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Abstract—Volumetric point clouds enable immersive
communication and telepresence but remain challenging to
store and transmit due to the massive size of geometry and
color attributes. This paper presents a learning-based at-
tribute codec that combines a vector-quantized (VQ) color
table with a compact neural radiance field (NeRF) whose
output layer is a K-way SoftMax over codebook entries.
Geometry is mapped through a Fourier feature embedding
to a low-parameter multilayer perceptron (MLP) that pre-
dicts per-point color indices or distributions. For dynamic
content, a single codebook is shared within a group of
pictures (GOP) and the first (INTRA) frame’s network
weights are reused for subsequent (INTER) frames via
small add-on layers, substantially reducing signaling cost.
We articulate the method, bitstream syntax, and a rate–
distortion–complexity analysis, and outline an evaluation
plan against V-PCC and G-PCC. We further discuss
streaming implications and opportunities for quantization-
aware training and model pruning. The approach targets
practical storage/transmission of 3D media for ICNC

audiences in Multimedia Computing & Communications
and Signal Processing for Communications.

Index Terms—Point cloud compression, attribute coding,
NeRF, vector quantization, SoftMax, Fourier features,
GOP.

I. INTRODUCTION

Volumetric point clouds are becoming a core media
type for telepresence, immersive communication, and
XR, yet dynamic sequences routinely contain 7 × 105

to 106 points per frame with 10-bit geometry and 8-bit
color, creating substantial storage and transport demands.
Standardized pipelines—Video-based PCC (V-PCC) and
Geometry-based PCC (G-PCC)—offer strong baselines
for end-to-end systems [1], [2], with additional engi-
neering on motion prediction and patch management for
dynamic content [3]. Still, attribute (color) data often

Fig. 1. Dynamic Point Cloud



dominates bitrate and remains challenging for conven-
tional transform-based tools.

This paper develops a learning-based attribute codec
in which a compact neural radiance field (NeRF) pre-
dicts a categorical distribution over a vector-quantized
(VQ) color table via a K-way SoftMax output. By
recasting color regression as classification, the codec can
reduce model size while preserving fidelity. A Fourier
feature embedding maps 3D coordinates into a higher-
dimensional representation, enabling small multilayer
perceptrons (MLPs) to represent high-frequency content
effectively [4]–[6]. The method targets dynamic content
by sharing a single VQ color table across a group of
pictures (GOP) and reusing the INTRA network’s train-
able weights for INTER frames, transmitting only small
add-on layers. In spirit, this leverages coordinate-based
scene representations for compression while remaining
compatible with conventional PCC pipelines [1], [2].

The approach connects to three strands of prior work:
(i) standardized PCC [1]–[3], (ii) neural scene repre-
sentations and dynamic variants that motivate feature
reuse [4], [9], [10], and (iii) quantization and discretized
latent modeling for compression [5]–[8]. Compared with
established baselines, the proposed design aims for com-
petitive rate–distortion behavior while exposing simple
control via (K, depth,width) and a concise, streaming-
friendly bitstream.

To enable reproducible assessment, we specify a val-
idation plan using public datasets such as 8i Voxelized
Full Bodies (8i VFB) and Microsoft Voxelized Upper
Bodies (MVUB) with standard criteria (PSNR/SSIM)
and color-aware distances [11]–[13]; we do not report
empirical results in this paper. Networking considera-
tions—including bitrate ladders, adaptation, and error
resilience—are also discussed for practical deployment
scenarios. An example dynamic point cloud is shown in
Fig. 1.

II. BACKGROUND

A. Point Cloud Compression

MPEG standardization has produced two complemen-
tary families of point cloud compression: Video-based
PCC (V-PCC) [1] and Geometry-based PCC (G-PCC)
[2]. V-PCC projects geometry and attributes to one or
more video atlases coded by mature video codecs, which
simplifies leveraging temporal prediction but introduces
patch packing and projection overheads. G-PCC encodes
the 3D structure directly through octrees, transforms, and
context-adaptive entropy coding. For dynamic content,
improved motion modeling, patch tracking, and temporal

Fig. 2. NeRF representation

consistency have been studied to bridge the gap with
learned approaches [3].

B. NeRF and Fourier Features

Neural radiance fields (NeRFs) model scenes via
coordinate-based MLPs that map spatial positions (and
optionally view directions) to color and volume density
[4]. When the input coordinates are embedded with
sinusoidal features—often called Fourier features—small
MLPs can represent high-frequency variation more ef-
fectively [5], [6]. Dynamic NeRF variants suggest that
reusing learned features while adapting lightweight
heads can remain expressive for temporal content [9],
[10], which motivates the INTER-mode strategy adopted
here.

C. Vector Quantization and Discrete Latents

Vector quantization approximates a distribution with
a finite codebook and supports efficient indexing and
entropy coding [8]. Discrete latent modeling in learned
compression, e.g., VQ-VAE [7], illustrates how categori-
cal outputs paired with codebooks can simplify inference
and stabilize training. Casting color prediction as classi-
fication over a K×3 RGB table aligns with both signal-
processing practice and modern learned compression.

III. METHOD

We denote per-point geometry by x ∈ [0, 1]3 (nor-
malized). A shared codebook C ∈ RK×3 stores RGB
centroids; a compact MLP fθ predicts a distribution over
codebook entries.

A. Fourier Feature Embedding

The NeRF representation used in this work is illus-
trated in Fig. 2.

γ(x) =
[
cos(2πBx)⊤ sin(2πBx)⊤

]
∈ R2m, (1)



where B =

b
⊤
1
...

b⊤
m

∈Rm×3 stacks the random frequency

vectors shared by encoder and decoder, and cos(·), sin(·)
act elementwise. Typical m values are modest (e.g.,
m=12), yielding a 2m-dimensional input to the MLP.

B. SoftMax-NeRF Output

Let hθ(x) be the MLP feature. The logits z(x) =
Whθ(x) + b ∈ RK parameterize a categorical distribu-
tion

pθ(k | x) = exp(zk(x))∑K
j=1 exp(zj(x))

. (2)

Given the VQ assignment y(x) ∈ {1, . . . ,K} from K-
means, the training loss is the cross-entropy

L(θ) = −
∑
x

log pθ
(
y(x) | x

)
. (3)

At inference, the reconstructed color is either the MAP
codeword ĉ(x) = Cargmaxk pθ(k|x) or the expectation
ĉ(x) =

∑
k pθ(k | x)Ck (the latter can reduce con-

touring).

C. VQ Codebook Construction

Fig. 3 illustrates how the VQ size affects PSNR for
representative sequences. For each GOP, pool per-frame
colors and apply K-means to obtain C. The encoder
transmits C once per GOP; the decoder uses it for all
frames in that GOP. Codebook size K trades quality for
rate and model size.

Fig. 3. PSNR values computed post VQ of Point Cloud Color
Attributes

D. Bitstream Syntax

The attribute bitstream includes: (i) a GOP header with
codebook size K, quantization precision, and the RGB
table C; (ii) an INTRA segment with quantized weights
θ(I) of the compact MLP and SoftMax layer; and (iii)
INTER segments with metadata indicating the reference
and the small add-on layers ∆θ(t).

E. INTRA and INTER Modes

For the first frame in a GOP (INTRA), as visualized
in Fig. 4, the encoder builds C, trains θ(I) to minimize
L(θ), and transmits C and quantized θ(I).

For subsequent frames (INTER), as visualized in
Fig. 5, the encoder reuses the trained feature extractor
while transmitting only small add-on fully connected
and SoftMax layers ∆θ(t), preserving the learned feature
basis while adapting the classifier to attribute changes.

IV. RATE–DISTORTION–COMPLEXITY (RDC)

Let Rtot be the per-GOP attribute bitrate:

Rtot = RVQ +RINTRA +
∑

t∈INTER

R
(t)
addon +Rside. (4)

RVQ scales with K and color precision; RINTRA depends
on the quantized θ(I); and R

(t)
addon covers the small layers

for frame t. Distortion can be measured in PSNR/SSIM
over RGB, or color-aware Chamfer distance. Complexity
follows the MLP size and Fourier embedding cost;
inference is linear in points and layers.

V. METHODOLOGY AND VALIDATION PLAN

Rather than reporting empirical results, this section
specifies how the method should be validated in a
reproducible way. The protocol targets public dynamic
point cloud datasets (e.g., 8i VFB and MVUB) with
objective criteria such as PSNR (Y, U, V), SSIM, and
color-aware Chamfer distance [11]–[13]. Baselines in-
clude V-PCC and G-PCC attribute tools, using reference
configurations. Ablations vary the codebook size K, the
presence/absence of Fourier features, MLP depth/width,
and whether INTER uses add-on layers versus partial
retraining. Reporting should include bitrate, distortion,
and complexity (encode/decode time and model size),
with the GOP structure, refresh cadence, and hyperpa-
rameters documented for exact reproducibility. The aim
is to characterize rate–distortion–complexity trade-offs
and operational behaviors (e.g., palette refresh) without
relying on proprietary datasets or closed tooling.



Fig. 4. INTRA coding with SoftMax-NeRF network

Fig. 5. Figure 5. INTER coding with SoftMax-NeRF network

A. Networking Implications

The codec supports bitrate ladders via (K, depth)
schedules and per-GOP adaptation. Because C is reused
across frames, streaming can prioritize rapid delivery of
C and INTRA weights, then low-latency INTER add-
on layers. Error resilience can leverage periodic INTRA
refresh and forward error correction on C.

B. Implementation Notes

Quantization-aware training can reduce RINTRA and
Raddon; pruning can shrink hidden layers; and arithmetic

coding can compress quantized parameters. These tech-
niques complement the classification formulation and do
not alter the bitstream design.

C. Limitations

A shared GOP-level codebook assumes moderately
stable color palettes; abrupt lighting or content changes
may require a refresh. Future work includes joint
geometry–attribute learning, adaptive GOP sizing, and
cross-view consistency for multi-camera capture.



VI. CONCLUSION

This work introduced an attribute codec that predicts
discrete color indices from a compact SoftMax-based
NeRF and reconstructs RGB from a shared vector-
quantized codebook. By classifying into a GOP-level
color table and reusing INTRA weights with small
INTER add-on layers, the design concentrates signaling
on a few interpretable knobs (codebook size/precision
and add-on depth) while keeping inference lightweight
and linear in the number of points. The bitstream remains
simple and compatible with existing PCC pipelines,
enabling straightforward integration and bitrate-ladder
construction. Preliminary analyses indicate that the for-
mulation can trade rate, fidelity, and complexity with fine
granularity and without large models or heavy per-frame
retraining.

The approach assumes moderate palette stability
within a GOP and focuses on attribute coding; abrupt
appearance changes and joint geometry–attribute inter-
actions are not yet addressed. Future work will examine
adaptive codebook refresh, tighter integration with geom-
etry tools, and robustness under streaming impairments
and perceptual metrics.
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