
our regularization effectively prevents overfitting in the top
row of Figure. 7b, as well as enhances the clarity of the 3D
Printer (bottom row) scene.

(a) GT (b) w/o Latent-R (c) with Latent-R

Figure 7: Visual results of Neural Latent Regularization
(Latent-R). We show the result of with and without Neural
Latent Regularization on both the Lego (top) and 3D Printer
(bottom) scene.

Hierarchical Motion Prediction. Secondly, we evaluate
the effectiveness of our proposed Hierarchical Motion Pre-
diction. As shown in Table. 4, we observe that the Hierar-
chical Motion Prediction significantly improves the model’s
performance compared to other proposed components.

Latent Hierarchical Time PSNR SSIMRegula. Pred. Attenu.

✓ ✓ ✓ 34.2 0.987
✓ ✓ ✗ 34.0 0.987
✓ ✗ ✗ 33.3 0.985
✗ ✗ ✗ 33.0 0.984

Table 4: Ablation results on the test set of the DNeRF
dataset. We show the PSNR and SSIM scores of our Neu-
ral Latent Regularization (Latent Regula.), Hierarchical Mo-
tion Prediction(Hierarchical Pred.) and Time Feature Atten-
uation(Time Attenu.).

Time Feature Attenuation. Finally, we evaluate the ef-
fectiveness of our proposed Time Feature Attenuation. As
shown in Table. 4, similar to the Neural Latent Regular-
ization, we observe that the Time Feature Attenuation only
marginally improves the model’s performance. Neverthe-
less, we show that it effectively prevents the overfitting issue
as demonstrated in Figure. 8. When employing an additional
time feature to the radiance field can enhance the illumina-
tion change in the dynamic scene. However, the model pro-
duces the overfitting result which tends to generate a large
amount of noise in geometry which is the deformation of
the scene. And as shown in Figure. 8c, the Time Feature At-
tenuation effectively mitigates the overfitting issue.

(a) GT (b) w/o Time-A (c) with Time-A

Figure 8: Visual results of Time Feature Attenuation (Time-
A). We show the result of with and without Time Feature
Attenuation on the Lego scene.

6 Conclusion
In this paper, we have presented Ced-NeRF, an efficient
and compact framework for dynamic NeRF. Our contribu-
tions include a neural latent regularization function and a
time feature attenuation strategy, which effectively address
overfitting issues commonly encountered in high-resolution
grid-based representations for dynamic NeRF. Addition-
ally, we have proposed a hierarchical motion prediction ap-
proach that significantly improves the accuracy of scene de-
formation in grid representations. Our experimental results
demonstrate that our approach achieves rapid convergence
and efficiently renders dynamic NeRF. Ablation analyses
further validate the effectiveness of the proposed method.
Overall, the Ced-NeRF framework shows great potential for
advancing the field of dynamic NeRF by enabling faster and
more accurate rendering of dynamic scenes.
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