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Neural Radiance Fields

[NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis]

• NeRFs are implicit representations trained to replicate views of a scene 
• NeRF ≅ MLP + Volume Rendering Equations

[Efficient Geometry-aware 3D GANs]

https://www.ecva.net/papers/eccv_2020/papers_ECCV/papers/123460392.pdf
https://openaccess.thecvf.com/content/CVPR2022/papers/Chan_Efficient_Geometry-Aware_3D_Generative_Adversarial_Networks_CVPR_2022_paper.pdf


Tri-Planes scene representations

Each of shape  !(T, T, F)

[Efficient Geometry-aware 3D GANs]

https://openaccess.thecvf.com/content/CVPR2022/papers/Chan_Efficient_Geometry-Aware_3D_Generative_Adversarial_Networks_CVPR_2022_paper.pdf


Tri-Planes scene representations

• Tri-Planes are explicit-implicit representations 
• Tri-Planes ≅ Three planes + tinyMLP + Volume Rendering Equations 
• Both NeRFs and Tri-Planes are not scalable

Each of shape  !(T, T, F)

[Efficient Geometry-aware 3D GANs]

https://openaccess.thecvf.com/content/CVPR2022/papers/Chan_Efficient_Geometry-Aware_3D_Generative_Adversarial_Networks_CVPR_2022_paper.pdf


Inverse Graphics Problem
How to model a scene using its captured images?

How to model abundantly many scenes at once?
(Scaled) Inverse Graphics Problem



3D-aware latent space

Tri-Planes trained in a standard AE.

Figure 3. Latent space comparison. Top: ground truth image.
Middle: latent image obtained with the 3D-aware encoder. Bottom:
latent image obtained with the baseline encoder. Qualitative results
show that our 3D-aware encoder better preserves 3D consistency
and geometry in the latent space.

3.2. Latent NeRFs

We define a latent scene representation similarly to a clas-
sical scene representation, except that it is trained on latent
encodings of the scene’s captured images. In this section,
we assume the existence of a 3D-aware latent space, and
present three approaches with which one could learn latent
scene representations: Encode-Scene, Decode-Scene, and
Encode-Decode-Scene, respectively utilizing the encoder,
decoder and both modules of a 3D-aware autoencoder. Fig. 2
illustrates these methods.

3.2.1 Encode-Scene

Encode-Scene takes the most similar approach compared to
classical NeRF training in order to train NeRFs in a latent
space. It is a two-step process where latent images are first
obtained from training images using the encoder, and are
then used to train the latent NeRF with the usual NeRF
photometric loss:

min
↵,T

LE(↵, T ) , ExpkE(xp) �R↵(T, p)k , (2)

where E(xp) is the encoding of an image xp with camera
pose p, and R↵(T, p) represents the rendered image from the
Tri-Plane T queried at pose p. Note that the main advantage
of this approach is its accelerated training and rendering
procedures, as all the training images can be encoded into
their latent representations once, and then cached. As these
latent representations are 64 times smaller in resolution, the
rendering algorithm has to query 64 times less pixels, which
greatly accelerates rendering and hence the training.

3.2.2 Decode-Scene

Decode-Scene takes a different approach to train NeRFs in
the latent space. Here, we use the decoder and supervise the

(a) Standard AE (b) 3D-aware AE

Figure 4. Latent scenes comparison. Visualization of Tri-Planes
renderings and their corresponding decodings after learning scenes
in the latent space of a standard AE and our 3D-aware AE. All
Tri-Planes are trained using the Encode-Scene pipeline.

pipeline with RGB images, all while keeping the NeRF in
the latent space. More particularly, the NeRF here is tasked
to find a 3D-consistent latent object that, when rendered into
latent images, decodes to its corresponding RGB images.
Hence, the NeRF here is supervised via a photometric loss
computed in the RGB space:

min
↵,T

LD(↵, T ) , Expkxp � D(R↵(T, p))k , (3)

where D represents the decoder. While rendering is still
applied in the latent space in Decode-Scene, this is generally
a slower method compared to Encode-Scene. This is because
no latent images can be cached, and a gradient step requires
differentiation through all the parameters of the decoder.

3.2.3 Encode-Decode-Scene

Encode-Decode-Scene is a mixture of the former approaches,
where both LE and LD are used to train the latent NeRF:

min
↵,T

(1 � t)LD(↵, T ) + tLE(↵, T ) , (4)

where t 2 (0, 1). This method takes the best of both worlds
by supervising both the rendered latent and the decoded
image to train a scene representation, ensuring good latent
scene representations and high-fidelity color images.

Qualitative results obtained when training Tri-Planes with
the baseline AE and our 3D-aware AE are illustrated in Fig. 4.
While learning scenes in a standard latent space is feasible,
it results in poor scene quality, as the latent images used for
inverse graphics are not 3D-consistent (Fig. 3, bottom row).

3.3. 3D-aware AE for a 3D-aware latent space

As presented, NeRFs trained in a standard latent space suffer
from its 3D inconsistencies. To fix this issue, we fine-tune the
autoencoder of Stable Diffusion [26] to obtain a 3D-aware
Autoencoder (3Da-AE).

To enforce 3D consistency in the latent space, we regu-
larize it by training NeRFs on its latent images. Intuitively,

• Neural scene representations main assumption: 
• The underlying scene behind images is 3D

• The renderings of the scene are 3D consistent

• Goal: Scale scene representation training in a specially-
crafted latent space 
• Improves performances

• Other applications
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Figure 1. 3D-aware latent space. We draw inspiration 
from the relationship between the 3D space and image 
space and introduce the idea of a 3D latent space. We 
propose a 3D-aware autoencoder that encodes 
images into a 3D-aware (2D) latent image space, in 
which we train our scene representations.
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from the relationship between the 3D space and image 
space and introduce the idea of a 3D latent space. We 
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As such, we have two goals: 

1. Learn a 3D-aware latent space

2. Leverage that latent space to 

scale the learning of 3D scenes



How to learn latent scenes given a 3D-aware latent space?



How to learn latent scenes given a 3D-aware latent space?
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How to learn a 3D-aware latent space?
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How to learn a 3D-aware latent space?
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Tri-Planes trained in a standard AE.
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and geometry in the latent space.
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We define a latent scene representation similarly to a clas-
sical scene representation, except that it is trained on latent
encodings of the scene’s captured images. In this section,
we assume the existence of a 3D-aware latent space, and
present three approaches with which one could learn latent
scene representations: Encode-Scene, Decode-Scene, and
Encode-Decode-Scene, respectively utilizing the encoder,
decoder and both modules of a 3D-aware autoencoder. Fig. 2
illustrates these methods.

3.2.1 Encode-Scene

Encode-Scene takes the most similar approach compared to
classical NeRF training in order to train NeRFs in a latent
space. It is a two-step process where latent images are first
obtained from training images using the encoder, and are
then used to train the latent NeRF with the usual NeRF
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pipeline with RGB images, all while keeping the NeRF in
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to find a 3D-consistent latent object that, when rendered into
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it results in poor scene quality, as the latent images used for
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pipeline with RGB images, all while keeping the NeRF in
the latent space. More particularly, the NeRF here is tasked
to find a 3D-consistent latent object that, when rendered into
latent images, decodes to its corresponding RGB images.
Hence, the NeRF here is supervised via a photometric loss
computed in the RGB space:
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a slower method compared to Encode-Scene. This is because
no latent images can be cached, and a gradient step requires
differentiation through all the parameters of the decoder.
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where t 2 (0, 1). This method takes the best of both worlds
by supervising both the rendered latent and the decoded
image to train a scene representation, ensuring good latent
scene representations and high-fidelity color images.

Qualitative results obtained when training Tri-Planes with
the baseline AE and our 3D-aware AE are illustrated in Fig. 4.
While learning scenes in a standard latent space is feasible,
it results in poor scene quality, as the latent images used for
inverse graphics are not 3D-consistent (Fig. 3, bottom row).
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As presented, NeRFs trained in a standard latent space suffer
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How to further scale training in a 3D-aware latent space?

3 × N × N × 323 × N × N × 10 3 × N × N × 22

“Only” M planes

where M is constantN “mini” planes

M = 50Ntrain = 500
Nexploit = 1000
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