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● Neural radiance fields (NeRF) have exhibited 
highly photorealistic rendering of novel views 
through per-scene optimization over a single 
3D scene.

● NeRF’s based method  lacks scalability since 
a separate model needs to be stored for each 
scene, and the training time increases linearly 
with every newly added scene.

● In this work, we propose a novel framework, 
called C-NGP, to accommodate multiple 
scenes into the parameters of a single neural 
radiance field.

● We observe the framework is also inherently 
continual (via generative replay) with minimal, 
if not no, forgetting of the previously learned 
scenes.
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MODELLING MULTIPLE SCENE

STYLE EDITING & REPRESENTATION SPACE

● Proposed algorithm for modeling multiple 
scene.

Fig.3: Conditional-cum-Continual learning framework for modeling multiple scenes in a single neural radiance 
field. Each new scene is assigned a pseudo label and trained continually while preserving the information of 
previously learned scenes via generative replay.

Fig.5: Qualitative demonstration of the quality of rendered images across different views through C-NGP over the scenes from the NeRF Synthetic 360 dataset[1].

Fig.7: Qualitative demonstration of the quality of 
rendered images across different views through C-NGP 
over the scenes from the Tanks and Temples dataset[3].

Fig.1: NeRF Pipeline[5]

Fig.4: The proposed modification to the Instant 
NGP architecture[2] incorporates information 
from multiple scenes using pseudo labels.

Fig.6: Qualitative demonstration of the quality of rendered images across different views through 
C-NGP over the scenes from the Real Forward-Facing dataset[1].

Tab.1: Quantitative comparison on Tanks 
and Temple dataset[3] across different 
baseline methods.

Tab.2: (Top) Quantitative comparison on 
NeRF Synthetic 360 dataset[1] and Real 
Forward-Facing dataset[1] with baseline 
method. (Bottom) Analyzing the quantitative 
performance on training with (online) and 
without (offline) generative replay while 
learning C-NGP.

Fig.9-10: The figure 
illustrates the 
representation space of 
C-NGP, visualized through 
a t-SNE map over scenes 
from NeRF Synthetic 360 
dataset.

Fig.8: The figure illustrates the style editing[4] capabilities of C-NGP, for each scene we train a 
new C-NGP and each style is encoded in its equivalent scene network using the proposed 
approach.

● Fig.2: Issue occur when only doing 
conditional modeling. It also illustrates the 
effect of online and offline sampling of 
training data.


