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Abstract

Neural radiance fields (NeRF) have revolutionized photorealistic rendering of novel
views for 3D scenes. Despite their growing popularity and efficiency as 3D resources,
NeRFs face scalability challenges due to the need for separate models per scene and the
cumulative increase in training time for multiple scenes. The potential for incrementally
encoding multiple 3D scenes into a single NeRF model remains largely unexplored.
To address this, we introduce Continual-Neural Graphics Primitives (C-NGP), a novel
continual learning framework that integrates multiple scenes incrementally into a single
neural radiance field. Using a generative replay approach, C-NGP adapts to new scenes
without requiring access to old data. We demonstrate that C-NGP can accommodate
multiple scenes without increasing the parameter count, producing high-quality novel-
view renderings on synthetic and real datasets. Notably, C-NGP models all 8 scenes from
the Real-LLFF dataset together, with only a 2.2% drop in PSNR compared to vanilla
NeRF, which models each scene independently. Further, C-NGP allows multiple style
edits in the same network. The code implementation and dynamic visualizations can be
accessed from here https://prajwalsingh.github.io/C-NGP/.

1 Introduction

Neural Radiance Fields (NeRF) synthesize photorealistic novel views by modeling 3D scenes
using Multi-Layer Perceptrons (MLPs) and differentiable volumetric rendering. While
powerful, NeRF and its variants typically require per-scene optimization, leading to high
training and storage costs. Recent methods address speed [15, 34, 50], inference efficiency
[11, 48], compression [7, 14, 17, 43, 46], scene editing [2, 52], and generalization to unseen
scenes [8, 19, 51, 56, 58, 62]. However, learning multiple distinct scenes within a single
NeRF model remains underexplored, with SCARF [53] being a recent attempt.

Training separate NeRFs for each scene is impractical for large-scale 3D collections
due to resource demands. We propose a continual learning approach that incrementally
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Figure 1: (Left) The proposed continual neural graphics pr1m1t1ves (C-NGP) framework
to model multiple scenes. Every new scene is assigned a unique pseudo-label and trained
sequentially while preserving the previously learned information via generative replay. Any
specific scene can be rendered by conditioning C-NGP over the associated pseudo-label.
(Right) Our modification to the Instant-NGP architecture [34] enables multi-scene modeling
using pseudo labels.

encodes multiple scenes within a single NeRF while maintaining a fixed parameter count.
Our framework learns new scenes sequentially without forgetting previous ones and without
having to store past training data. Effective multi-scene modeling requires: (a) photorealistic
rendering of all scenes, (b) integration of new scenes without access to old data, (c) prevention
of catastrophic forgetting, and (d) constant model size. Moreover, continual learning in NeRFs
is uniquely difficult. Unlike image classification, where an image seldom has different labels,
NeRF requires scene-specific mappings since the same position and view direction across
different scenes produce different outputs.

We introduce C-NGP - Continual Neural Graphics Primitives that leverage fast training
and efficient learning of Instant-NGP [34] by integrating scene conditioning into its hashing
mechanism using pseudo-labels to accommodate multiple scenes into NGP’s parameter
space. This simple yet effective conditioning enables multi-scene optimization, allowing the
model to learn new scenes while preserving high-fidelity rendering of previously encountered
scenes. C-NGP uses generative-replay to accommodate new scenes without requiring access
to training data from previously learned scenes. Thus, C-NGP is practical for real-world use,
allowing multiple 3D scenes to be stored and shared in a single network checkpoint, where
the new scenes can be added incrementally without creating separate models. Interestingly,
even vanilla NeRF can be adapted to the proposed setting, but with far higher computational
overhead (12 days of training time vs. 8 hours for C-NGP) and lower performance.

Our main contributions are: 1) C-NGBP, the first fixed-size NeRF to continually encode
multiple scenes, achieving only a 2.2% PSNR drop on Real-LLFF [32] compared to scene-
specific vanilla NeRF; 2) training without access to previous data via generative replay;
3) an efficient scene-conditioning mechanism in Instant-NGP’s hash grid; 4) support for
multi-view consistent style editing across scenes; 5) competitive performance over continual
learning baselines [5, 12, 37] and concurrent methods [53] in quality, training efficiency, and
adaptability to new scenes.

2 Related Work

Single-Scene Neural Radiance Fields. NeRF encodes scene geometry and appearance but
requires long per-scene optimization. Alternatives like Plenoxels [15] and Instant-NGP [34]
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improve efficiency using spherical harmonics and multi-resolution hash encoding. Other
extensions enable faster inference [11, 48], scene editing [2, 52], or rendering from sparse
images [26, 49, 57]. Another line of work aims to generalize NeRF to unseen scenes without
per-scene training [6, 19, 51, 56, 58, 62]. These methods use convolutional feature extractors,
3D cost volumes, or attention modules [3, 36] to learn scene priors, enabling inference on
new scenes. However, they often require fine-tuning for optimal quality and are not designed
for incremental learning, suffering from catastrophic forgetting when adapting to multiple
scenes in a shared parameter space. Unlike these approaches, our method focuses on continual
learning to incrementally encode distinct scenes without forgetting, targeting compact 3D asset
storage rather than generalization. Recently, 3D Gaussian Splatting (3DGS) methods [10, 21]
have achieved real-time rendering for single scenes but do not support incremental multi-scene
learning. However, these approaches continue to focus on single-scene optimization.

Continual Learning in NeRF. Continual learning enables models to learn new tasks
sequentially without forgetting prior knowledge [41]. Techniques include parameter isolation
[30], regularization [23, 28], and replay [40, 42]. In NeRF, applying continual learning is
challenging due to scene-specific representations, as the same 3D point and view direction
yield different densities and colors across scenes. Most existing methods focus on single-scene
scenarios, addressing appearance or geometry changes over time [5, 12, 37, 59]. For example,
MEIL-NeRF [12] and CLNeRF [5] reconstruct scenes from partial scans but are limited to
single-scene forgetting. SLAM-based methods [9, 13, 44] assume past data availability for
keyframe optimization, unsuitable for multi-scene settings without stored data.

Multi-Scene Continual Learning in NeRF. Encoding multiple distinct scenes in a single
NeRF model is largely unexplored. A concurrent work, SCARF [53], uses a hyper-network to
generate scene-specific weights, but this increases the parameter count with each new scene.
In contrast, our C-NGP method leverages generative replay [42] to learn new scenes without
storing past data, maintaining a fixed parameter count. By integrating scene conditioning
into Instant-NGP’s [34] hashing mechanism, C-NGP achieves high-fidelity rendering and fast
convergence, outperforming continual learning baselines [5, 12] and competitive performance
with SCARF [53] in multi-scene scenarios.

3 Method

We present C-NGP, a framework to incrementally model multiple scenes with the same set
of parameters that is traditionally used for modeling a single scene in an NGP network. We
begin with a brief overview of learning neural radiance fields and the multi-resolution hash
encoding (MHE) technique. Next, we explore the conditional capabilities of Instant-NGP
and describe how generative replay [42] can be integrated into conditional Instant-NGP. This
extension enables incremental learning of new scenes while preserving information from
previously encountered scenes.

3.1 Background

Neural Radiance Fields. Mildenhall ef al. [33] introduced NeRF, a method for synthesizing
novel views from a set of input images using a multi-layer perceptron (MLP) that maps a
5D input—3D spatial coordinates (x,y,z) and viewing direction (6, ¢)—to the density c
and color ¢ of a point. Points are sampled along camera rays r(¢) = o+ td, where o is the
camera origin, d is the ray direction, and ¢ is the sampled depth. Rendering is performed
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via volumetric integration [31], computing the color of a ray as C‘(r) = vazl wic;, where the
weights w; = T;a; depend on transmittance 7; and opacity o; = (1 — e"’i‘si), with §; being
the distance between adjacent samples. The model is trained by minimizing the squared
error between predicted and ground-truth pixel colors: £ =Y,.cx ||C(r) — C(r)|[3, where R
denotes the set of rays. Inputs to the MLP are encoded using sinusoidal positional encodings
to better capture high-frequency scene details.

Multi-Resolution Hash Encoding. Miiller et al. [34] introduced the concept of multi-
resolution hash encoding (MHE) to enhance both the reconstruction accuracy and training
efficiency of neural radiance fields (NeRFs) while maintaining minimal computational over-
head. Unlike the traditional positional encoding used in NeRF, MHE employs a trainable
multi-level 3D grid structure. The position of a sampled point is encoded by interpolating the
features (R") located at the vertices of the grid cell containing the point. These interpolated
features are then fed into an MLP network, predicting both the density () and the point’s
color (¢).

The grid is organized into L levels, each containing a hash table of size T' x F, where T
represents the number of features and F' is the dimensionality of each feature. To efficiently
map the grid coordinates, a spatial hash function /(x), based on the approach of [47], is

utilized: 4
h(x) = (@xﬁu) mod T (D

i=1

Here, @ denotes the bitwise XOR operation, and 7; are distinct large prime numbers.

3.2 Continual Neural Graphics Primitive (C-NGP)

This section introduces the C-NGP framework that incorporates scene-conditioning and
continual learning in the Instant-NGP network [34].

Conditioning: To condition Instant-NGP, we use pseudo integer labels C € {1, 2, 3, ...}
to differentiate scenes. Figure 1 illustrates the information flow. To get the Neural Hash
Encoding (NHE) of coordinates, we combine the scene coordinates (x, y, z) with the pseudo
label (C). Additionally, the pseudo labels undergo sinusoidal positional encoding (PE) [45],
denoted as ¥ € R?%, where « = 2 represents the number of frequency components used. The
neural hash encoding (NHE) and encoded pseudo labels () are concatenated and passed
through a single-layer MLP to obtain density (o) and scene features. The predicted scene
feature is then used to compute the color for each input coordinate (x, y, z). Specifically,
the scene feature is concatenated with the encoded viewing direction (SHE) and encoded
pseudo label (y), forming the input to a two-layer MLP that predicts the final color values.
The viewing direction is encoded using spherical harmonics encoding (SHE) [39], further
refining the rendering process. We visualize how neural hashing helps segregate scenes within
a shared representation space upon scene-conditioning in the supplementary material.

Continual learning: While conditioning helps non-conflicting scene representations, con-
tinual learning accommodates new, unseen scenes incrementally. Therefore, the proposed
C-NGP involves training Instant-NGP (with scene conditioning) in a continual learning
paradigm as follows. Each scene is encoded into conditional Instant-NGP using a pseudo-
label. Before encoding a new scene, we first render all previously observed scenes using the
camera parameters of the new scene. These rendered images are then added to the training set
of the new scene, and the model parameters are updated accordingly. This strategy eliminates
reliance on previous training datasets while ensuring high-fidelity modeling of all observed
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scenes. Rendering previously seen scenes with updated camera parameters is particularly
effective for datasets like NeRF Synthetic 360°. For other scene types, we use the stored
camera parameters for rendering.

3.3 Loss and Regularization

Floaters represent a significant challenge in radiance fields, typically manifesting as discon-
nected, dense spatial regions near the camera plane. Therefore, apart from the conventional
rendering loss L., we include two additional regularizations to ensure stable C-NGP train-
ing.

Distortion. Following the work of [3, 55], we used distortion loss for compact point
distribution on the camera ray:

1
Laist = ao (;Wiwj

ti+ti t]+tj+1
2

Zwt,+l ) @)

where, d(r) = % is depth along each ray. The first part of Lg4;; minimizes the
weighted distance bé(\lzveen all pairs of interval midpoints. The second part focuses on
minimizing the weighted size of each interval. Jointly, the weights on the ray are encouraged to
be compact by pulling distance intervals closer by consolidating each weight and minimizing
the width of each interval [3].

Ray entropy. The entropy regularization calculates the entropy of the ray’s distribution
[4, 22] for each ray passing through the scene. This involves assessing the uncertainty or
randomness in the predicted densities along the ray and avoiding the floaters in the rendered
scene. The entropy regularization is described as per Equation 3

m—< anwg ) 3)

Here, N is the number of sampled points on the ray r, and p; is the opacity of each sampled
point.

Complete loss. To train the C-NGP method, we used the combined loss formulation, as
described in Equation 4.

Clotal = Emse + lent ﬁent + )*distﬁdist (4)

Here, Aq, and Ay are the weights for the regularization. We keep these parameters for
training the complete network as A, = le —3 and Ayj; = le — 2.

4 Experiments

In this section, we perform an exhaustive set of experiments to demonstrate the efficacy of the
proposed framework. We start by discussing the datasets, evaluation metrics, and comparison
baselines.

4.1 Datasets and Evaluation Metrics

We evaluate our model on widely used datasets: NeRF Synthetic 360° [33], Tanks and
Temples [24], and Forward-Facing LLFF [32]. NeRF Synthetic 360° consists of eight diverse
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Figure 2: Qualitative Comparison on the Nerf Synthetic 360° dataset [33]. C-NGP is com-
pared with MVSNeRF [6] and IBRNet [51] (both with per-scene fine-tuning), and vanilla
NeRF [33] with per-scene optimization. C-NGP is observed to model scenes with minimal
artifacts compared to those present in the other methods. C-NGP (FT) is fine-tuned for each
test scene for five epochs after continual learning.

scenes, each with 100 training views and 200 test views at a resolution of 800 x 800. The
images are rendered from either an upper hemisphere or a full hemisphere, and the camera
parameters are not necessarily consistent across scenes. Forward-Facing LLFF contains eight
real-world scenes captured with a handheld camera in a forward-facing manner. The number
of images per scene varies from 20 to 62, with a resolution of 1008 x 756. Tanks and Temples
feature five large-scale scenes with complex geometries and real-world objects, each captured
at a resolution of 1920 x 1080. We use the masked version of this dataset for training and
testing, following [29]. Additionally, we generate a dataset of 22 scenes using BlenderNeRF
[38]. Each scene is created from freely available 3D object meshes and rendered with 100
training views and 100 test views from an upper hemisphere. This dataset is designed to stress
test the continual learning setup of C-NGP and analyze the representative upper bound of
network parameters. To ensure fair evaluation in a continual learning setup, all scenes in this
dataset are rendered with the same camera parameters.

Metrics. We quantitatively evaluate the model performance Peak-Signal-to-Noise-Ratio
(PSNR) [1], Structural Similarity Index (SSIM) [54], and Perceptual Score (LPIPS) [61].

4.2 Training Details

For training C-NGP, we used a batch size of 10,000 rays and an initial learning rate of
2 x 1073, The model was trained for 30 epochs across synthetic and real datasets. C-NGP was
conditioned on pseudo labels assigned to each scene to ensure scene-specific representations.
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Figure 3: Qualitative Comparison on the Real Forward Facing (LLFF) dataset [32]. We
compare C-NGP with MVSNeRF [6] and IBRNet [51] (both with per-scene fine-tuning),
and vanilla NeRF [33] with per-scene. C-NGP (FT) is fine-tuned for each test scene for five
epochs after continual learning.

Tanks and Temples NeRF Synthetic 360 Real Forward-Facing
Method PSNR 1 SSIM 1 Method R + SSIMt LPIPS| | PSNRT SSIMT LPIPS |
EWC [23] + NeRF 15.64 0.420 SCARF([53] | 3094 094 - 2644 080 .
PackNet [30] + NeRF 16.71 0.547 C-NGP (ours) | 2940  0.94 0.09 212 066 037
MEIL-NeRF [12] 17.98 0.580 Offtine Sampling Online Sampling
CLNEeRF [42] 21.30 0.640 Datasets PSNR1 SSIMT LPIPS| | PSNR1 SSIM{ LPIPS |
SCAREF [53] 26.78 0.89 NeRF Synthetic 360° | 25211 086 051 | 2940 093 0.09
C-NGP (ours) 26.93 0.87 Blender Synthetic | 37735 098 0022 | 37734 098 0022

Table 1: (Left) Quantitative comparison of C-NGP on the Tanks and Temple dataset [24]
with baselines that combine either conventional continual learning methods with NeRF or
introduce continual learning for single scene optimization along with a concurrent work.
(Right-Top) Quantitative comparison of C-NGP on NeRF Synthetic [33] and Real LLFF [32]
with concurrent work. (Right-Bottom) Analyzing the quantitative performance on training
with (online) and without (offline) generative replay while learning C-NGP. The enhanced
performance with online sampling is due to the same camera parameters across all the scenes.

The hash table size for Instant-NGP was set to T = 2!°, with a feature size of F = 4. For the
NeRF Synthetic 360° dataset, we applied the generative replay method [42], where previously
observed scenes were re-rendered using the camera parameters of the new scene. For real-
world datasets like LLFF [32] and Tanks and Temples [24], which lack full 360° coverage, we
only store the camera parameters of each scene. This allowed us to generate novel views while
avoiding artifacts such as floaters or ghosting, less problematic issues in synthetic datasets
with complete 360° coverage.

4.3 Experimental Evaluation

Choice of Baselines. Since no existing work incrementally models multiple scenes in a single
radiance field, we compare our approach with the most closely related baselines that align, at
least partially, with our experimental setup [6, 19, 51, 53]. We have shown the quantitative
analysis results in the supplementary. Among them, SCARF [53] is the closest and most
concurrent to our work. It handles multiple scenes, however, by increasing the number of
parameters through a global parameter generator, unlike us. We compare the quantitative
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Figure 4: (Left) The figure illustrates how the proposed C-NGP method stores multiple edit
styles within a single network. Each scene is trained separately, represented by 6, and
stores different edit styles for respective scenes. (Right) Effect of the difference in camera
parameters across scenes in the offline setting.

performance with SCARF based on their reported results in the paper across different datasets,
and omit the qualitative comparison due to the unavailability of their code.

Quantitative. We compare the proposed paradigm with continual learning frameworks
like Elastic Weight Consolidation (EWC) and PacketNet [30] combined with NeRF, and
single-scene continual NeRF methods like MEIL-NeRF [12] and CLNeRF [42]. As shown in
Table 1 (left), on the Tanks and Temples [24], C-NGP achieves the highest PSNR and SSIM
comparable to SCARF (0.02 units lower) while avoiding additional parameters per scene. On
Nerf Synthetic 360° [33] (see Table 1 (right)), C-NGP shows competitive performance with
SCAREF. However, over scenes from the LLFF dataset [32], C-NGP does not achieve the best
scores due to the inherent struggle of Instant-NGP over the unbounded scenes. To support the
claim, more empirical results are detailed in the supplementary material.

Qualitative. We provide a qualitative comparison of C-NGP with MVSNeRF [6], IBRNet
[51], and vanilla NeRF [33] in Figure 2 and 3, over NeRF synthetic and Real LLFF datasets,
respectively. Given its multi-scene modeling capability, we expect C-NGP’s performance
to at least closely match per-scene optimized vanilla NeRF. Our results show that C-NGP
achieves the best rendering quality on the NeRF Synthetic dataset and closely matches vanilla
NeRF (which performs better than Instant-NGP) on the Real Forward-Facing dataset [32].
Additionally, we evaluate the visual fidelity of different scenes rendered by C-NGP across
the NeRF Synthetic [33], Real Forward-Facing [32], and Tanks and Temples [24] in the
supplementary.

While C-NGP shows strong performance on synthetic datasets and Tanks & Temples,
its performance on unbounded LLFF scenes is relatively lower. We attribute this partly
to the Instant-NGP backbone, which is known to be less effective in such settings [3, 27].
Nonetheless, C-NGP shows better performance than Instant-NGP after fine-tuning while
retaining efficiency and scalability.

4.4 Additional Results and Analysis

Style Editing. To show the application of the proposed C-NGP framework, we adapt it for
style editing in 3D scenes [20, 25, 35]. The current methods are only able to do single style
transfer to any NeRF model at a time [16, 18], and for each new style, they have to retrain
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Method Current Scene [L] Current Scene [L — C] Current Scene [L — C — S] Current Scene [L - C — S — D]
Lego Chair Ship Drums | Lego Chair Ship Drums | Lego Chair Ship Drums | Lego Chair Ship  Drums
Offline Sampling | 35.62 X X X 3459 34.63 X X 34.19 3406 28.53 X 1441 1812 28.06 25.02
Online Sampling | 35.62 X X X 3481 3482 «x X 3424 3435 28.68 X 3339 3389 2829 2520

Table 2: Analysing progressive degradation in the rendering quality with offline and online
sampling of scenes from the NeRF Synthetic 360° dataset [33]. The cell highlighted in red
color shows high degradation in the PSNR value under offline sampling.

Single Dataset Mixed Dataset .
PSNRT SSIMT | PSNRT SSIM T Experiments PSNR1 SSIMT LPIPS|
Groups 1 (8 Scencs) | 35880 0978 | 2940 094 ot :,/C( C*) iES(g ig ) , B

Groups 2 (12 Scenes) | 33.989 0.971 28.295 0.915 ? ) . .

)
XYZIC + w(C) + SE(6,9) 24492 0.824 0.184
Groups 3 (16 Scenes) 32.448 0.964 27.190 0.906 XYZIC + y(C) + SE(6,9) + w(C) | 25927 0.880 0.139
Groups 4 (22 Scenes) 30.472 0.954 25.744 0.896

Table 3: (Left) Analysing upper bound on the number of scenes C-NGP can accommodate
with reasonable loss in rendering quality across single and mixed datasets. Single: 22 scenes
from BlenderNeRF dataset. Mixed: 14 scenes from BlenderNeRF + 8 scenes from NeRF
Synthetic 360° dataset. (Right) Ablation on the configuration choice for conditioning Instant-
NGP network [34] - the backbone of C-NGP.

the NeRF model. The incremental nature of C-NGP also allows for accommodating multiple
different styles within a scene. For each scene, we train a separate C-NGP network 0!, 62,
63, 6* and for each 6', we first learn the same scene for K times incrementally using C-NGP
and to transfer the style, we only fine-tune the MLP layer responsible for color (RGB). As
shown in Figure 4 (left), we learn two different styles for each scene, i.e., each 0 stores
three different variations of the same scene, where the first is the original scene itself, and
the next two are the edited scene styles which are vintage and anime. To generate consistent
multi-view style scenes for training, we follow the work by Fujiwara et al. [16], which uses
fully fused attention and depth-conditioned ControlNet [60].

Sampling Strategy. To study the effect of how well C-NGP performs when in a contin-
ual paradigm with and without using the generative replay method (using stored images of
previous scenes). Here, we define online sampling and offline sampling for the case with and
without generative replay, respectively. As shown in Table 1 (bottom-right), the performance
with online and offline sampling is nearly the same over the BlenderNeRF dataset, in fact,
better than with offfine sampling over the NeRF Synthetic dataset [33]. We attribute such
performance trends to the nature of camera parameters. Figure 4 (right) shows such misalign-
ments due to differences in camera parameters that eventually cause a reduction in PSNR,
leading to reduced performance in the offline sampling. To further emphasize this, Table 2
exclusively evaluates the rendering quality of scenes from the NeRF Synthetic dataset with
these sampling methods.

Upper bound. Table 3 (left) attempts to demonstrate the number of scenes that can be
accommodated within a given set of parameters with an acceptable loss in the rendering
quality of the previously learned scenes. While we do not claim to avoid forgetting completely,
most importantly, we succeed in slowing it down to the extent that we can reasonably model
around ~ 20 different scenes in a single neural radiance field.

Design choices. We evaluated different strategies for concatenating pseudo labels and their
sinusoidal positional encodings with scene coordinates and viewing directions as summarized
in Table 3 (right). In our work, we use the configuration with the highest PSNR. More
architectural design choices are detailed in the supplementary.

Supplementary. Due to space constraints, we elaborate: (a) quantitative comparison with
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other methods, (b) time analysis, (c) shared feature space visualization, and (d) additional
discussion in the supplementary material. We urge the readers to kindly refer to the supple-
mentary material as well for a holistic understanding of this work. These additional studies
complement the main results and ensure that our evaluation is comprehensive, addressing
performance, efficiency, and representation quality.

5 Conclusion

We introduced C-NGP, a continual learning framework for incremental multi-scene modeling
within a single neural radiance field. The proposed method accommodates new scenes
while reasonably preserving the previously learned information via scene conditioning and
generative replay. Extensive empirical studies on synthetic and real datasets demonstrate
that our method achieves strong performance in multi-scene representation learning and
outperforms existing methods over training and inference speed, offering real-time rendering
capabilities. C-NGP offers practical value for scalable 3D repositories, enabling multiple
scenes and even style edits to be stored and shared in a single lightweight checkpoint, avoiding
the overhead of per-scene models. While at this stage, the method incurs an acceptable loss in
rendering quality while modeling multiple scenes, its performance in highly diverse scene
settings and attempt towards zero forgetting warrants further exploration.
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