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Abstract

We introduce pixelSplat, a feed-forward model that learns
to reconstruct 3D radiance fields parameterized by 3D Gaus-
sian primitives from pairs of images. Our model features
real-time and memory-efficient rendering for scalable train-
ing as well as fast 3D reconstruction at inference time. To
overcome local minima inherent to sparse and locally sup-
ported representations, we predict a dense probability dis-
tribution over 3D and sample Gaussian means from that
probability distribution. We make this sampling operation
differentiable via a reparameterization trick, allowing us to
back-propagate gradients through the Gaussian splatting
representation. We benchmark our method on wide-baseline
novel view synthesis on the real-world RealEstate10k and
ACID datasets, where we outperform state-of-the-art light
field transformers and accelerate rendering by 2.5 orders
of magnitude while reconstructing an interpretable and ed-
itable 3D radiance field. Additional materials can be found
on the project website. !

1. Introduction

We investigate the problem of generalizable novel view
synthesis from sparse image observations. This line of
work has been revolutionized by differentiable render-
ing [29, 40, 41, 50] but has also inherited its key weak-
ness: training, reconstruction, and rendering are notoriously
memory- and time-intensive because differentiable render-
ing requires evaluating dozens or hundreds of points along
each camera ray [58].

This has motivated light-field transformers [10, 37, 43,
471, where a ray is rendered by embedding it into a query to-
ken and a color is obtained via cross-attention over image to-
kens. While significantly faster than volume rendering, such
methods are still far from real-time. Additionally, they do
not reconstruct 3D scene representations that can be edited
or exported for downstream tasks in vision and graphics.
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Figure 1. Overview. Given a pair of input images, pixelSplat recon-
structs a 3D radiance field parameterized via 3D Gaussian primi-
tives. This yields an explicit 3D representation that is renderable in
real time, remains editable, and is cheap to train.

Meanwhile, recent work on single-scene novel view syn-
thesis has shown that it is possible to use 3D Gaussian prim-
itives to enable real-time rendering with little memory cost
via rasterization-based volume rendering [19].

We present pixelSplat, which brings the benefits of
a primitive-based 3D representation—fast and memory-
efficient rendering as well as interpretable 3D structure—
to generalizable view synthesis. This is no straightforward
task. First, in real-world datasets, camera poses are only
reconstructed up to an arbitrary scale factor. We address
this by designing a multi-view epipolar transformer that re-
liably infers this per-scene scale factor. Next, optimizing
primitive parameters directly via gradient descent suffers
from local minima. In the single-scene case, this can be
addressed via non-differentiable pruning and division heuris-
tics [19]. In contrast, in the generalizable case, we need
to back-propagate gradients through the representation and
thus cannot rely on non-differentiable operations. We thus
propose a method by which Gaussian primitives can im-
plicitly be spawned or deleted during training, avoiding lo-
cal minima, but which nevertheless maintains gradient flow.
Specifically, we parameterize the positions (i.e., means) of
Gaussians implicitly via dense probability distributions pre-
dicted by our encoder. In each forward pass, we sample
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Gaussian primitive locations from this distribution. We make scenes. Preserving end-to-end locality and shift equivariance
the sampling operation differentiable via a reparameteriza-between encoder and scene representation via pixel-aligned
tion trick that couples the density of a sampled Gaussianfeatures 14, 23, 39, 52, 58] or via transformersd5, 54]
primitive to the probability of that location. When receiving has enabled generalization to unbounded scenes. Inspired
a gradient that would increase the opacity of a Gaussian aby classical multi-view stereo, neural networks have also
a 3D location, our model increases the probability that the been combined with cost volumes to match features across
Gaussian will be sampled at that location again in the future.views [5, 7, 18, 26]. While the above methods infer inter-
We demonstrate the ef cacy of our method by showcas- pretable 3D representations in the form of signed distances
ing, for the rsttime, how a 3D Gaussian splatting represen- or radiance elds, recent light eld scene representations
tation can be predicted insangle forward pas$rom just a trade interpretability for faster renderingy(, 37, 43, 46, 47].
pair ofimages. In other words, we demonstrate how 3D Gaus-Our method presents the best of both worlds: it infers an
sians can be integrated in an end-to-end differentiable systeminterpretable 3D scene representation in the form of 3D
We signi cantly outperform previous black-box based light Gaussians while accelerating rendering by three orders of
eld transformers on the real-world ACID and RealEstate10k magnitude compared to light eld transformers.
datasets while drastically reducing both training and render-

) . e Scale ambiguity in machine learning for multi-view ge-
ing cost and generating explicit 3D scenes. guity 9 9

ometry. Prior work has recognized the challenge of scene
scale ambiguity. In monocular depth estimation, state-of-
the-art models rely on sophisticated scale-invariant depth
] ) ] ] losses 11, 13, 33, 34]. In novel view synthesis, recent single-
Single-scene novel view synthesidvancements in neu-  jmage 3D diffusion models trained on real-world data rescale
ral rendering 0] and neural elds P9, 42, 57] have rev-  3p scenes according to heuristics on depth statistics and con-
olutionized 3D reconstruction and novel view synthesis yition their encoders on scene scaleds, 51. In this work,

from collections of posed images. Recent approaches genye instead build a multi-view encoder that can infer the
erally create 3D scene representations by backpropagatingcale of the scene. We accomplish this using an epipolar
image-space photometric error through differentiable ren-yansformer that nds cross-view pixel correspondences and
derers. Early methods employed voxel grids and learmnedagsociates them with positionally encoded depth valiigs |
rendering technique2f, 31, 40], and more recently, heu-

ral elds [2, 28, 29, 57] and volume rendering?[7, 29, 49| 3. Background: 3D Gaussian Splatting

have become the de-facto standard. However, a key hurdle
of these methods is their high computational demand, as3D Gaussian Splattind.p], which we will refer to as 3D-GS,
rendering usually requires dozens of queries of the neuralparameterizes a 3D scene as a set of 3D Gaussian primi-
eld per ray. Discrete data structures can accelerate rendertivesfge=( ; «; «k;Sk)di whicheach have a mean,

ing [6, 12, 25, 30] but fall short of real-time rendering at high a covariance g, an opacity , and spherical harmonics co-
resolutions. 3D Gaussian splattintf] solves this problem  ef cients Sx. These primitives parameterize the 3D radiance
by representing the radiance eld using 3D Gaussians that eld of the underlying scene and can be rendered to produce
can ef ciently be rendered via rasterization. However, all novel views. However, unlike dense representations like neu-
single-scene optimization methods require dozens of imagegal elds [29] and voxel grids 2], Gaussian primitives can

to achieve high-quality novel view synthesis. In this work, be rendered via an inexpensive rasterization operatign [

we train neural networks to estimate the parameters of aCompared to the sampling-based approach used to render
3D Gaussian primitive scene representation from just two dense elds, this approach is signi cantly cheaper in terms
images in a single forward pass. of time and memory.

2. Related Work

Prior-based 3D Reconstruction and View SynthesisGen- Local minima. A key challenge of function tting with prim-
eralizable novel view synthesis seeks to enable 3D reconitives is their susceptibility to local minima. The tting of a
struction and novel view synthesis from only a handful of 3D-GS model is closely related to the tting of a Gaussian
images per scene. If proxy geometry (e.g., depth maps) ismixture model, where we seek the parameters of a set of
available, machine learning can be combined with image-Gaussians such that we maximize the likelihood of a set of
based renderingl| 22, 36, 56] to produce convincing re- samples. This problem is famously non-convex and gener-
sults. Neural networks can also be trained to directly regressally solved with the Expectation-Maximization (EM) algo-
multi-plane images for small-baseline novel view synthe- rithm [8]. However, the EM algorithm still suffers from local
sis 45, 53, 60, 61]. Large-baseline novel view synthesis, minima [L7] and is not applicable to inverse graphics, where
however, requires full 3D representations. Early approachesonly images of the 3D scene are provided and not ground-
based on neural elds3p, 41] encoded 3D scenes in indi- truth 3D volume density. In 3D-GS, local minima arise when
vidual latent codes and were thus limited to single-object Gaussian primitives initialized at random locations have to
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ACID RealEstate10k Inference Time (s) Memory (GB)
PSNR" SSIM" LPIPS# | PSNR" SSIM" LPIPS# | Encode# Render# | Training# Inferencet#

Ours 28.27 0.843 0.14 26.09 0.863 0.13 0.102 0.002 14.4 3.002
Duetal. [LO] 26.88 0.799 0.218 24.78 0.820 0.213 0.016 1.309 314.3 19.604
GPNR [6] 25.28 0.764 0.33 2411 0.793 0.25 N/A 13.340 3789.9 19.441
pixelNeRF b8 20.97 0.547 0.53 20.43 0.589 0.55 0.005 5.294 436.7 3.962

Table 1.Quantitative comparisons.We outperform all baseline methods in terms PSNR, LPIPS, and SSIM for novel view synthesis on

the real-world RealEstate10k and ACID datasets. In addition, our method requires less memory during both inference and training and
renders images about 650 times faster than the next-fastest baseline. In the memory column, we report memory usage for a single scene and
256 256rays, extrapolating from the smaller number of rays per batch used to train the baselines where necessary. Note that we report
GPNR's encoding time as N/A because it has no encodeb®\é rst-place results and underline second-plaesults in each column.

extending the neural netwofkas we gradually increase the inter-frame distance between refer-
o _ ence views as training progresses. For further training details,
;S =T(Ful): (8) consult the supplementary material.

Summary. Algorithm 1 provides a summary of the proce- Evaluation Metrics. To evaluate visual delity, we com-

dure that predicts the parametérs, : :S) of a pixel- pare each method's rendered images to the corresponding

aligned Gaussian primitive from the corresponding pixel's 9round-truth frames by computing a peak signal-to-noise

featureF [u]. ratio (PSNR), structural similarity index (SSIMj4], and
perceptual distance (LPIPS)q. We further evaluate each

5. Experiments method's resource demands. In this comparison, we distin-

guish between the encoding time, which is incurred once
In this section, we describe our experimental setup, evaluateper scene and amortized over rendered views, and decoding
our method on wide-baseline novel view synthesis from time, which is incurred once per frame.

image pairs, and perform ablations to validate our design. Implementation details. Each reference image is passed

5.1. Experimental Setup through a ResNet-501p] and a \ﬁT—I_3/8 visipn trans-
former [9] that have both been pre-trained using a DINO
We train and evaluate our method on RealEstate®0k [  objective ]; we sum their pixel-wise outputs. We train our
a dataset of home walkthrough videos downloaded from model to minimize a combination of MSE and LPIPS losses
YouTube, as well as ACIDZ4], a dataset of aerial landscape ysing the Adam optimizer[). For the “Plus Depth Regu-
videos. Both datasets include camera poses computed barization” ablation, we regularize depth maps by ne-tuning
SfM software, necessitating the scale-aware design discussegith 50,000 steps of edge-aware total variation regularization.

in Section4.1. We use the provided training and testing splits. OQur encoder performs two rounds of epipolar cross-attention.
Because the prior state-of-the-art wide-baseline novel view
synthesis model by Du et alL(] only supports a resolution  5.2. Results

f2 256, we train and eval r model at this reso- o :
ol - 56 256 wetrainand e auatg ou ”ode at this reso We report quantitative results in Table Our method out-
lution. We evaluate our model on its ability to reconstruct

: . é)erforms the baselines on all metrics, with especially sig-
video frames between two frames chosen as reference views.. . ; .
ni cant improvements in perceptual distance (LPIPS). We

Baselines We compare our method against three novel- show qualitative results in Fig. Compared to the baselines,
view-synthesis baselines. pixeINeRF] conditions neural  our method is better at capturing ne details and correctly
radiance elds on 2D image features. Generalizable Patchinferring 3D structure in portions of each scene that are only
based Neural Rendering (GPNRJ] is an image-based observed by one reference view.

light eld _renderlng method that computes novel_\/lews _by Training and Inference cost As shown in Tablel, our
aggregating transformer tokens sampled along epipolar lines.

The unramed mehod of D e . o comtinesght 218 01 el e resouce lensie i e base
eld rendering with an epipolar transformer, but addition- ' P '

ally uses a multi-view self-attention encoder and proposesInfer a single scene (encoding) and then render 100 images

a more ef cient approach for sampling along epipolar lines. (decoding), the approximate number in a RealEstate10k or

To present a fair comparison, we retrained these baseline'sA‘CID sequence, is about 650 times less. Our method also

by combining their publicly available codebases with our USES Signi cantly less memory per ray at training time.
datasets and our method's data loaders. We train all methodsRoint cloud rendering. To qualitatively evaluate our
including ours, using the same training curriculum, where method's ability to infer a structured 3D representation, we

19462









References

(1]

(2]

(4]

(5]

(6]

[7]

(8]

9]

(10]

(11]

(12]

Kara-Ali Aliev, Artem Sevastopolsky, Maria Kolos, Dmitry [
Ulyanov, and Victor Lempitsky. Neural point-based graphics.
In Proceedings of the European Conference on Computer
Vision (ECCV) pages 696—712. Springer, 2020.

Jonathan T. Barron, Ben Mildenhall, Matthew Tancik, Peter
Hedman, Ricardo Martin-Brualla, and Pratul P. Srinivasan.
Mip-nerf: A multiscale representation for anti-aliasing neural
radiance elds. InProceedings of the International Confer-
ence on Computer Vision (ICC\J021.2

Mathilde Caron, Hugo Touvron, Ishan Misra, Héer§gou,
Julien Mairal, Piotr Bojanowski, and Armand Joulin. Emerg-
ing properties in self-supervised vision transformersPio-
ceedings of the International Conference on Computer Vision
(Iccv), 2021.6

Eric R Chan, Koki Nagano, Matthew A Chan, Alexander W
Bergman, Jeong Joon Park, Axel Levy, Miika Aittala, Shalini
De Mello, Tero Karras, and Gordon Wetzstein. Generative
novel view synthesis with 3d-aware diffusion moddfso- [
ceedings of the International Conference on 3D Vision (3DV)
2023.2

Anpei Chen, Zexiang Xu, Fugiang Zhao, Xiaoshuai Zhang,
Fanbo Xiang, Jingyi Yu, and Hao Su. Mvsnerf: Fast general-
izable radiance eld reconstruction from multi-view stereo.
In Proceedings of the International Conference on Computer
Vision (ICCV) pages 14124-14133, 20241.

Anpei Chen, Zexiang Xu, Andreas Geiger, Jingyi Yu, and
Hao Su. Tensorf: Tensorial radiance eldatrXiv preprint
arXiv:2203.095172022.2

Julian Chibane, Aayush Bansal, Verica Lazova, and Gerard
Pons-Moll. Stereo radiance elds (srf): Learning view syn-
thesis from sparse views of novel scenes.Pnceedings

of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR)EEE, 2021.2

Arthur P Dempster, Nan M Laird, and Donald B Rubin. Max-
imum likelihood from incomplete data via the em algorithm.
Journal of the royal statistical society: series B (methodologi-
cal), 39(1):1-22, 19772

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov,
Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner,
Mostafa Dehghani, Matthias Minderer, Georg Heigold, Syl-
vain Gelly, et al. An image is worth 16x16 words: Transform-
ers for image recognition at scaleroceedings of the Interna-
tional Conference on Learning Representations (IGLRR1.

6

Yilun Du, Cameron Smith, Ayush Tewari, and Vincent Sitz-
mann. Learning to render novel views from wide-baseline

13]

14]

[15]

17]

the IEEE Conference on Computer Vision and Pattern Recog-
nition (CVPR) pages 5501-5510, 2022.

Clement Godard, Oisin Mac Aodha, Michael Firman, and
Gabriel J Brostow. Digging into self-supervised monocular
depth estimation. IProceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPE)19.2, 3
Pengsheng Guo, Miguel Angel Bautista, Alex Colburn, Liang
Yang, Daniel Ulbricht, Joshua M Susskind, and Qi Shan. Fast
and explicit neural view synthesis. Proceedings of the
IEEE/CVF Winter Conference on Applications of Computer
Vision (WACV)pages 3791-3800, 2022.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun.
Deep residual learning for image recognition.Arceedings

of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR)pages 770-778, 2016.

Yihui He, Rui Yan, Katerina Fragkiadaki, and Shoou-I Yu.
Epipolar transformers. IRroceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition (CVYPR)
2020.2, 3

Chi Jin, Yuchen Zhang, Sivaraman Balakrishnan, Martin J
Wainwright, and Michael | Jordan. Local maxima in the
likelihood of gaussian mixture models: Structural results and
algorithmic consequenceAdvances in Neural Information
Processing Systems (NeurlP39, 2016.2

] Mohammad Mahdi Johari, Yann Lepoittevin, and F@ia

[19]

[20]

[21]

[22]

(23]

stereo pairs. liProceedings of the IEEE Conference on Com- [24]

puter Vision and Pattern Recognition (CVRRD23.1, 2, 5,

6,7

David Eigen, Christian Puhrsch, and Rob Fergus. Depth
map prediction from a single image using a multi-scale deep
network. InAdvances in Neural Information Processing
Systems (NeurlPS2014.2, 3

Sara Fridovich-Keil, Alex Yu, Matthew Tancik, Qinhong

[25]

Chen, Benjamin Recht, and Angjoo Kanazawa. Plenoxels:[26]

Radiance elds without neural networks. Rroceedings of

19465

Fleuret. Geonerf: Generalizing nerf with geometry priors. In
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPRpages 18365—-18375, 2022.
Bernhard Kerbl, Georgios Kopanas, Thomas Léiimiler, and
George Drettakis. 3d gaussian splatting for real-time radiance
eld rendering. ACM Transactions on Graphics (To&G)2(4):
1-14,20231,2,3,4,7

Diederik P. Kingma and Jimmy Ba. Adam: A method for
stochastic optimization. 18rd International Conference on
Learning Representations, ICLR 2015, San Diego, CA, USA,
May 7-9, 2015, Conference Track Proceedirn2f315.6

Diederik P Kingma and Max Welling. Auto-encoding varia-
tional bayesProceedings of the International Conference on
Learning Representations (ICLR)014.5

Georgios Kopanas, Julien Philip, Thomas Leirler, and
George Drettakis. Point-based neural rendering with per-view
optimization. InComputer Graphics Forunpages 29—43.
Wiley Online Library, 20212

Kai-En Lin, Lin Yen-Chen, Wei-Sheng Lai, Tsung-Yi Lin,
Yi-Chang Shih, and Ravi Ramamoorthi. Vision transformer
for nerf-based view synthesis from a single input imagm-
ceedings of the IEEE/CVF Winter Conference on Applications
of Computer Vision (WACY2022.2

Andrew Liu, Richard Tucker, Varun Jampani, Ameesh Maka-
dia, Noah Snavely, and Angjoo Kanazawa. In nite nature:
Perpetual view generation of natural scenes from a single
image. InProceedings of the International Conference on
Computer Vision (ICCV/)2021.6

Lingjie Liu, Jiatao Gu, Kyaw Zaw Lin, Tat-Seng Chua, and
Christian Theobalt. Neural sparse voxel eldsdvances in
Neural Information Processing Systems (Neur|28p0.2
Yuan Liu, Sida Peng, Lingjie Liu, Qiangian Wang, Peng
Wang, Christian Theobalt, Xiaowei Zhou, and Wenping Wang.



[27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

Neural rays for occlusion-aware image-based rendering. In
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPRpages 7824—-7833, 2022.

Stephen Lombardi, Tomas Simon, Jason Saragih, Gabriel[39]

Schwartz, Andreas Lehrmann, and Yaser Sheikh. Neural
volumes: Learning dynamic renderable volumes from images.
ACM Trans. Graph.2019.2

Ricardo Martin-Brualla, Noha Radwan, Mehdi SM Sajjadi,
Jonathan T Barron, Alexey Dosovitskiy, and Daniel Duck-
worth. Nerf in the wild: Neural radiance elds for uncon-
strained photo collections. Rroceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition (CVPR)
pages 7210-7219, 2022.

Ben Mildenhall, Pratul P Srinivasan, Matthew Tancik,

Jonathan T Barron, Ravi Ramamoorthi, and Ren Ng. NeRF:41]

Representing scenes as neural radiance elds for view synthe-
sis. InProceedings of the European Conference on Computer
Vision (ECCV) pages 405-421, 2020, 2

Thomas Miller, Alex Evans, Christoph Schied, and Alexander
Keller. Instant neural graphics primitives with a multiresolu-
tion hash encodingACM Trans. Graph.41(4):102:1-102:15,
2022.2

Thu H Nguyen-Phuoc, Chuan Li, Stephen Balaban, and

Yongliang Yang. Rendernet: A deep convolutional network [43]

for differentiable rendering from 3d shapegdvances in
Neural Information Processing Systems (Neur|33) 2018.

2

Michael Niemeyer, Lars Mescheder, Michael Oechsle, and
Andreas Geiger. Differentiable volumetric rendering: Learn-
ing implicit 3d representations without 3d supervision. In
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPRpages 3504-3515, 2020.

Reré Ranftl, Katrin Lasinger, David Hafner, Konrad
Schindler, and Vladlen Koltun. Towards robust monocular

depth estimation: Mixing datasets for zero-shot cross-dataset[45]

transfer.|EEE Transactions on Pattern Analysis and Machine
Intelligence 2020.2, 3

Rere Ranftl, Alexey Bochkovskiy, and Vladlen Koltun. Vi-
sion transformers for dense prediction. Rroceedings of

the IEEE/CVF International Conference on Computer Vision [46]

pages 12179-12188, 2024.
Jeremy Reizenstein, Roman Shapovalov, Philipp Henzler,
Luca Sbordone, Patrick Labatut, and David Novotny. Com-

mon objects in 3d: Large-scale learning and evaluation of [47]

real-life 3d category reconstruction. Rroceedings of the
International Conference on Computer Vision (ICCpages
10901-10911, 20212

Gernot Riegler and Vladlen Koltun. Free view synthesis. In [48]

Proceedings of the European Conference on Computer Vision
(ECCV) 2020.2
Mehdi SM Sajjadi, Henning Meyer, Etienne Pot, Urs

[44]

gun, Li Fei-Fei, Deging Sun, et al. Zeronvs: Zero-shot 360-
degree view synthesis from a single real imagiv preprint
arXiv:2310.179942023.2

Prafull Sharma, Ayush Tewari, Yilun Du, Sergey Zakharov,
Rares Andrei Ambrus, Adrien Gaidon, William T Freeman,
Fredo Durand, Joshua B Tenenbaum, and Vincent Sitzmann.
Neural groundplans: Persistent neural scene representations
from a single image. IfProceedings of the International
Conference on Learning Representations (IGLRR2.2
Vincent Sitzmann, Justus Thies, Felix Heide, Matthias
NieRner, Gordon Wetzstein, and Michael Zdfler. Deepvox-

els: Learning persistent 3d feature embeddingfrbteed-

ings of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPRR019.1, 2

Vincent Sitzmann, Michael Zoltbfer, and Gordon Wetzstein.
Scene representation networks: Continuous 3d-structure-
aware neural scene representatiohdvances in Neural In-
formation Processing Systems (NeurlP&), 2019.1, 2

2] Vincent Sitzmann, Julien N.P. Martel, Alexander W. Bergman,

David B. Lindell, and Gordon Wetzstein. Implicit neural rep-
resentations with periodic activation functions.Advances

in Neural Information Processing Systems (Neur|28p0.

2

Vincent Sitzmann, Semon Rezchikov, Bill Freeman, Josh
Tenenbaum, and Fredo Durand. Light eld networks: Neural
scene representations with single-evaluation renderingdin
vances in Neural Information Processing Systems (NeuyIPS)
2021.1,2

Cameron Smith, Yilun Du, Ayush Tewari, and Vincent Sitz-
mann. Flowcam: Training generalizable 3d radiance elds
without camera poses via pixel-aligned scene @dwvances

in Neural Information Processing Systems (Neur|28p3.

Pratul P Srinivasan, Richard Tucker, Jonathan T Barron, Ravi
Ramamoorthi, Ren Ng, and Noah Snavely. Pushing the bound-
aries of view extrapolation with multiplane images.Hro-
ceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPRpages 175-184, 2019.
Mohammed Suhail, Carlos Esteves, Leonid Sigal, and
Ameesh Makadia. Generalizable patch-based neural render-
ing. InProceedings of the European Conference on Computer
Vision (ECCV) Springer, 20222, 6, 7

Mohammed Suhail, Carlos Esteves, Leonid Sigal, and
Ameesh Makadia. Light eld neural rendering. Rroceed-
ings of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR)pages 8269-8279, 2022,2, 5

Stanislaw Szymanowicz, Christian Rupprecht, and Andrea
Vedaldi. Viewset diffusion:(0-) image-conditioned 3d genera-
tive models from 2d dataProceedings of the International
Conference on Computer Vision (ICG\2p23.8

Bergmann, Klaus Greff, Noha Radwan, Suhani Vora, Mario [49] Andrea Tagliasacchi and Ben Mildenhall. Volume rendering

Lucic, Daniel Duckworth, Alexey Dosovitskiy, et al. Scene

digest (for nerf).arXiv preprint arXiv:2209.0241,72022.2

representation transformer: Geometry-free novel view synthe-[50] Ayush Tewari, Justus Thies, Ben Mildenhall, Pratul Srini-

sis through set-latent scene representati@nXxiv preprint
arXiv:2111.131522021.1, 2

Kyle Sargent, Zizhang Li, Tanmay Shah, Charles Herrmann,
Hong-Xing Yu, Yunzhi Zhang, Eric Ryan Chan, Dmitry La-

19466

vasan, Edgar Tretschk, W Yifan, Christoph Lassner, Vincent
Sitzmann, Ricardo Martin-Brualla, Stephen Lombardi, et al.
Advances in neural rendering. @omputer Graphics Forum
pages 703-735. Wiley Online Library, 202B.2



[51] Ayush Tewari, Tianwei Yin, George Cazenavette, Semon
Rezchikov, Joshua B Tenenbaumééfo Durand, William T
Freeman, and Vincent Sitzmann. Diffusion with forward
models: Solving stochastic inverse problems without direct
supervision. Advances in Neural Information Processing
Systems (NeurlP32023.2, 8

[52] Alex Trevithick and Bo Yang. Grf: Learning a general radi-
ance eld for 3d representation and renderingPhoceedings
of the International Conference on Computer Vision (ICCV)
pages 15182-15192, 2024.

[53] Richard Tucker and Noah Snavely. Single-view view synthe-
sis with multiplane images. IRroceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition (CVPR)
pages 551-560, 202Q.

[54] Qiangian Wang, Zhicheng Wang, Kyle Genova, Pratul Srini-
vasan, Howard Zhou, Jonathan T. Barron, Ricardo Martin-
Brualla, Noah Snavely, and Thomas Funkhouser. Ibrnet:
Learning multi-view image-based rendering. Rnoceed-
ings of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPRR021.2

[55] Zhou Wang, Alan C Bovik, Hamid R Sheikh, and Eero P
Simoncelli. Image quality assessment: From error visibility to
structural similarity.lEEE Transactions on Image Processing
2004.6

[56] Olivia Wiles, Georgia Gkioxari, Richard Szeliski, and Justin
Johnson. Synsin: End-to-end view synthesis from a single
image. InProceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPRages 74677477,
2020.2

[57] Yiheng Xie, Towaki Takikawa, Shunsuke Saito, Or Litany,
Shigin Yan, Numair Khan, Federico Tombari, James Tompkin,
Vincent Sitzmann, and Srinath Sridhar. Neural elds in visual
computing and beyondComputer Graphics Forun2022.2

[58] Alex Yu, Vickie Ye, Matthew Tancik, and Angjoo Kanazawa.
pixelNeRF: Neural radiance elds from one or few images.
In Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition (CVPR)021.1, 2, 6, 7

[59] Richard Zhang, Phillip Isola, Alexei A Efros, Eli Shecht-
man, and Oliver Wang. The unreasonable effectiveness of
deep networks as a perceptual metricPhoceedings of the
IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR) 2018.6

[60] Yunzhi Zhang and Jiajun Wu. Video extrapolation in space
and time.arXiv e-prints pages arXiv—2205, 2022.

[61] Tinghui Zhou, Richard Tucker, John Flynn, Graham Fyffe,
and Noah Snavely. Stereo magni cation: Learning view syn-
thesis using multiplane imageACM Trans. Graph. (Proc.
SIGGRAPH)37, 2018.2, 6

19467



