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Scenes Modeling with Tensor Decomposition

We present a novel approach to model and reconstruct radiance fields.

Method

We factorize radiance fields into compact components for scene modeling.
Unlike NeRF that uses pure MLPs, To doso, we apply both the classic CP decomposition and a new vector-

we consider the full volume field as a 4D tensor and propose to factorize the ~ matrix (VM) decomposition; both are illustrated in following figure:
tensor into a set of vectors and matrices that describe scene appearance and ) 3
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_ \&1 \&7 1 R, \&] Ry 1 R ote that, unlike concurrent works Plenoxels and Instant-ngp that require customized CUDA
Scene TenSORF VM 1 1 kernels, our model’s efficiency gains are obtained using a standard PyTorch

implementation.

Left: CP decomposition, which factorizes atensor as a sum of vector outer products. Right: our vector-matrix
decomposition, which factorizes a tensor as a sum of vector-matrix outer products. Please refer to our paper
for more decomposition derails.
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In contrast to previous works that directly reconstruct voxels, our tensor factorization
reduces space complexity from O(n3) to O(n) (with CP) or O(n2) (with VM), significantly
lowering memory footprint.
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Performance Overview

We now present our TensoRF representation and reconstruction.

Quantitative Results on the Synthetic NeRF Dataset
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