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“Conferences do not accept results.
They accept papers.”
-- Michael Black
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BARF #': Bundle-Adjusting Neural Radiance Fields

What Makes Paris Look like Paris? SIGGRAPH'12
Seeing the World in a Bag of Chips. CVPR'20
Unbiased Look at Dataset Bias. CVPR'11
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Track Everything Everywhere All at Once. ICCV'23
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« SMPL: A Skinned Multi-Person Linear Model. TOG'15

« BAD-SLAM: Bundle Adjusted Direct RGB-D SLAM. CVPR'19

« NICE-SLAM: Neural Implicit Scalable Encoding for SLAM. CVPR'22

« Are we ready for Autonomous Driving? The KITTI Vision Benchmark Suite. CVPR'12

« Nerfies: Deformable Neural Radiance Fields. ICCV'21

* Infinite Nature: Perpetual View Generation of Natural Scenes from a Single Image. ICCV'21

« No Pose, No Problem: Surprisingly Simple 3D Gaussian Splats from Sparse Unposed Images.
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« PSGN: A Point Set Generation Network for 3D Object Reconstruction from a Single Image
 SIRFS: Shape, lllumination, and Reflectance from Shading.
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Google nerf X & & Q
All  Shopping Images Videos News Web Forums ¢ More Tools
= Toy Gun Fortnite Get it fast On sale a Amazon @ Target Under $60 8+ Years Walmart Toy Bow Definition >
Sponsored
Nerf :
SALE SALE

mw (T

Q Pick up tomorrow

Nerf LMTD Halo Needler NERF Pro Torrent Automatic Toy Foam

Dart-Firing Blaster, Light-... Blasters Kids - Electric So...

$67.18 $100 $19.89 $30 $38.97

Amazon.com Target Amazon.com Nerf is a toy brand formed by Parker Brothers and currently
Free shipping (22) Free shipping owned by Hasbro. Most of the toys are a variety of foam-

based weaponry, with other Nerf products including balls
Easy to use” - "Durable for sports such as American football, basketball, and

baseball. Wikipedia
Introduced: 1969; 55 years ago

() Hasbro Owner: Hasbro
https://nerf.hasbro.com > en-us

Hasbro Nerf - Official Website
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is widely used in computer vision and has applications in
Recent work has addressed this problem by
Unfortunately, all of these approaches

In contrast, we do something different (insert nugget of an idea).
This fixes ____, however, it does not solve .

Consequently, we develop a novel

While promising,  is non-trivial.

Therefore, we further do something .

We evaluate _ qualitatively and quantitatively on __ and find that it is more accurate
than the state of the art.

(Code and data will be available for research purposes.)

AREBHTF: Writing a good scientific paper, Michael Black




B 15E Abstract (EL1ERR) BT — (58 - iR 5

is widely used in computer vision and has applications in
Recent work has addressed this problem by
Unfortunately, all of these approaches

In contrast, we do something different (insert nugget of an idea).
This fixes ____, however, it does not solve .

Consequently, we develop a novel

While promising,  is non-trivial.

Therefore, we further do something .

We evaluate _ qualitatively and quantitatively on __ and find that it is more accurate
than the state of the art.

(Code and data will be available for research purposes.)

AREBHTF: Writing a good scientific paper, Michael Black




¥ 753 Method

- iclE: Bir@iLiEsS s EtiiEeg, iR iZadflowlEEEE
- BULE, ARESTIFITE

— AP EHRERREIE:
1. Bl ERiEENEE
2. BEx: BRETZENBERR: BRI IETXNN—MER

3. #lifk: BRETAE— " modulelISIERES
o FO_E3SZEREX
o IHAFKEEX T module (motivation)
- BAIIZ2EAMAY (how)

T




1. B EinEEEE
5D Input Output Volume Rendering
Position + Direction Color + Density Rendering Loss

o 3209) =[]~ rg0) ) g N |
/ F@ Ray2 o C/g/?f'/ / II W-ct.

. ﬁ\)) g B> ..
A WP

e :
(a) (b) (c) (d)

2

Mildenhall et al.: NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis. ECCV’' 20 Best Paper Honorable Mention
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3 Neural Radiance Field Scene Representation

4 Volume Rendering with Radiance Fields

Mildenhall et al.: NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis. ECCV’' 20 Best Paper Honorable Mention
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3 Neural Radiance Field Scene Representation

4 Volume Rendering with Radiance Fields

5 Optimizing a Neural Radiance Field

Mildenhall et al.: NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis. ECCV’' 20 Best Paper Honorable Mention
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3 Neural Radiance Field Scene Representation
4 Volume Rendering with Radiance Fields

5 Optimizing a Neural Radiance Field

In the previous section we have described the core components necessary for ETERER
modeling a scene as a neural radiance field and rendering novel views from this #l B
representation.

Mildenhall et al.: NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis. ECCV’' 20 Best Paper Honorable Mention
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3 Neural Radiance Field Scene Representation

4 Volume Rendering with Radiance Fields

5 Optimizing a Neural Radiance Field

In the previous section we have described the core components necessary for

modeling a scene as a neural radiance field and rendering novel views from this +— HE3ZHRER
representation. However, we observe that these components are not sufficient for

achieving state-of-the-art quality, as demonstrated in Section 6.4). <+— Motivation

<+<— How

Mildenhall et al.: NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis. ECCV’' 20 Best Paper Honorable Mention
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ChatGPT 40

Please help to make the following sentence concise,
without losing any key information.

We perform recognition tests, for machines and human
subjects, on low and high resolution images, which vary
significantly in the amount of appearance information
present, using just the object appearance information,
the combination of appearance and context, as well as
just context without object appearance information
(blind recognition).

We conduct recognition tests on low- and high-resolution images, for both

machines and humans, using object appearance alone, a combination of

appearance and context, and context alone (blind recognition).
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Restoring complete and intact shapes from \impaired ones is a crucial task with many practical applications, such
as virtual reality, robotics, and content generation.

\Impaired shapes can arise from various sources, such as depth sensor noise~ tep{tolgyessyKinectNoiseMode12021},
ill-posed 3D reconstruction~ ep{wuReconFusion2024}, intrinsic defects of geometric representations~
{fengSignedHeatMethod2024), limited signal sampling frequency, and so on.
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Restoring complete and intact shapes from \impaired ones is a crucial task with many practical applications,
such as virtual reality, robotics, and content generation.

\Impaired shapes can arise from various sources, such as depth sensor noise~

{tolgyessyKinectNoiseModel12021}, ill-posed 3D reconstruction~ {wuReconFusion2024}, intrinsic defects of
geometric representations~ {fengSignedHeatMethod2024}, and so on.

Due to the diversity of shape defectiveness

ARERBTF: iNfERcopilotflgptifillFiEEE. 528k




I® @& copilotilgp il EiEEE B SIE

Bz copilotFRANAICA—EHTE, RLLMEHES

R EFIE: For example, MARGESE FI AR =S HiEiG iR, minArEEEE A BT z-

buffering@ itk R, EEE2DRTH, XELLTEEL,

HTREXEE, ROVTARRBEER, TABH, #EEHESANTEIRESR, U TR L2
W

1. ERERNARE: BREMERBOARIERBARAETL.
2. BREMPXRAEFAN: BRXREHANERAEEARNRIERIA,
3. REEREMER: FARPETEANTR.

B EE)FUT:

"For instance, the rotation of an object can be succinctly described using three parameters, and
occlusions between objects can be simply represented using z-buffering. However, these concepts
become more complex when represented in 2D."
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