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Abstract

The explicit neural radiance field (NeRF) has gained

considerable interest for its efficient training and fast in-

ference capabilities, making it a promising direction such

as virtual reality and gaming. In particular, PlenOctree

(POT) [43], an explicit hierarchical multi-scale octree rep-

resentation, has emerged as a structural and influential

framework. However, POT’s fixed structure for direct op-

timization is sub-optimal as the scene complexity evolves

continuously with updates to cached color and density, ne-

cessitating refining the sampling distribution to capture sig-

nal complexity accordingly. To address this issue, we pro-

pose the dynamic PlenOctree (DOT), which adaptively re-

fines the sample distribution to adjust to changing scene

complexity. Specifically, DOT proposes a concise yet novel

hierarchical feature fusion strategy during the iterative ren-

dering process. Firstly, it identifies the regions of inter-

est through training signals to ensure adaptive and effi-

cient refinement. Next, rather than directly filtering out

valueless nodes, DOT introduces the sampling and prun-

ing operations for octrees to aggregate features, enabling

rapid parameter learning. Compared with POT, our DOT

outperforms it by enhancing visual quality, reducing over

55.15/68.84% parameters, and providing 1.7/1.9 times FPS

for NeRF-synthetic and Tanks & Temples, respectively.

1. Introduction

Rendering photo-realistic scenes and objects is crucial

for providing users with an immersive and interactive expe-

rience in virtual reality [11, 45] and metaverse [19, 29, 50].

Neural radiance field (NeRF) [26] has emerged as a promis-

ing solution for modeling 3D scenes and objects with

only calibrated multi-view images. Many subsequent ap-

proaches [2, 20, 27, 36, 46] have been proposed to further

enhance NeRF’s rendering power in terms of the training

time, inference speed, and quality. PlenOctree (POT) [43]

*L. Wang and Y. Chen are the corresponding authors.
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Figure 1: While the POT framework is effective, its fixed

octree structure can limit its adaptability to varying scene

complexities. We introduce hierarchical feature fusion with

sampling/pruning to overcome this limitation, as illustrated

by the dashed box below. Varying colors on the grid rep-

resent the training signals. Internal nodes are denoted in

orange, while leaf nodes in green. Pruning occurs in re-

gions of weak signal, where cached properties in leaf nodes

are aggregated, and the averaged value is propagated to in-

ternal nodes, which become the new leaves. Complemen-

tary sampling takes place in the red regions. The resulting

sampling distribution exhibits significant improvement, as

highlighted by the red boxes in our final octree results.

stands out among these approaches. It employs an explicit

octree structure with spherical basis functions to accelerate

and enhance the rendering quality. Such method achieves

high-quality rendering at over 150 FPS on an NVIDIA

V100 GPU, opening up new possibilities for real-time and

high-quality rendering, utilizing explicit octrees. Moreover,

POT bridges the implicit and explicit NeRFs. Specifically,

it demonstrates that POT can transform the implicit NeRFs

into the octree representation, further boosting the NeRF

training by five orders of magnitudes with the early stop.

Technically, POT’s main contributions can be classified

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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into two folds: quality enhancement with non-Lambertian

effects and a multi-scale sampling strategy with an oc-

tree. Firstly, POT employs spherical harmonics (SH) to

model the non-Lambertian view-dependent effects and di-

rectly stores them along with the density in POT’s leaves

for fast training and inference. Secondly, POT employs a

multi-scale approach that pre-samples density and SH us-

ing a multi-level tabulated volume. The resulting octree

structure facilitates capturing intricate features with deeper

octree sub-divisions and diversifies the sampling density ac-

cording to the distribution of signal complexity, i.e. the ex-

pressiveness of cached color and density through the scene.

However, after the octree construction, POT keeps the

division fixed for optimization. We argue such a process is

sub-optimal, as the signal complexity can vary during train-

ing. Therefore, its initial sample distribution may not pro-

vide a sufficient sampling rate, leading to aliasing or over-

sampling issues. Our proposed dynamic design addresses

emerging questions on how to calibrate the spatial distri-

bution and aggregate learned features during its construc-

tion. In addition, there has been growing interest in re-

cent research for striking a balance between compactness

and expressiveness in NeRF representation, with sampling

methods falling into two main categories. The first cate-

gory, known as importance sampling [6, 26], involves pre-

dicting the locations of samples and allocating more re-

sources to complex regions. Although sampling on regions

of interest can effectively capture signal complexity, pre-

dicting the locations can be computationally expensive, es-

pecially when dealing with millions of rays. The second

category [21, 44, 7], such as POT, relies on stratified dense

sampling, followed by rejecting samples below a certain

threshold. While filtering saves computational resources by

discarding valueless samples, the heuristic rejection process

may accidentally drop valuable samples, potentially low-

ering performance. Moreover, this process can break the

global view consistency as the volume rendering strives to

build a consistent 3D representation across all views.

In this paper, we propose a concise yet novel hierarchical

feature fusion approach that combines the benefits of im-

portance sampling and rejection methods. Specifically, we

exploit the evolving signal complexity during training by

utilizing the ray weight or density values as training signals

through importance sampling, which incurs no additional

cost. With these guided signals, we employ a rejection

method to prune valueless regions and selectively sample

the most promising regions to capture fine details, striking

a balance between accuracy and efficiency. We temporarily

fix the octree and optimize the cached properties to adapt

to recent modification. The entire process is iterative, al-

lowing us to progressively calibrate the octree structure to

increase its compactness and capture more details as train-

ing progresses.

Notably, we do not directly drop out voxels but instead,

fuse learned features while modifying the octree division.

As depicted in Fig. 1, our novel hierarchical feature fusion

approach facilitates adaptive refinement and enables rapid

parameter learning through octree sampling and pruning

operations. We demonstrate its effectiveness by showing

that it can save around 60% parameters while enhancing

rendering quality across different scenes.

Our extensive experiments demonstrate the benefits of

DOT over POT. Our method enriches rendering views, re-

duces the number of required parameters by around 60%,

and nearly doubles the rendering speed. Furthermore, we

offer more control over sampling and pruning strength,

which enhances flexibility when working with scenes of

varying complexity. Specifically, DOT achieves excellent

performance, allowing for rendering an 800x800 image at

452 FPS on an RTX 3090 GPU, achieving 1.8 times the

FPS of the POT model.

In summary, this paper makes three major contributions:

• We improve the fixed octree design in POT, allowing

for iterative refinement of the octree structure based

on training signals iteratively without introducing ad-

ditional cost.

• We introduce the hierarchical feature fusion strategy to

support the adaptive refinement of the octree division,

enabling rapid parameter learning by aggregating fea-

tures via octree sampling/pruning operations.

• Experiments on two benchmark datasets show that

DOT can dramatically slim POT and accelerate the

rendering speed while improving rendering quality.

2. Related Work

Neural Radiance Fields (NeRF). NeRF [26] uses volume

rendering to train coordinate-based MLPs that can directly

predict color and opacity based on 3D position and 2D

viewing direction. The resulting synthesized views have

photo-realistic quality, and the differential volume render-

ing technique has been widely adopted in various applica-

tions, including scene and object relighting [33, 49], un-

bounded scenes [47, 3], dynamic scenes from videos [10,

30, 38, 35], editable scenes, avatars [23, 41], and object sur-

face reconstruction [1, 37]. Recent advances in NeRF fo-

cus on improving training speed [20, 27, 21] and rendering

quality [2, 36, 47]. In particular, POT aims to provide a real-

time high-fidelity rendering experience, as taking minutes

to render a novel view is unsuitable for real-time rendering

or 3D interaction. Existing frameworks for boosting render-

ing speed can be divided into three groups. The first group

focuses on designing sampling-friendly models for fast ren-

dering [31, 12, 32, 28, 20, 6]. Secondly, [14, 15, 21, 32] pro-

vide instant rendering by baking or caching weights into ex-
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Figure 2: Overview of DOT pipeline. The exact grid partitions are green leaf nodes, while the orange internal nodes are

the parent nodes of leaves, only used for octree organization instead of physical space allocation. Guided by the training

signal S, DOT prunes valueless regions and aggregates their features into the internal nodes “1”. It also samples complex

areas, such as the leaf nodes “2”, by propagating its learned properties into the newly allocated leaf nodes in the next level.

plicit spatial data structures from well-trained NeRF mod-

els. The other group of methods [8, 42] represents NeRF

using GPU-friendly meshes, boosting the speed by the stan-

dard polygon rasterization pipelines and rendering pipelines

across different devices.

Sampling Refinement. Dense sampling is usually neces-

sary for pre-sampling the locations along rays to avoid un-

necessary computation on sparse regions. Implicit NeRF

[26] uses stratified sampling followed by a second network

to sample important regions based on previous prediction,

while AdaNeRF [6] proposes the dual sampling network

to disentangle samples based on sparsity. However, these

methods increase inference and training complexity and

bring massive costs regarding the millions of rays to ren-

der. Recent works optimize this sampling procedure by fil-

tering unnecessary samples with threshold values to avoid

additional queries. NSVF [21] rejects points from strati-

fied sampling to accelerate rendering, while [44, 7] filter

unnecessary samples based on their rendering contribution

after dense sampling. However, the rejection method may

accidentally drop valuable samples, potentially lowing per-

formance and breaking the global view consistency as the

volume rendering strives to build a consistent 3D represen-

tation across all views. Another approach[27, 4, 9] repre-

sented by Instant-NGP[27], uses multi-resolution grids that

leverage meaningful learning. This method samples the lo-

cations that cause significant changes based on the magni-

tude of gradients in a fixed grid space. However, meaning-

ful learning is not applicable in dynamic scenarios, as the

gradients disappear when division is eliminated.

Explicit Spatial Structure in NeRF. Storing learnable fea-

tures in grid structures is a promising alternative to MLPs

for fast rendering because cached values can be accessed di-

rectly. Recent research has explored various explicit repre-

sentations for NeRF, including dense grids [18, 34], sparse

3D voxel grids [21, 7, 43], multiple compact low-rank

tensor components [5], 3D point clouds [40], and multi-

resolution hash maps [27]. The octree structure has received

increasing attention in NeRF due to its multi-scale space di-

vision, which allocates more samples to complex regions

while quickly skipping sparse regions. ACORN[25] intro-

duced a hybrid implicit-explicit network using octree de-

composition and an adaptive resource allocation strategy

based on signal complexity. DOT builds on the adaptive

sampling idea that uses the training signals to guide the cal-

ibration, but we focus more on fusing features in the octree

while modifying its structure. This is necessary as features

in explicit representations are unable to adapt to the changes

as effectively as implicit representations.

3. Method

Overview: DOT introduces a hierarchical feature fusion

method designed for octrees. The method comprises three

main components: signal-based region identification (see

Sec. 3.1), octree feature fusion (see Sec. 3.2), and param-

eter stabilization (see Sec. 3.3). The DOT pipeline, as

shown in Fig. 2, involves an iterative and adaptive modi-

fication process based on evolving training signals. Firstly,

the method identifies the regions of interest by tracking the

instant training signals during the rendering process. Next,

guided by the signal, DOT adaptively modifies those re-

gions by pruning and sampling operations, aggregating the

features across the octree division. Finally, after stabilizing

the learned parameters, DOT iteratively calibrates the octree

to capture more details and compact the representation.

Preliminaries: The volume rendering process of POT

is fully differentiable, allowing for direct optimization of

cached properties such as spherical harmonics (SH) and

opacity within the octree structure. Moreover, POT deter-
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mines the ray-voxel intersections for each ray in the oc-

tree structure, producing a sequence of unevenly distributed

sampling segments {δi}
Nr

i=1
that adaptively fit the initial sig-

nal complexity by skipping sparse voxels in one step while

not missing the small ones. The rendering process, based on

the classic work by Kajiya et al. [17], infers the color of a

ray Ĉ(r) by integrating Nr samples along the ray. Specifi-

cally, the pixel’s predicted color Ĉ(r) is approximated by

accumulating the colors of the samples weighted by Qi:

Ĉ(r) =

N ′

∑

i=1

TiQici, (1)

Qi = 1− exp(−σiδi), (2)

where the light transmitted through a batch of rays r to sam-

ple i is represented by Ti = exp(−
∑i−1

j=0
σjδj); σi denotes

the opacity of the sample. Qi denotes the light contribu-

tion of sample i, and ci is the color vector in the form of

SH. Ĉ(r) is optimized to approximate the ground truth color

C(r) by minimizing MSE loss
∑

r∈R
∥C(r)− Ĉ(r)∥2

2
over

the set of rays R in the training images.

3.1. Signalbased Region Identification

The accuracy of the predicted color vector Ĉ(r) in

Eq. (1) depends on the quality of {δi}
Nr

i=1
, i.e. the sam-

pling density to reconstruct C(r) to catch up the changes

in scene complexity. Recent studies [39, 7, 15] have high-

lighted the significance of the signal response such as σ and

Q in Eq. (2) for regularization when constructing NeRF rep-

resentations. In the case of POT, the octrees are converted

from well-trained implicit NeRFs. Thus resampled values

can be taken with high confidence. This allows DOT to

leverage these properties directly to guide the latter modifi-

cations. In practice, we utilize importance sampling, which

prioritizes selecting samples from areas with a high signal

response. Additionally, DOT compacts the structure by ag-

gregating features from regions with weak signal values.

Specifically, denote the total number of voxel samples as

N =
∑

r
Nr with each ray interacts with Nr divisions. The

ray weights Q = {
∑

r
Qi,r}

N

i=1
reflects the overall render-

ing contribution, and the density σ = {σi}
N
i=1

. Our prune-

only experiment shown in Fig. 3 compares their effective-

ness. It demonstrates that choosing Q as the target training

signal eliminates more invisible voxels than σ, which is cru-

cial for fast ray inference. For instance, the arm of the lego

model turns out to be more compact with Q. Further quan-

titative analysis in Tab. 3 proves that the Q approach is 20%
faster than σ despite sharing similar memory and fidelity.

3.2. Octree Feature Fusion

After identifying the region to modify based on the train-

ing signals, the next step is to determine how to aggre-

𝑸𝝈

Original

Figure 3: Comparison on training signals. We high-

light the difference in different choices of training signals,

including the opacity σ or the ray-weight Q in the boxed re-

gions, where pruning by Q eliminates more invisible voxels

than σ. We keep the similar PSNR(±0.05) (Tab. 3) for a fair

comparison. Please zoom in to see more details.

gate the cached features during the modification process.

A common approach is to discard the voxels with signal

values below a fixed threshold. However, simply discard-

ing voxels based on a fixed threshold can lead to the loss

of valuable learned features and view consistency in vol-

ume rendering, as the volume rendering(Eq. (1)) strives to

build a consistent 3D representation across all views. Re-

cent works on explicit NeRFs[7, 21, 44] have shown the

benefits of learning properties in a course-to-fine manner,

incrementally adding details based on previous estimates.

These methods typically begin with dense stratified sam-

pling to learn the feature distribution and context. However,

during the transition, learned features are removed, result-

ing in fewer parameters at the expense of losing globally

consistent features.

Our proposed solution for this issue is to use feature fu-

sion to calibrate the octree structure. We base this approach

on the neighboring assumption that features can be propa-

gated across different levels of the octree structure,

(c′i, σ
′

i) =
1

M

∑

j

(cj , σj), (3)

where M = 8 is the degree of the octree. Eq. (3) forms

the basis of the octree pruning operation. As illustrated in

Fig. 2, the internal nodes {(ci
′, σ′

i)}i collect their leaves’

features to represent the larger physical division. Conse-

quently, this approach retains features and their global con-

sistency learned from the volume rendering. Besides, the
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Figure 4: The training progress with only pruning op-

eration. Denote the relative memory as the model size

DOT/PlenOctree. We train the prune-only model for ten

epochs using the signal Q on the NeRF-synthetic dataset.

Surprisingly, DOT’s single pruning operation improves the

quality in ficus while slimming over 80% of memory.

complementary sampling operation can be denoted as,

(c′j , σ
′

j) = (ci, σi), (4)

which increases the sampling density in the selected parti-

tions
{

(c′j , σ
′

j)
}

j
and turns {(ci, σi)}i into internal nodes.

The effectiveness of our proposed approach is demonstrated

in the prune-only experiment(see Fig. 4), where the prun-

ing operation significantly reduces the number of parame-

ters without compromising the quality. This result under-

scores the importance of adapting the sample distribution in

response to changes in signal complexity within the scene.

In other words, a fixed sample distribution can result in sub-

optimal quality and high memory costs.

In addition, we introduce two hyperparameters τ and γ
to adjust the strength of pruning and sampling, thereby in-

creasing the flexibility of the signal guidance across differ-

ent scenes. The selected samples are defined based on sig-

nal response with thresholds as {i|Qi ≤ τ} and {i|Qi > γ}
for a trade-off between memory and performance. We ob-

serve that the proposed method provides better control over

the level of detail. Specifically, Fig. 6(c) tells the ship model

pruned with τ = 10 takes surprisingly 3% of memory re-

quired by POT while still preserving the necessary details.

To achieve more intensive pruning for sparse scenes, we in-

troduce a recursive pruning option that enables marching

into the upper part of the octree hierarchy. As shown in

Fig. 6(a), the recursive pruning approach is more memory-

efficient than the regular one-time pruning while causing

a negligible degradation in rendering quality. Specifically,

the recursive pruning approach merges nodes whose signal

response values are below or equal to the threshold τ in a re-

cursive manner, allowing for more excellent compression of

the octree structure. The algorithmic details of the pipeline

are presented in suppl. materials.

GPU Memory↓ PSNR↑ SSIM↑ LPIPS↓ FPS↑
Neural Volumes[24] Tesla V100 - 23.70 0.834 0.260 1.0

NSVF[22] Tesla V100 - 31.75 0.953 0.047 0.8

AutoInt(8)[20] Tesla V100 - 25.55 0.911 0.170 0.4

Plenoxels[7] - - 31.71 0.958 0.049 ∼ 15.0
FastNeRF[12] RTX 3090 - 29.97 0.941 0.053 238.1

SNeRG[14] RTX2080Ti 2.71 30.38 0.950 0.050 207.26

MobileNeRF [8] RTX2080Ti 0.54 30.90 0.947 0.062 744.91

PlenOctree [43] RTX3090 1.93 31.71 0.958 0.053 250.1

Ours RTX3090 0.87 32.11 0.959 0.053 452.1

Ours(R) RTX3090 0.80 32.03 0.958 0.054 474.2

Table 1: Quantitative results on the NeRF-synthetic. The

memory is measured by GB. The memory is measured by

GB. The best and the second-best results are highlighted.

(R) denotes the recursive pruning.

GPU Memory↓ PSNR↑ SSIM↑ LPIPS↓ FPS↑
Neural Volumes[24] Tesla V100 - 23.70 0.834 0.260 1.0

NSVF[22] Tesla V100 - 28.40 0.900 0.153 0.2

PlenOctree [43] RTX3090 3.53 28.00 0.917 0.131 74.0

Ours RTX3090 1.10 28.28 0.922 0.121 186.2

Ours(R) RTX3090 0.92 28.25 0.922 0.122 216.1

Table 2: Quantitative results on the Tanks & Temples.

Methods Memory(GB)↓ PSNR↑ SSIM↑ LPIPS↓ FPS↑
Sm,Pr 0.815 32.113 0.959 0.053 531.144

Prσ 0.611 31.753 0.9578 0.054 419.686

PrQ 0.600 31.748 0.9575 0.055 569.288

Table 3: Ablations on NeRF-synthetic. We experiment on

NVIDIA A100 to evaluate the effectiveness of joint sam-

pling and pruning(with Q) (referred to as Sm,Pr) and in-

dividual pruning operations targeting different training sig-

nals. Specifically, we used Prσ to denote pruning based on

σ and PrQ on Q.

3.3. Parameter Stabilization

We regularly fix the octree structure for T epochs to al-

low the model to stabilize the cached properties. Since the

structure is revised by pruning and sampling operations, it

takes time for the cached values to adapt to the calibrated

octree division and update the scene complexity accord-

ingly. To optimize the high-dimensional voxel coefficients,

we adopt RMSProp[16] as the optimization algorithm, as

the non-convexity of the rendering formula Eq. (1) makes

direct optimization challenging. The steady increase in

PSNR illustrated in Fig. 6(a) proves the effectiveness.

4. Experiments

4.1. Experiment Setup

Dataset: We used two datasets in our experiments. The

first is the NeRF-synthetic dataset, which consists of eight

scenes with single objects, including hotdog, materials, fi-

cus, lego, mic, drums, chair, and ship. The views are at a

resolution of 800×800, with 100 views for training and 200
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Figure 5: Tanks & Temples qualitative results. Interestingly, our methods surpass POT in quality with over half parameter

size shrinkage, adding more details on the high-frequency regions. Please zoom in to see more details.

for testing per scene. The second dataset is a subset of Tanks

& Temples from NSVF [21]. It contains five scenes of real

objects captured by an inward-facing camera that circles the

scene, and we used foreground masks provided by NSVF.

Each scene contains 152-384 images with a resolution of

1920× 1080.

Baselines: DOT is built based on the same pretrained

NeRF-SH models as POT, where all trained representations

store density and SH coefficients converted from NeRF-SH.

The grid size is set to 5123, and the pre-trained models use

16 and 4 SH components for the synthetic and Tanks &
Temples datasets, respectively.

Implementation details: We use stochastic image sam-

ples to evaluate MSE loss. Specifically, the training pipeline

takes 100 epochs, with an interval of T = 20. The learning

rate is fixed in the main experiments, which is set to 0.1 and

0.01 for σ and c. Furthermore, We apply τ = 1, 10 for the

synthetic and the Tanks & Temples datasets, respectively,

and γ is set to 0.01 for both.

Compression: To compare the effectiveness of com-

pressed octrees, we use the same median-cut algorithm[13]

to quantize the SH coefficients. Our compressed DOT mod-

els also support in-browser rendering using WebGL. We di-

rectly squeeze the SH-16 POT models for a fair comparison.

4.2. Main Results

We conduct a comprehensive evaluation of DOT com-

pared with POT on both synthetic and real datasets, pre-

sented in Tab. 1 and Tab. 2 for the NeRF-synthetic and

Tanks & Temples datasets, respectively. Our method

achieves significant parameter savings compared to the

original POT models, particularly with over 70% memory

savings on Tanks & Temples. Moreover, despite having

fewer parameters, our method outperforms it in all metrics,

including PSNR, SSIM, and LPIPS [48]. The superior per-

formance of DOT can be attributed to its ability to refine

the sample distribution to the varied signal complexity dy-

namically. As demonstrated by Fig. 5, DOT provides more

details in complex regions, such as sharper reflections on

windows and more evident edges on fences. Additionally,

Fig. 7 shows the more compact structure of DOT, resulting

in fewer ray intersections, explaining our significant ren-

dering speed boost. Specifically, in the materials scene, the

sparse space collapses into a dense box that tightly fits the

metal balls while enhancing the density on their surface.

Furthermore, we compare DOT with other state-of-the-

art methods, including Neural Volumes[24], NSVF[21],

Plenoxels[7], AutoInt[20], FastNeRF[9], SNeRG[14], and

MobileNeRF[8]. DOT achieves state-of-the-art rendering

quality and stands out regarding memory usage and render-

ing speed. Compared to MobileNeRF with polygon rasteri-

zation, DOT provides more visually appealing rendering re-

sults. Furthermore, the gradient-based mesh representations

in MobileNeRF may be better suited to certain applications,

with the potential crash for inaccurate surfaces or illumina-

tion effects. Therefore, it is a trade-off to select between

DOT and MobileNeRF for different purposes.

4.3. Ablation Study

In this section, we conduct ablation studies to investigate

the design choices of our proposed DOT in detail.

Progressive calibration. We argue that naive rejection by

heuristic threshold without further feature fusion leads to

suboptimal quality and excessive memory usage. We verify

it through the study presented in Fig. 4, which compares the

rejection-based POT and feature-fusion-based DOT. The

study shows that when only pruning is applied, the PSNR

of DOT remains competitive or even outperforms POT af-

ter over 60% reduction in memory. Moreover, it also sug-

gests that memory reduction is more intensive in the first
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Figure 6: The ablation studies Denote the relative memory as the percentage of DOT’s memory cost compared to POT,

i.e. DOT/POT. (a) The comparison between the recursive pruning and the one-time pruning(normal) with the average PSNR

and the relative memory usage in NeRF-Synthetic test scenes. We train both models using the same sampling algorithm with

different pruning options on the NeRF-Synthetic for 100 epochs. (b) Using a similar experiment setting as (a), we evaluate

the effect of pruning strength τ . Specifically, we alter the pruning strength by varying the threshold τ = 1 and τ = 10 to test

its effect. (c) The qualitative comparison for (b) on the ship scene in the synthetic dataset. Please zoom in to see more details.

few epochs and gradually stabilizes. This could imply that

DOT’s sample distribution approaches the optimal sampling

rate with progressive calibration. We also discover that, the

scene like ficus can reduce more than 80% parameters while

improving rendering quality. Thus, it is not ideal to reject

samples heuristically, and DOT makes a difference.

Pruning target. We demonstrated in Fig. 3 that adopting Q

as the signal target instead of σ yields better results. Here,

we provide a quantitative analysis of the outcome. We per-

formed prune-only on both targets for ten epochs, and the

training progress for the target Q is shown in Fig. 4. Table

3 shows that despite similar memory reduction and quality

improvement between σ and Q, our results show that the Q

approach has a considerable FPS gain of around 20% while

maintaining similar quality compared to its counterpart.

Pruning strength. We discuss the option for using recur-

sive pruning to eliminate the unnecessary nodes more thor-

oughly. As depicted in Fig. 6(a), recursive pruning brings

approximately 5-8% more memory reduction but leads to a

degradation of about 0.1 PSNR. Therefore, the recursive op-

tion is more beneficial for large scenes with many sparse re-

gions, such as ficus or materials, as shown in Fig. 7. On the

other hand, we introduce τ to adjust the strength of pruning

to enhance DOT’s adaptiveness. To evaluate its effect, we

set τ to 1 and 10 and test both memory reduction and PSNR

on the NeRF-synthetic dataset. We observe that τ = 10
maintains the major context with only about 3% of POT’s

parameters, indicating its flexibility to fit different demand

levels. However, as shown in Fig. 6(b), higher τ values

may set a bottleneck for potential quality enrichment, es-

pecially for complex scenes e.g., materials and ficus. For

instance, we observe that memory frequently jitters, which

may indicate that the key voxels in rendering are dropped,

and further sampling operations may struggle to recover the

original quality. Therefore, choosing a proper τ is necessary

to balance the trade-off between quality and model size.

Necessity of sampling. We propose a complementary sam-

pling operation to enhance high-frequency details and rem-

edy accidental errors introduced from pruning within the

high signal response regions. To demonstrate the necessity

of this operation, we conduct an experiment comparing the

prune-only models and full models, as presented in Table 3.

The results demonstrate that sampling improves the PSNR

by 0.15dB at the cost of approximately 10% memory that is

to be reduced, which is a considerable boost regarding the

cost. While pruning alone can improve rendering fidelity

by removing both valueless and incorrect samples that do

not fit the training signals, its drawback is its inability to

increase the sampling rate to keep up with the signal com-

plexity. For instance, material scene on the NeRF-synthetic

is a challenging case to render due to its highly varied sur-

face reflection, which requires a dense sampling distribution

around the metal balls’ surface. However, as shown in Fig-

ure Fig. 6(b), the joint operation preserves the original qual-

ity of the scene as the training progresses, while the prune-

only experiment in Fig. 4 shows a decreased PSNR after

8791



Objects PlenOctree Ours Objects PlenOctree Ours
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Figure 7: NeRF-synthetic qualitative results. We find that our methods produce more compact Octree structures.

tt/syn Full Models Compressed Models

Method PlenOctree Ours Ours(R) PlenOctree Ours Ours(R)

Memory(GB) 2.62/1.94 0.82/1.1 0.79/0.92 0.65/0.39 0.26/0.20 0.23/0.19

FPS (A100) 91/326 177/487 202/518 113/329 183/531 208/565

FPS (RTX3090) 74/250 186/452 216/474 109/289 270/467 239/492

FPS (MX150) %/% %/11 %/12 %/% 3/12 3/13

Table 4: The cross-device test on memory, and FPS on NeRF-Synthetic(syn) and Tanks & Temples scenes(tt). Denote

the abbreviations for NVIDIA devices including A100 PCIE 40GB as A100, GeForce RTX 3090 24GB as RTX3090, and

GeForce MX150 2GB as MX150. %denotes not available due to overflow, and each item is the performance on tt/syn.

pruning. It tells that the high-frequency features of surface

reflections (the parameter stabilization box) in Fig. 2 may

not be recovered properly without sampling. Therefore, we

assert that sampling is essential for error correction and a

further improvement in rendering quality.

4.4. Discussion

In this section, we delve deeper into the aspects of DOT’s

rendering speed and training time.

Doubled rendering speed. As illustrated in Fig. 7, POT

comprises a substantial number of voxel regions distributed

in empty spaces and unnecessary divisions, leading to in-

creased computation and memory consumption. In contrast,

DOT exhibits more compact spatial divisions than POT, al-

lowing the rays to bypass sparse and redundant areas.

Negligible training time. DOT solely calibrates octrees

extracted from the implicit NeRFs, resulting in a fast train-

ing process. The signal-based search algorithm scales lin-

early with the octree size. Therefore, as demonstrated in

Fig. 6, it initially reduces more than 50% of parameters,

leading to enhanced efficiency due to the smaller size.

4.5. Crossdevice Analysis

DOT is adaptable to scenarios with varied computational

resources. We evaluate our method on the devices under

distinct conditions, including A100-PCIE-40 GB, GeForce-

RTX-3090-24GB, and GeForce-MX150-2GB. Specifically,

MX150 was announced in mid-2017, tailored for mobile de-

vices such as thin and light laptops. As is shown in Tab. 4,

we compare the run-time memory cost and the inference

time for three devices with both full and compressed mod-

els. Our models successfully accelerate the original models

about 1.5 times FPS in the NeRF-Synthetic. For Tanks &
Temples, it raises the rendering speed about 2-3 times. No-

tably, our full models perform at 11 FPS on MX150(only

2GB memory), while PlenOctree fails to launch. After com-

pression, the memory reduction remains effective, bringing

our models’ access to more challenging datasets like the

Tanks & Temples. It proves DOT’s ability to be applied

more wildly in web rendering, especially for situations with

limited resources. We welcome all readers to refer to the

recorded videos, including the real device tests and the vi-
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sual quality comparisons in our suppl. materials.

5. Conclusion and Future Work

We propose DOT, a dynamic structure to address the lim-

itation of the fixed octree design in POT and allow for adap-

tive adjustment of the octree division for a more memory-

efficient representation with higher quality. Compared with

the original POT model, our method successfully shrinks

over half of the model size, raises the rendering speed about

one time, and even enhances the quality. DOT is buttressed

by the hierarchical feature fusion strategy during the itera-

tive rendering process, which maintains the globally consis-

tent features instead of dropping them out. Moreover, our

model can be applied to more scenarios with limited com-

putational resources with flexible control over the strength

of pruning/sampling operations. However, our proposed

method cannot reduce the excessive training time for its pre-

cursor NeRF-SH, which is required for both POT and DOT,

from which they resample and cache the learned properties

into the octree leaves for fast inference and optimization.

In the future, we plan to explore extensions of our method,

enabling the model training from scratch by methods such

as reinforcement learning to automatically allocate samples

with signal guidance to construct the 3D objects.
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