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Introduction and Motivation

Quantitative Results

o o o o o o o o Table 1. Comparisons on ShapeNet Cars & Chairs and ABO datasets across baselines. ™ indicates geometry-free model. The results of the
TL DR . We In tr Od uce N er fD’ f f fOI' SIin gl e-ima g e view Ove rview F In E-tunln g S tage . baselines except VisionNeRF (Lin et al., 2023) are copied from the official papers. — denotes the results are unavailable.
synth.e.sm, Wh.lCh c?ombmes NeRF with a 3D-aware We simultaneously train a single-image NeRF model At te§t tlmg, .V\./e use the learned ngtwork p.aramet.ers to ooy RN Cars g hapeNet Chairs - Amazon Berkeley Obijects
conditional diffusion model (CDM) which predicts a triplane from an input image and a CDM predict an initial NeRF representation for fine-tuning. The LEN (Siamann ol 2021 na 08 - w00 -
. . . i atson et al., * : : — . : : — :
which Is conditioned on these renderings. At test-time, NeRF-guided denoised images from the frozen CDM then SRN (Sitzmann et al., 2019a) 2225 088 0.129 4121 2289 089 0.104 2651 - - - -
. : : : ro . : : PixelNeRF (Yu et al., 2021) 2317 0.89 0.146 5924 2372 090 0.128 3849 - - - -
VisionNeRF given a single image, we utilize the sharp CDM outputs to supervise the NeRF in-turn (right). CodeNeRF (Jang & Agapito, 2021) 2273 089 0.128 - 2339 087 0166 - - - - -
FE-NVS (Guo et al., 2022) 2283 091 0099 - 2321 092 0077 - - - - -
fine_tune the NeRF at mu|tip|e virtual cameras VisionNeRF (Lin et al., 2023) 22.88 090 0.084 21.31 2448 0.92 0.077 10.05 28.61 0.93 0.095 33.38
, , . , , ' Finetuning Phase A e NerfDiff-B (Ours) 2351 092 0.082 18.09 2479 094 0.056 565 3281 096 0057 7.77
/A NeRF R | w/o : . : : : : : : : : : :
eftectively inferring behind occlusions. 2N5—N¥7, oo NertDIfEL (Ours) 376 092 0076 1549 2495 094 0056 534 3284 097 002 631
w/o NGD 2395 092 0.092 4326 24.80 093 0070 1550 32.00 096 0061 17.73
' Input Vi&yy~
Architecture 0 P -t
Task: Single-image View Synthesis Using a UNet, we first map an input image to a camera- Qualitative Results
Given a single unposed image, our goal Is to create a 3D aligned triplane-based NeRF representation. This triplane
o o o o o o o .. L. . [nput view Finetunin
representation which is 7). consistent with the input image efficiently conditions volume rendering from a target e conditioned ekt ; ctuning nput View VisonNeRF  Ours(w/oNGD)  Ours (CDM) ours Ground Truth
and 2). plausibly synthesizes sharp details behind view, resulting in an initial rendering. This rendering Zaim
occlusions. These two are often at odds with another, conditions the diffusion process so the CDM can > - B e
0 d - - > _
making the task extremely challenging. consistently denoise at that target pose. - -
Conditional Diffusion Model '
Input ours Nearest GT Gaussian noise CDM sampled

cross attention (optional)
ShapeNet

PixelNeRF output Chairs

|(feature maps optional)

NeRF-guided distillation

V;'ionNeRF Ours iw/o NGD)

=R

&

| - L ,$+mp+l Denoised output The core of our algorithm distills the knowledge of a 3D-
_ “l{ f 'f!po?' j e - aware CDM Into the single-image NeRF from multiple
Problems with Existing Methods o o B P virtual views for generating high-quality images. In the

Target view rays ABO

Conditional Diffusion Model

Existing methods usually rely on one of two mechanisms.
In the first, points are projected to the image plane where
local Image features can be gathered to condition the
NeRF (see pixelNeRF, VisionNeRF, GRF). Under severe
occlusion, these features have no informative about
occluded scene content. In the second mechanism, a
global latent code Is optimized based on the input image
(see AutoRF, SRNs, CodeNeRF). The global bottleneck
often hinders rendering sharp details even near the input.

Image-conditioned NeRF

meantime, the multi-view diffusion process is guided by
the NeRF representation to preserve 3D consistency of
the diffusion. The details of the algorithm i1s shown
below:

Training stage:
We first learn the single-image NeRF and 2D CDM which
IS conditioned on the single-image NeRF renderings.

Input View 36° 96° 210° 312°

VisionNeRF

Algorithm 1 Finetuning with NeRF-guided distillation.

Input: NeRF (MLP fy, triplanes W), CDM €4, input I°, v, N, B
1 Initialize I™ = I ,,€" =€, m €Il,e ~ N(0,1)
fort =tnmax ... tmin do
for m € I1 do
3 A :O{tIW-I-O'tEW;

N % 2
o <—Renderin-> 0
Loss ) Eﬂ- :Eqb(ZW,IS)_'_’YO.t/at ) (IW _Ig,W)

I" = (Z”T — O'tEW)/Gft
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\,/’ / e forn=1... Ndo
L ) S . . forb=1...Bdo
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Paper: https://arxiv.org/abs/2302.107109
Project Page: https://jlataogu.me/nerfdiff/
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