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* One-2-3-45: Any Single Image to 3D Mesh in 45 Seconds without Per-Shape
Optimization
- Overview
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- 3D reconstruction
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- Method
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Optimization
- Method
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- Experiments
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* One-2-3-45: Any Single Image to 3D Mesh in 45 Seconds without Per-Shape
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- Experiments: F-Score
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* LRM: Large reconstruction model for single image to 3D

« Overview
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* LRM: Large reconstruction model for single image to 3D
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* LRM: Large reconstruction model for single image to 3D
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* LRM: Large reconstruction model for single image to 3D

- Method
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* LRM: Large reconstruction model for single image to 3D
- Method

- Decoder: Image-To-Triplane Decoder
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* LRM: Large reconstruction model for single image to 3D
- Method

- Decoder: Image-To-Triplane Decoder
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* LRM: Large reconstruction model for single image to 3D
- Method

- Decoder: Image-To-Triplane Decoder

Learnable .
boitionalembeiidings Image-to-Triplane Decoder

; .f Camera features, Dim: 20
Dim: (3 x 32 x 32) x 1024 16 Layers, Dim: 1024

:':Modulation with Camera features
v DIT=7H I3 w5
« DiT = Transformer + Diffusion + AdalLN
:*ModLN
v, 8 = MLP™4(&)
ModLN¢(f;) =LN(f;) - (1+~)+ 8
v camera features= LayerNorm, MLP $14H& &3l output & ‘BE QkS
v 1< scale, b shift factor

R 41 TH8ED

SOGANG UNIVERSITY 31

VDS

-
>
o



Paper Review

* LRM: Large reconstruction model for single image to 3D
= Method
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* LRM: Large reconstruction model for single image to 3D

- Method
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* LRM: Large reconstruction model for single image to 3D
- Method

- Training Objectives
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* LRM: Large reconstruction model for single image to 3D
- Experiments

- Training Objectives
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s'zepoch: 30
S AI TR 3Y
;'zoptimizer: AdamW
:':cosine scheduler A&
::learning rate: 4 o 19-4

- Inference
::GPU: A100
;':Camera feature: Objaverse = &} 553 W] 9] feature

:'sinput single image — mesh (5% 7| 1)
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=g —lr
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- 5\ S s

- H A Aol thsf SR E A B sk e
;= Ql: single image — 3D A A7} 520 2 0] ]

v BRI JAEN S A 18 G2 F¢ Aol ek

’

¢

ot

- F& AlZF 5 ¢F 314 ¥ camera intrinsic, extrnsic parameter set= H| 2~ E o| 1] x| of] & }3}
R EIR P R P APt PSSP P e N [ R E RO I

Absz o] o] u A kg U

P szusa | VDS I
6 SOGANG UNIVERSITY 39 Lag



Paper Review

* LRM: Large reconstruction model for single image to 3D
= Limitation
- 1A o 2 AZFNE =714 Q1 A A

s'«input image 2} camera feature modulation
v input ©| 7| ], 7}H] 2} feature {F AP S 2 F LT} HEH S wf o] o] m] x| = 2
rendering &

v gl e] el uhE A

2 37} Sk <] 28 oFA input image & A3t
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