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VGGT: Visual Geometry Grounded
Transformer

Jianyuan Wang, Minghao Chen, Nikita Karaev,
Andrea Vedaldi, Christian Rupprecht, David Novotny

CVPR 2025 Best Paper Award
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I Contribution
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MapAnything:. Universal Feed-Forward
Metric 3D Reconstruction

Nikhil Keetha, Norman Muller, Johannes Schonberger,
Lorenzo Porzi, Yuchen Zhang, Tobias Fischer,
Sebastian Scherer, Peter Kontschieder

3DV 2026
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Problem Setting
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Solution: Methodology

Image Ray Directions Pose Depth Image Ray Directions Pose Depth
1 +
4 Multi-Modal Encoders ) ( Multi-Modal Encoders N
Pose Normalized Pose Ray Local Ray Pose Normalized Pose Ray [ Local Ray y
[ DINOv2 J[ Rays ][ Rotation J( Translation ][ Scale J[ Depth }[ Depth 5‘33"3'] e [ PINOvZ ]{ Rays }[ Rotation J[ Translation ][ Scale ][ Depth )| Depth Scale
| ; ; : : ; ; | C : - ; B ;
N > Do J e U > Do J
+ @ Ref. View Emb. Shared Weights ¥
Scale Token View 1 Patch Tokens View N Patch Tokens
ol ~
[ Multi-View Transformer ] L'l (ﬂ"’) = K'B‘M . D*L'{N)

\7
oy \ | , Aok

MLP Single DPT Head Pose Head

N - Masks

4 B
“* -

Metric Scaling
Factor

N - Poses in View 1 Frame

N - Ray Depths N - Confidences

N - Ray Directions
e Multi Modal Encoder: inputE Zf encoderZ Xz| - =8
o 1H view0l|= Reference view Embedding &7}. 7|&
e Multi-View Transformer:
o scale token: scene M| 2E ML

o patch token: Zf viewe| 74N HH
e Point map2 & 0l|£5H= 20| ofl, Ray map®2t Ray Depth mapS Edlf 0| =gt.

latent space@ = H2t — patch token

ZHEA|

— scene?| AX| metric scale & — metric scaling factor(m)

RALS




Contribution
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MASt3R-SLAM:. Real-Time Dense SLAM
with 3D Reconstruction Priors

Riku Murai, Eric Dexheimer, Andrew J. Davison

CVPR 2025 - Highlight
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Problem Setting
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Solution: Methodology
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I Contribution
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Ov3R: Open-Vocabulary Semantic 3D
Reconstruction from RGB Videos

Ziren Gong, Xiaohan Li, Fabio Tosi, Jiawei Han,
Stefano Mattoccia, Jianfei Cai, Matteo Poggi

CVPR 2026
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I Problem Setting
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Solution: Methodology
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I Contribution
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Question & Disscusion
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	Solution: Methodology
	Segment Matcher가 2D Segments와 3D Point 연결
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