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Task: 3D reconstruction of large-scale scenes
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We propose the Local View Transformer (LVT), an efficient and high-fidelity v E Target View
architecture for large-scale scene reconstruction, which Camer maramoters [K. P]

e Replaces costly global self-attention with a local neighborhood attention

- scales linearly O(N) with the number of inputs Local Attention Mechanism

e Reconstructs arbitrarily large scenes with state-of-the-art performance

in a single feed-forward pass! e Core idea: Spatially nearby views in an image sequence > most informative for

local scene structure
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2 localinput views o Fultauadratic-self-attention = attention between query view and spatial neighbors

non-local inputs
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e Stacking LVT blocks progressively expands "view receptive field," like CNNs

Transformation Invariant Design

I . e LVT conditions tokens on relative geometric transformation (pose) between views
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\7 | \ Scene Representation and View-dependent Opacity
. i %W:HT | e LVT output is decoded into a 3D Gaussian Splat scene representation

e LVT also introduces view-dependent opacity (using spherical harmonics) to
enhance rendering of specular highlights and thin structures

Ablations, Runtime Comparison

State-of-the-art on DL3DV Benchmark Local vs. global attention. When training with 16 views but evaluating with
e LVT outperforms prior SOTA Long-LRM by +3.54dB PSNR different number of input views, LVT is more robust to varying sequence lengths

e Surpasses per-scene optimized 3DGS!" by +2.11dB PSNR while also scaling linearly.

PSNR 1 SSIM 1 LPIPS |
° ° Number of Inputs Complexi 12 16 20 32 12 16 20 32 12 16 20 32
Zero-shot Generalization P plexity
Global Attention O(Nz) 25.24 25.01 2439 2283 | 0.837 0.830 0.817 0.779 | 0.133 0.141 0.152 0.182
Local Attention O(N ) 25.32 25.12 24.69 23.31 | 0.846 0.842 0.834 0.807 | 0.130 0.135 0.141 0.167

e LVT generalizes zero-shot to Tanks&Temples and MipNeRF360
e Outperforms per-scene optimized 3DGS!M on T&T!

Design ablations. Our full model adds mixed-resolution training and regularized

Feed- DL3DV-140 Tanks&Temples MipNeRF360 . . . R . .
Model Forward | pSNRT SSIMT LPIPS| | PSNRT SSIMT LPIPS| | PSNRT SSIMT LPIPS | spherical harmonics to improve over our initial configuration.
3DGS30k X 25.53 0.849 0.210 20.45 0.780 0.251 24.31 0.745 0.246 Ablation | Mixed-Res. Train Spatial Neighbor Tokenize Cond. Attention Cond. SH o Reg. | PSNRT SSIMT LPIPS|
Long-LRM v 24.10 0.783 0.254 18.38 0.601 0.363 - - - — — :
Initial Config. X X Intrinsics Relative Pose X X 22.02 0.774 0.196
LVTpase v 23.65 0.813 0.215 18.33 0.681 0.296 21.51 0.603 0.335 Mixed-res. Train 4 X Intrinsics Relative Pose X X 22.57  0.786  0.186
LVTg H-rgba v 27.64 0.883 0.133 21.17 0.794 0.174 24.53 0.698 0.251 Add Spatial X 4 Intrinsics Relative Pose X X 22.40  0.783 0.190
e s X X Pliicker None X X 20.59 0.696 0.260
\C,orfdltmmng X X Intrinsics WorldPose X X | 2144 0745 0220
ariants .. . ..
X X Intrinsics Relative Pliicker X X 21.81 0.767 0.202
SH X X Intrinsics Relative Pose 4 X 23.89 0.828 0.152
Variants X X Intrinsics Relative Pose v v 24.69 0.844 0.136
Full Model | v v Intrinsics Relative Pose v v | 27.16  0.882  0.102
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S ¢ LVT scales linearly, while global attention is quadratic
) with the number of input views.
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Qualitative Results — DL3DV

Zero-shot evaluation — Tanks&Temples
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