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Abstract—3D scene modeling is essential for immersive expe-
riences in Virtual, Augmented, and Mixed Reality (VR/AR/MR)
applications. Neural Radiance Fields (NeRF) have emerged as a
strong alternative to traditional representations such as meshes
and point clouds for 6-DoF rendering. However, maintaining high
visual quality while enabling efficient transmission in dynamic
environments remains a significant challenge. In this paper, we
propose NeRFCompressor, a novel compression framework for
dynamic scene representation using NeRF-like models. Building
on tensor decomposition-based 3D reconstruction, NeRF Compres-
sor improves transmission efficiency by leveraging existing video
codecs to exploit both intra-scene and inter-scene redundancies. It
maintains high QoE with minimal degradation in reconstruction
quality. Experiments show that NeRFCompressor outperforms
state-of-the-art methods in compressing both static and dynamic
scene representations.

I. INTRODUCTION

Recent advances have enabled new applications in volu-
metric videos, where content captured from multiple RGB-D
cameras is stitched and streamed to devices like VR headsets
and glasses. Companies such as Apple, Microsoft, and Intel are
exploring use cases across sports, entertainment, e-commerce,
and education, with the market projected to reach 4.9 billion
USD by 2026 [1].

NeRF [13]] provides an effective method for generating re-
alistic 3D views from sparse inputs, but the training process is
resource-intensive. Afterwards, TensoRF [5] enhances training
efficiency using voxel grids and tensor decomposition, though
at the cost of increased model size. As many applications target
resource-limited mobile and AR/VR devices, compression
becomes critical. Prior work [4], [6], [9], [15]] addresses these
constraints, and recent methods [[10], [[14]], [17] further balance
visual quality with compact model representation.

In this paper, motivated by recent advances in NeRF
modeling [5], [21], we propose NeRFCompressor, a com-
pression framework for representing dynamic scenes using
NeRF-like models. NeRFCompressor provides a simple yet
effective solution for compressing dynamic representations,
enabling efficient 6-DoF exploration. Built upon TensoRF [5]],
NeRFCompressor observes both intra-scene and inter-scene
similarities in tensor-decomposed model components. As these
components can be represented as grayscale images, we en-
code them as video frames and apply standard video codecs
for compression. NeRFCompressor incorporates three key
techniques: (1) model quantization into 8-bit integers, (2) intra-
scene redundancy exploitation, and (3) inter-scene similarity

compression. We evaluate NeRFCompressor on both static and
dynamic scenes using the Synthetic-NeRF, LLFF, and public
dynamic datasets. Results demonstrate that NeRFCompressor
significantly reduces model size while maintaining recon-
struction quality, outperforming state-of-the-art compression
schemes and preserving high Quality of Experience (QoE).

The remainder of the paper is organized as follows. We
present background on NeRF, and follow-up works in Sec-
tion [[I| We describe the design of NeRFCompressor in Sec-
tion [[II} Section|[V|presents the experimental results. We make
concluding remarks in Section

II. BACKGROUND AND RELATED WORK
A. Neural Radiance Field (NeRF)

Neural radiance field modeling has recently been shown as a
powerful tool for 3D scene reconstruction. In NeRF [13], rays
are traced from the camera position (0 = (x,, Yo, 20)) through
each pixel in the rendered image. If the direction of a ray is d,
samples on this ray can be denoted as r(¢) = o+ td, and the
color of the ray with N samples can be obtained as C(r) =
SN Ti(1 — exp(—0id;))c;, where T; = exp (f 23;11 aj5j)
where T; is the transmittance at sample ¢, o; and c; are the
density and color, and §; = t; — t;_; is the sample inter-
val. While NeRF achieves high-fidelity rendering, it requires
known camera poses and extensive training time. NeRF-
[21] relaxes the camera pose dependency, while TensoRF [5]
accelerates training using tensor decomposition. Other works
like Mega-NeRF [[19] and DVGO [16] further improve speed.
Our method, NeRFCompressor, builds upon TensoRF [5].
Unlike NeRF’s MLP-based mapping from coordinates to
color/density, TensoRF decomposes the 4D volumetric field
into compact axis-aligned vector and matrix components,
separately modeling density and appearance. The density at a
point is computed via combinations of learned 1D vectors and
2D matrices. For appearance, each voxel stores a multi-channel
feature generated similarly, which is then combined with view
direction via a lightweight MLP to produce RGB output. This
low-rank tensor factorization reduces memory overhead while
preserving fine details, enabling efficient training and fast
rendering, ideal for both static and dynamic 3D scenes.

B. Compression and Quantization in NeRF

To improve the efficiency of NeRF-like models, several
recent works have investigated quantization and compression



techniques. VQREF [10] introduces a vector-quantized radiance
field framework that compresses DVGO [16] to 1MB and
TensoRF [5] to an average of 3.6MB while maintaining a
PSNR of 32.86 dB on the Synthetic-NeRF dataset [[13]]. Within
their framework, voxel pruning, vector quantization via a code-
book, and weight quantization are applied, with a particular
focus on compressing the plane components of radiance fields.
Rho et al. [14] proposed an alternative method based on
wavelet transforms and learnable masking to enable efficient
compression of grid-based radiance fields. Expanding NeRF
deployment to resource-constrained devices such as AR/VR
headsets and mobile platforms has also been a key focus.
MobileNeRF [6] adopts polygon rasterization with Z-buffering
to facilitate fast and parallel rendering, while Li et al. [9]
propose RT-NeRF, an algorithm-hardware co-design targeting
real-time rendering on AR/VR devices. These approaches
address both computational and energy limitations of modern
devices.

C. Neural Radiance Field for Dynamic Scenes

Several works have extended NeRF to dynamic scenes,
where the scene content evolves over time. Li et al. [11]]
proposed DyNeRF, which models dynamic volumetric scenes
by conditioning NeRF on time across multi-view video inputs.
More recently, Fridovich-Keil et al. [7] proposed K-Planes, a
method that represents dynamic scenes using six decomposed
planes in a 4D (space + time) radiance field. K-Planes can
be seen as an extension of TensoRF that introduces temporal
modeling. Similarly, HexPlanes [3|] provides a concurrent
decomposition-based approach for dynamic scene encoding.
While methods like K-Planes offer promising PSNR perfor-
mance, we observe visual artifacts such as ghosting and cloudy
textures in practical settings. To address this, NeRFCompressor
adopts a per-scene training strategy: we treat each dynamic
frame as an independent TensoRF model and then encode the
component planes across frames using traditional 2D video
codecs. This enables us to exploit both inter-frame and intra-
model redundancies for compression, while avoiding temporal
artifacts and ensuring robust per-frame reconstruction quality
in dynamic 3D content.

III. DESIGN OF NeRFCompressor

The design of NeRFCompressor aims to efficiently com-
press dynamic scenes via the neural radiance fields. We draw
the analogy between dynamic scenes and videos, emphasizing
the connection that exists between consecutive scenes within
the dynamic scene and the successive frames within a video.
As existing video codecs exploit intra-frame and inter-frame
similarities for compression, we propose NeRFCompressor to
exploit similarities among decomposed components within a
single scene (intra-scene compression) and similarities be-
tween consecutive scenes (inter-scene compression) for a more
compact representation of dynamic scenes. Figure [T]illustrates
the overall design of NeRFCompressor. We present the details
of each component next.

A. Model Compression via Quantization

The first stage of NeRFCompressor is feature quantization,
commonly used for reducing the size of machine learning
models.

In an example configuration, a TensoRF model contains 16
components in each density plane and line (i.e., R, = 16) and
48 components in each color plane and line (i.e., R. = 48),
with a total of 192 components in the trained model. To exploit
model compression via quantization, we first normalize the
data stored in the 3R, + 3R, “planes” and “lines” as follows:

dnorm = (d - dmzn)/(dmax - dmzn) (1)

We then quantize the data to integers in [0, 255]. The quantiza-
tion step reduces model size by converting 32-bit floating-point
data to 8-bit integers. Furthermore, this also makes it possible
for us to represent the “planes” and “lines” as grayscale images
and video frames and leverage existing image/video codecs
for efficient encoding in later stages. We store the d,,;, and
dmaz 1n Equation [I| so that the data can be re-scaled back to
its original float32 representation with minor precision loss.

B. Intra-Scene Compression via Similarities Among Decom-
posed Neural Components

As we inspect the planes and lines in grayscale images,
we observed visual similarities among images of the same
dimension, e.g., between MY ™) and M{™Y?) | where 7,
and 7, index two different components belonging to the yz
plane. This motivates us to compress the model representing
a single static scene by exploiting visual similarities among
decomposed neural components. To do so, we represent com-
ponents as video frames and use existing 2D video codecs
for compression. We refer to this scheme as “Intra-Scene
Compression”.

Existing video codecs (e.g., H.264 [22]) work well for video
frames represented in Y, U, V — three channels. Given that
we have three orthogonal planes (i.e., zy, yz, and xz) and
three orthogonal lines (i.e., z, x, and y), we composite a
video frame using each of the three planes/lines as one of
the three channels (Y, U, and V). In this way, with a total of
3R, + 3R, components, we obtain R, + R, frames represent-
ing planes and R, + R. frames (with the height of just 1),
representing lines. A benefit of this video frame composition
is that all components of the same plane are compressed
as the same channel (e.g., Y-channel) of consecutive video
frames. This allows the video codecs to exploit similarities
across components of the same plane for efficient compression.
The three orthogonal planes—zxy (I x J), yz (J x K), and
rz (I x K)—have mismatched dimensions, making direct
composition into a single video frame infeasible. To resolve
this, we resize all planes to a unified resolution of n X n, where
n = max([, J, K), and represent line components as 1 x n,
applying zero-padding as needed for consistency. We adopt
the YUV444 [2] format, preserving full resolution across all
channels to maintain model fidelity during compression.

In detail, our proposed intra-scene compression works as
follows: (D) We first extract all the components from the model



uoleziuenp

o
oo
o—n
O3
oo
AR
(3

3\
&2
/5
o
o/
53
S
uoneziuenp

Dynamic scene

t videos

Fig. 1: Overall design of NeRFCompressor. The top part sketches our proposed idea on intra-scene compression that can be
used for static scenes. The bottom part illustrates our proposed idea for inter-scene compression that can be used for dynamic

scenes.

trained by TensoRF. 2) We then follow the normalization and
quantization steps in Section [[II-A]to represent the model com-
ponents as 8-bit grayscale images. For density components,
there are 3R, components for planes and 3R, components
for lines, and for appearance components, there are 3R,
components for planes and 3R, components for lines. In step
), NeRFCompressor composites 3R,/3R. components into
R,/R. frames in YUV444 format.

Then, in step @), NeRFCompressor uses the video codec
to compress these video frames, e.g., using FFmpeg [18§]]
with H.264 [22]. As shown in the figure, the final output
includes four compressed videos representing the density
planes, density lines, appearance planes, and appearance lines,
respectively.

C. Inter-Scene Compression via Similarities Across Consecu-
tive Scenes

To represent dynamic scenes, drawing inspiration from the
concept of inter-frame compression of consecutive frames in
traditional 2D video codecs, we exploit similarities across
consecutive scenes to achieve inter-scene compression. Here,
we assume that the dynamic scene contains a sequence of
scenes of consecutive time instants; motions in the scene cause
items to move over a range of positions and that the changes
in position are continuous and relatively small in consecutive
scenes. This inter-scene compression scheme complements the
intra-scene compression discussed in the previous subsection.

The high-level idea is as follows: suppose there are N
consecutive scenes in the dynamic sequence of scenes, we
first use TensoRF for training representations for individual
scenes. We then composite the N x (3R, + 3R,.) trained
components as N x (R, + R,) frames (each in YUV444 pixel
format in Y, U, V — 3 channels) for video compression. We
show the procedure of model quantization and YUV444 frame
composition in Figure 2] To improve the compression ratio, we
design two training strategies for increasing the similarities
among trained components of consecutive frames. The first
approach always uses the trained components of the 1st scene
to initialize the models (i.e., components) for the remaining

scenes in the sequence. We expect this approach to work well
in scenarios where the position changes are relatively small
across the dynamic sequence. The second approach always
uses the trained components of the previous scene (e.g., scene
s —1) to initialize the models for scene s. With this approach,
we expect the trained components of consecutive scenes to
have increased similarity. For merging composited frames of
a sequence of scenes into a single video for compression, we
concatenate the frames in naive manner while preserving the
sequence within the dynamic scene. Finally, the concatenated
frames are compressed as a video using traditional video
codecs.

In this paper, we choose H.264 for its commendable per-
formance in scenarios involving transmission and processing.
However, we note that our NeRFCompressor approach is com-
patible with other video codecs as well. Naively concatenating
feature frames can result in poor compression efficiency, and
inefficient utilization of storage and computing resources.
Instead, we propose two strategies to improve compression ef-
ficiency by optimizing the arrangement of feature frames. The
first approach is called "NeRFCompressorgp”, NeRFCompres-
sor with Sequential features Fusion. For each feature com-
ponent plane, “NeRFCompressorgp” segments scene features
into three groups based on the total number of scenes. Each
group will be one of the three channels (YUV) in the video.
For example, each scene contains R,, features for each density
component plane, so R, frames are generated for each scene.
Overall, the total number of frames for each feature video is
(Rc x N/3) or (R, x N/3). Lastly, “NeRFCompressorgp”
generates three density component videos and three appear-
ance component videos. The format of frames structure is as
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follows:

where Vg, and Vg represent density and component
videos. F 1(31() represents R, frames of one of the appearance
component planes from scene 1. NeRFCompressorgy can
achieve a high compression rate with lossless re-rendering
quality. We also design another method for compositing and
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Fig. 2: Inter-scene Quantization. It shows the quantization steps for inter-scene compression.

merging frames into component videos to maximize fea-
ture similarities and express a more efficient compression
rate. This method utilizes the spatial position for frame
composition, called “NeRFCompressorg ,”(NeRFCompressor
with Spatial Alignment). NeRFCompressorg , considered the
features between the scenes with similar spatial orienta-
tions. Thus, we choose to merge the features from the
same position of each scene into a sequence and com-
posite them into frames. Because the camera positions
remain consistent across each scene, the features gener-
ated from our second strategy of each scene manifest
spatial similarity. Hence, the composition method used
in NeRFCompressorg, would utilize the similarity be-
tween scenes to achieve inter-scene compression and avoid
codec constraints. We describe “NeRFCompressorg,” as:

{]_-(1) (2)
1 2
;]:[1] } {]:( ) . ]:[(R)

(1), r(2).
{]:1]7 [ °

{]_-(1) ]_-[(12])7 ..
VRC represents the appearance component videos, and Vg
represents the density component videos. F ](%10) stands for the
frame at position R. of scene 1 of the appearance com-
ponent plane. For example, after extracting feature images
from the same position, merge them into a sequence and
composite them into frames with other sequences. Finally,
R, density component videos and R, appearance component
videos are generated while each video contains N frames.
This method can leverage the higher similarity between scenes
but will result in a greater loss of re-rendering qualities
than NeRFCompressorgp. Consequently, there is a trade-off
between NeRFCompressor g, and NeRFCompressorg 4. While
the total number of scenes exceeds the codec limitation, we can
choose NeRFCompressorg, to composite component feature
frames. Otherwise, when higher re-rendering quality is the
prerequisite, NeRFCompressorg can be the prior method.

(N)} (N)}

where
(N)
$Fira b

IV. PERFORMANCE EVALUATION

For evaluation, we use both static and dynamic scene
datasets. We demonstrate the performance of NeRFCompres-
sor by evaluating and comparing the PSNR of rendered
views and the model size of NeRFCompressor with state-

of-the-art methods. For static scenes, besides NeRF [13]] and
TensoRF [5]], we also compare with VQ-TensoRF by Li et
al. [10]]. For dynamic scenes, we note that existing NeRF-based
dynamic scene representations suffer from visual impairments
such as ghosting effects and cloudy artifacts. The evaluation
metrics used in the experiments focus on visual quality and
compressed size. To evaluate the re-rendering performance, we
apply NeRFCompressor to the trained TensoRF models for
both static and dynamic scenes and compute the PSNR [S§]
of rendered views with ground-truth views rendered from the
original 3D models.

A. Experimental settings and Datasets

The model is implemented with PyTorch, and we used
FFmpeg for video codec-based compression. We compared
our proposed model with baselines in two static datasets
and two dynamic datasets. For static datasets, we use NeRF
synthetic dataset [13] and LLFF forward-facing dataset [12].
For dynamic datasets, we adopt the public synthetic dynamic
dataset [24], including Lego, Pig, Worker, and Amily.

The baseline model we used is TensoRF VM-192, where
R, = 16 and R. = 48, ie., 3R, + 3R. = 192. We
applied our proposed model to the baseline model. Within our
experiments, we also implemented our proposed quantization
methods on VM-120, VM-84, and VM-48 for static scenes.
We compared the rendering performance and model size with
baseline models, including NeRF, TensoRF, and VQ-TensoRF.
All the experiments are performed on a single NIVIDA P100
GPU with 16 GB memory. The experiment settings are similar
to those of TensoRF. We trained the model with 30k iterations,
with a batch size of 4096 per iteration. The initial learning
rate and MLP-related parameters are 0.02 and 0.001. We used
PSNR, SSIM [20]], and LPIPS [23|] to measure the recon-
struction quality, and the model size to measure compression
efficiency.

B. Evaluation Results

We present a comprehensive evaluation of our proposed
NeRFCompressor in this section. We focus on the efficacy
of our techniques designed to compress both static and dy-
namic scene scenarios, encompassing both intra-scene and



inter-scene complexities, ensuring efficient compression while
maintaining high Quality of Experience (QoE).

1) NeRFCompressor with Lossy Intra-Scene Compres-
sion: In this section, we further show the feasibility and
effectiveness of using lossy video compression for TensoRF
model compression. Here, we use the quantization parameter
(gp) in video codecs that regulate the degree of spatial detail
preservation. When gp is 0, all details are retained. As gp
increases, more details are lost, leading to decreased bit rates,
but at the cost of loss of quality. The gp value we chose is
based on {5n|n € N,0 < n < 8}. The presented results show
the efficacy of applying intra-scene lossy compression on the
static scene model. The model size was reduced to a minimum
of 1.3MB from the original 68.8MB after compression, a
significant reduction. Table [[] reports the PSNR and model size
results compared to state-of-the-art works. Our compression
results were slightly better than the original due to the different
computing resources. The datasets used in this experiment
include both synthetic NeRF and forward-facing
datasets. We applied our quantization method to the TensoRF
VM-192 model(i.e., 3R, + 3R, = 192) for fair comparison in
this table. Compared to VQ-TensoRF , NeRFCompressor-
20 consistently achieves higher PSNR with comparable or
smaller representation sizes. For NeRFCompressor-30, the
representation sizes of NeRFCompressor-30 is the smallest,
and the PSNR results are better than VQ-TensoRF baseline in
two scenes.

2) NeRFCompressor with Inter-Scene Compression for
Dynamic Scenes: In this section, we present our results for
compressing dynamic scenes using NeRFCompressor. Within
this experiment, we use two dynamic scene datasets we
created. We first compare two alternative training strategies
described in Section[[lI-C| Here, we represent the first strategy,
using the Ist scene to initialize model components for all
remaining scenes as ~Iscenen”’, where n represents the n-
th scene. We represent the second strategy as (n-—1I)scenen,
where the (n— 1)-th scene is used to initialize the model com-
ponents for the n-th scene. The experimental results of these
two training strategies after applying inter-scene compression
indicate the difference in individual model sizes and PSNR
results after using trained model components from different
scenes as initialization. When using scene 1 to initialize scene
n, the model sizes of scenes remain approximately constant.
However, when we use the (n — 1)-th scene for initialization,
the model size for scene n increases. The results show that
for both training strategies, the PSNR results for subsequent
scenes outperform the 1st scene. Therefore, for entire dynamic
scenes, when using the components of the previous scene’s
model, we prefer to retain its original component matrix to
reduce the loss of inter-scene information. As discussed in
IHI-C, we use two ways to merge the component matrices.
To illustrate in detail, we use the two scenes from the “D-
lego” experiment as an example. The size of the parameters for
scenel and 2scenel is around 68.8 MB before applying intra-
scene quantization. Table [lI| presents average PSNR, SSIM,
LPIPS, and model sizes across 60 dynamic scenes under
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different quantization settings. “No compression” reports the
aggregated quality and total model size before quantization.
We observe that our lossy compression maintains consistently
high visual quality, with minimal degradation across increasing
quantization levels. The compressed model size is reduced to
approximately 2MB per scene on average.

To merge multi-scene models efficiently, we evaluated two
strategies: naively concatenating components across scenes
and padding and merging corresponding vectors and planes
within the density and appearance components. The best
approach reduced the total model size to 137.6MB while
preserving more detail and delivering higher PSNR, making
it the preferred method in our dynamic scene experiments.
We then applied intra-scene quantization (Section on
top of this merged model for further compression. Figure [3]
illustrates qualitative results for representative dynamic scenes
with sampled density and appearance features. These visual
and quantitative results demonstrate that NeRFCompressor
delivers strong compression efficiency while preserving visual
fidelity in complex, dynamic scenes.

V. CONCLUSION

In this paper, we presented NeRFCompressor, an efficient
compression framework for NeRF-based 3D scene represen-
tations targeting emerging VR, AR, and MR applications. By
combining model quantization with intra- and inter-scene com-
pression, NeRFCompressor significantly reduces the size of
both static and dynamic scene representations while preserving
high visual quality. Our experimental results demonstrate that
NeRFCompressor achieves strong reconstruction performance
with minimal computational and bandwidth overhead, making
it well-suited for real-time, immersive applications requiring 6-
DoF interaction. These findings highlight NeRFCompressor’s
potential for practical deployment in resource-constrained mul-
timedia systems.
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TABLE I: PSNR Comparison results. This table shows the PSNR comparison results between our approach with different
models.NeRFCompressor-n represents gp = n

Synthetic-NeRF LLFF
PSNR SSIM  LPIPSyg, LPIPSjeq Size PSNR SSIM  LPIPSy,, LPIPSpes Size
NeRF [13] 31.01  0.947 0.081 - SMB 26.50  0.811 0.250 - SMB
TensoRF [5] 33.09 0.963 0.048 0.027 67.56MB | 26.70  0.836 0.202 0.115 179.84MB
VQ-TensoRF [10] 32.86  0.960 0.058 0.032 3.56MB 26.46  0.824 0.224 0.129 8.72MB
NeRFCompressor 33.13  0.963 0.047 0.027 9.53MB 26.74  0.839 0.201 0.119 21.71MB
NeRFCompressor-20 | 3297  0.961 0.051 0.029 3.18MB 26.69  0.836 0.209 0.124 6.00MB
NeRFCompressor-30 | 32.35  0.958 0.060 0.036 2.28MB 26.24  0.819 0.235 0.171 2.69MB

TABLE II: Experimental results of inter-scene compression for dynamic 60 scenes. These are the average results of 60
scenes in PSNR, SSIM, LPIPS,je, LPIPSYy 4, and model size.

qp PSNR SSIM  LPIPSpies LPIPSygq Size PSNR SSIM  LPIPSpiexs LPIPSygq Size
Lego Pig
No compression - 37.6305  0.9923 0.0058 0.0149 4.03GB 42.0324  0.9753 0.0285 0.0294 3.97GB
10 | 37.4332 09858 0.0063 0.0156 399.63MB | 41.5424  0.9688 0.0289 0.0333 567.39MB
NeRFCompressorgp | 20 | 36.4280  0.9681 0.0068 0.0167 250.67MB | 40.6810  0.9643 0.0296 0.0397 356.36MB
30 | 33.4040 0.9730 0.0164 0.0357 138.09MB | 38.5194  0.9591 0.0390 0.0314 189.34MB
10 | 37.4283  0.9858 0.0063 0.0156 535.0IMB | 41.5437 0.9688 0.0289 0.0333 472.56MB
NeRFCompressorg 5 20 | 36.3091 0.9668 0.0069 0.0169 258.17MB | 41.4458 0.9681 0.0292 0.0343 320.16MB
30 | 32.6267  0.9694 0.0195 0.0415 121.75MB | 40.2093  0.9619 0.0297 0.0433 152.77MB
Worker Amily
No compression - | 432173 0.9964 0.0041 0.0014 4.60GB 44.6270  0.9901 0.0090 0.0023 4.83GB
10 | 43.1522  0.9914 0.0047 0.0018 412.82MB | 442341  0.9879 0.0095 0.0026 436.20MB
NeRFCompressorgr | 20 | 42.7651  0.9883 0.0051 0.0022 303.73MB | 43.5625 0.9814 0.0103 0.0029 366.72MB
30 | 38.4683  0.9699 0.0055 0.0039 159.5IMB | 40.5872  0.9603 0.0224 0.0084 202.08MB
10 | 43.1123  0.9912 0.0049 0.0019 451.09MB | 43.9977  0.9899 0.0097 0.0027 418.93MB
NeRFCompressorg 4 | 20 | 42.0008  0.9849 0.0052 0.0026 303.11MB | 43.0009 0.9801 0.0142 0.0032 352.48MB
30 | 36.9459  0.9561 0.0063 0.0043 121.39MB | 39.9886  0.9532 0.0278 0.0088 188.65MB
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