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Robots need multimodal dynamic 3D

understanding.




Current Progress in Multimodal Dynamic 3D Understanding
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Current Progress in Multimodal Dynamic 3D Understanding

Point cloud Voxel Polygon mesh

5D Input Output
Position + Direction Color + Density
,2,0,0) > —
r. (x2.2.0.9) |]|][| (RGBo) g
F ) Ray 2 -,.; oﬂ ’

NeRF, Mildenhall et al. 2020

3D Representations Dynamics



Current Progress in Multimodal Dynamic 3D Understanding

(1) Contrastive pre-training
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Everyday Tasks

Editing neural fields remains challenging




Dynamic Neural Fields / NeRFs



Dynamic Neural Fields / NeRFs

Neural 3D Video Synthesis from Multi-view Video, Li et al., CVPR 2022
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Multimodal 3D Neural Fields
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Multimodal 3D Neural Fields

1K Multisensory Neural Objects
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Part of the Reason: Datasets

Type Dataset Real 360° view Dynamic Caption Canonical Audio
DTU[27] v v X X — X
BlendedMVS[80] X v X X — X
ScanNet[13] v X X X — X
LLFF[45] v X X X — X
Mip-NeRF 360[5] v v X X — X

Scene  Block-NeRF[65] v X v X — X
DyNeRF[35] v X v X — X
HyperNeRF[53] v X v X — X
NDSD[82] v X v X — X
ILFV[7] v X v X — X
Deep3DMV|[39] v X v X — X
ShapeNet[9] X v X X v X
NeRF[46] X v X X v X

Object CO3D[55] v v X X X X
ScanNeRF[14] v v X X v X
OmniObject3D[75] v v X X v X
ObjectFolder[23] X v X X v v
PeRFception[28] v v X X X X

Hybrid Objaverse[17] X v v v v X
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DiVA-360:The Dynamic Visuo-Audio Dataset
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DiVA-360:The Dynamic Visuo-Audio Dataset
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Text Description

“a hypercar with a
bright blue front and
black back, two doors,
white accent lines, a tall
racing spoiler, and an
engine visible behind the
driver's seat.”










Challenges

Capture system (hardware+software)
Sensor synchronization
Calibration
Benchmarking Metrics



Ca_pture Hardware & Software

Exterior Frame Assembly Interior View



Table-scale scenes
Custom software for sensor synchronization
Calibration of cameras/lights
Manually labeled text descriptions






only 46/53 views shown

o
p u t .F r u 1 t only 1/6 audio channels played

showing level 3 text descriptions

a hand picking up assorted fruit around a brown painted ceramic bowl and placing them into
the bowl; the fruit includes an orange, a green apple, a lemon, and two bananas
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Static Data






Additional Information

* FG-BG segmentation masks and 6 DoF pose
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Additional Information

* FG-BG segmentation masks and 6 DoF pose
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A bright blué and black hypercar with a tall spoiler.
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A white cabinet with two doors and a shelf on top.
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Detour: Self-Supervised Canonicalization of Fields
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Rotation Equivariance in Vector Fields
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Rotation Canonicalization

3D Point Clouds NeRFs
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Rotation Canonicalization
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Results: Neural Radiance Fields
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DiVA-360:The Dynamic Visuo-Audio Dataset
diva360.github.io

DiVA360: The Dynamic Visual-Audio Dataset for Immersive Neural Fields



https://diva360.github.io/

Benchmarking Metrics

* Dynamic Data (per-frame on 6 held-out views)
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Learned Perceptual Image Patch Similarity (LPIPS) MixVoxels (Wang et al. 2022)
Just Objectionable Difference (JOD)
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e Static Data

Metrics

PSNR, SSIM, LPIPS, JOD
6DoF Pose Canonicalization (Sajnani et al. 2022)

Methods

Instant-NGP (Mueller et al. 2022)
CaFi-Net (Agaram et al. 2023)
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Per Frame Instant NGP

put fruit

Baseline PSNR*T SSIM T LPIPS| JODT Train (s/f)]  Render (s/f))

MixVoxels[71] 2739 £235 094+£002 0.09=+0.03 753+1.09 6633+43.19 1.77£0.52
PF I-NGP[47] 28.13 £3.50 095£0.03 0.08+=0.04 7.61 £093 48.85+4.73 0.67 £ 0.18
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Instant NGP

careo_random




of-] r‘Oe_random Instant NGP

Category
Chair

PSNR 1

32.95+2.11
Table 38.11+1.88
Cabinet 38.02+1.65
Mug 32.98+2.12
Fruit 34.91+2.36
Mouse 35.034+2.40

SSIM* 1+ LPIPS* | | Category

98+0.9 5423 Keyboard
99+0.3 24+0.6 Car
99+0.3 3+0.8 Couch
98+0.6 4-+0.7 Plane
99+0.3 34+0.8 Utensil
99+4(0.2 3+0.4 Scenes

PSNR

31.57£1.58
34.06+1.40
32.87£1.51
34.04+3.30
36.45£3.19
27.414+2.48

SSIM* 1 LPIPS* |

97+0.8 7+1.0
98+0.4 3+0.5
98+0.6 4109
98+0.8 4+2.1
99+0.4 6+2.9
95+2.0 8+2.7

Categories CC |

IC | | Categories

ccy IC)

chair
table
cabinet
mouse
utensil

0.0411
0.0630
0.0736
0.0443
0.1536

0.0203
0.0292
0.0374
0.0494
0.1134

keyboard
car
couch
plane

0.1396
0.0626
0.0604
0.0538

0.0719
0.0224
0.0343
0.0443
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DiVA-360:The Dynamic Visuo-Audio Dataset

Limitations

Focus not on humber of objects/categories
Benchmarking metrics limited to images
Not (yet) open world
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