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Abstract. In recent years, the neural radiance field (NeRF) model has
gained popularity due to its ability to recover complex 3D scenes. Fol-
lowing its success, many approaches proposed different NeRF represen-
tations in order to further improve both runtime and performance. One
such example is Triplane, in which NeRF is represented using three 2D
feature planes. This enables easily using existing 2D neural networks in
this framework, e.g., to generate the three planes. Despite its advan-
tage, the triplane representation lagged behind in 3D recovery quality
compared to NeRF solutions. In this work, we propose the TriNeRFLet
framework, where we learn the wavelet representation of the triplane and
regularize it. This approach has multiple advantages: (i) it allows infor-
mation sharing across scales and regularization of high frequencies; (ii)
it facilitates performing learning in a multi-scale fashion; and (iii) it pro-
vides a ‘natural’ framework for performing NeRF super-resolution (SR),
such that the low-resolution wavelet coefficients are computed from the
provided low-resolution multi-view images and the high frequencies are
acquired under the guidance of a pre-trained 2D diffusion model. We
show the SR approach’s advantage on both Blender and LLFF datasets.
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1 Introduction

3D scene reconstruction from multiple 2D views is a challenging task that has
been widely studied, and many methods have been proposed to solve it. Neural
radiance field (NeRF) [26] is prominent among these methods as it has demon-
strated a high level of generalizability in generating novel views with high quality
and consistent lighting. NeRF utilizes an implicit representation of the 3D scene
in the form of a multi-layer perceptron (MLP). This enables it to capture com-
plex 3D geometry and lighting.

At a high level, NeRF relies on the rendering equation that approximates
each pixel in the image using points sampled along the ray that passes through
it [26]. The MLP in NeRF takes as input the frequency encoding of the Eu-
clidean coordinates and view direction of the point of interest, and outputs the
radiance and density at this point. The MLP weights are learned via end-to-end
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