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Overview
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Intuitions

How does the of this
backpack look like?

A standard single-view 2D-
to-3D reconstruction task

Supervised learning?
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How do we train a network
to answer such questions?
In-the-wild images



Intuitions

How does the of this
backpack look like?

[nuu J



Problem Formulation

Formulate 2D-to-3D as conditioned generation

f(-,w) ~ 3D scene distribution | f(Pg,w) = X

3D scene distribution? 2D image distribution!
VP, f(P,w) ~P| f(Pg,w) = Xo
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depth correlation — The rendering at the input
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Method: 2-Section Semantic Conditions
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Method: Geometric Regularization

Render depth map from NeRF at
the input view
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Regularize it with a monocular
depth estimation network
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Results: DTU MVS Dataset

LPIPS (perception metric):

» Great improvement compared to prior
methods

PSNR & SSIM (pixel-aligned
similarity metric):
« Slightly lower than pixelNeRF
« On par with DietPixelNeRF

e Less indicative because of the 2D-3D
ambiguity

Method PSNR+ SSIM{ LPIPS |
NeRF 8.000 0286  0.703
pixeINeRF 15550  0.537 0.535
pixelNeRF, Ly ft 16048 0564  0.515
SinNeRF 16520 0560  0.525
DietPixelNeRF 14242 0.481 0.487
Ours 14472 0.465 0.421
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Results: Google Scanned Objects




Results: Images from the Internet




Results: Images from the Internet
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Results: Images from the Internet
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Results: Ablation on Semantic Features




Results: Ablation on Semantic Features
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Results: Ablation on Depth Reg.
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Results: Failure Cases

Be cautious of the biases Highly deformable instances

In large models! — varying states cannot be easily captured
with a simple language embedding

novel views
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More Results
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Thanks for watching!
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