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* 3D Foundation Models

= 3D Scene understanding
_HS S /S 2D O|0|X| 2 HE 27t O[S0 LS XI&H +9
:': Image matching, Depth estimation, SLAM..
- LYot rule-based algorithm &%t S&F +=H “Ll =7H
;= SIFT, SURF, FAST, Epipolar Geometry...
-2D image 7|2t 3D &7t 0|5 & 4] (2D matching — 3D point cloud)
'« Structure from Motion 24! &1 2|F O|& (e.g. COLMAP, Reality Capture)
;': Feature Description — Epipolar Geometry — Triangulation — Bundle Adjustment
- DUSt3R, MASt3R, VGGT... 3D Foundation model &4 &%
-MASt3R : 3D-2D matching algorithm
;': Image Matching= 3D point cloud — 2D matching2| downstream2 2 off &
-VGGT : Visual Geometry Grounded Transformer

' Camera pose estimation, Depth Estimation, Tracking= feed forward 24| S 2 =&
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» Vggt: Visual geometry grounded transformer [CVPR 2025 Best Paper Award]

- 1. Visual Geometry Group, University of Oxford
- 2. Meta Al
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

VGGT: Visual geometry grounded transformer

* Introduction

- Scene?| key 3D attributesE & & = ES|= feed forward neural network
-Camera parameters, point maps, depth maps, 3D point tracks
- 7| 3D computer vision H77F EH X A0 =ot 52 7 R0 St
3D X7 7| el 42 712X O Z Bundle Adjustment2} 22 HHE %

E —
'8 & geometric 'EE |4 =710t 2 Y =3 ML(e.g. Depth Anything)

£Hot 200
_aa NFYS SOl 3D HAS HW GF & 4 AT

=
-VGGTL| B2 simple and efficient image reconstruction
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

VGGT: Visual geometry grounded transformer

* Introduction

- |2 A5 DUSE3R, MASt3R2| B2 FFN 7|8l 3D Reconstruction T2
-2% 9 pair O|O|X|of CHsl X 2| 7t=
- VGGT2| B % one, a few, hundreds of input viewO| LSl X 2| 75
-7} postprocessing 10| = 7| 2| CHH| F Ot H&
-2X 2|7l B0 DUSt3R, MASt3R, VGGSIMIt 2AXMOZ CHE M
-3D MdE Rlol S 22| HERA Z7 Ot fairly standard large transformer
- £=0t 3D inductive bias §10| -+
-GPT, CLIP, DINO, Stable Diffusiond} FAISHA| CFFSE 2 0f| ok 17 'H 0| 7ts
=0 ML

'+ VGGT & § 22 point tracking in dynamic videos, novel view synthesisO|| S
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference.

VGGT: Visual geometry grounded transformer
* Method

» Problem definition and notation

- £ ((I)y) = (8, Di, P T
S YHE SESHD A= NFe| O|0[X| 1
'« Camera parameter g (intrinsic and extrinsic R?)
- Depth map D € REXW | point map P € R3*#*W orid T € RE*HXW for point tracking
v'g=[q,t,f], rotation quaternion q, translation vector t, FoV f
vDepth D € R*, point map P= viewpoint invariantSt2 = g Of| A H 2|
vKeypoint tracking®| &% Track-Anypoint &4
- the network output track 7~ (yq) = ()N,

M
. T((y,-)ﬂ-vip (THIL,) = (()’i,j)liv=1)j=13 feature map T
' Over-complete Predictions
vVGGTZt 0| &5t= 2 2450| M2 SEXO[X] ¢S

vMNZ 7t closed-form 2t A 2 FZAE|LL, O| & HA|HOZE D= 0=
vEMHO 2 450 3A g Es =l
ﬂﬁ S ndka VDS
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference.

VGGT: Visual geometry grounded transformer

* Method

- Feature Backbone
- Following recent works in 3D deep learning, Z| 25 2| 3D inductive bias +X| & |
- P ES T transformerE 794
-ZF ¥ O|0|X| I= DINOE =3l patchify & K2 EZ t € RK*C
-D = Ty ol O|0|X| EEZ2 At 2 frame-wise & global self-attention WL M-&
-« Alternating-Attention(AA) 7| & EO::I
vFrame TH9| self-attention : =& Lf EZ
vGlobal self-attention : 2= EE“ 2ol EE

. Cross-attention = 91 0| self-attention 2t S 2 4

nad Global Frame Camera Head
camera token Attention Attention .
Input } —— — | — —>

4 A u u b

BBl pmo Concat
I
AEEEL — —> —> —

IEFEDRER —> —> |DPT| —>

Réi & CH 8k s —
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

VGGT: Visual geometry grounded transformer
* Method

- Prediction heads
-2} ;0] CH3H image token ¢/ camera token t{ € R*C register token ¢ € R¥*¢ ZAgt
;': Register token reference ‘Vision transformers need registers’[ICLR 2024]

N AT A ~ADNN
~(¢1,69,tR)" 2 AA transformer 0| Y E|Of (81,29, ¢R)" =
i i=1 l =1

s« First frameOf| CHSH camera token} register token different set of learnable token
/RE 3D OSS MM 02t AEAN Bl + ATS +
:': Transformer = frame# self-attentiona 2L 25H| IHZ0] frame S2F &3 token

;' K| E ZY A register token B 2{X|H image & camera tokenO| 0| F 0| AtE

i Global — Camera Head Cameras
camera token Attention Attention .
Input i i— . R . > . >
sgne .
[l

ElEEEE > — T
EI-III

LT [ ]

. H = (=

t DINO Concat

I 5 —_

AEEEL —> )
BERTENE — —_
EHEEEE u u [ et

W
B S SALL, >
HEEEE. — —> >
LAt |
FURTIRSE T ] —
> L tim
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

VGGT: Visual geometry grounded transformer
* Method

= Prediction head

-Camera Prediction

;- 471 9] self-attention S 1} linear layer & &S1tA|7] 0=
-Dense Prediction

.= Image token= DPT AlE=2 AKX 1l & & feature map F; € REHXW 2 Hzl

.« F= 3x3 convolution layerE & oli Depth map & Point map 2 2 mapping

v Aleatoric Uncertainty= 0| 5°tH 2 & 2| confidenceE LIEFLH 0 =2 =0 AFE

-Tracking

'« CoTracker2[ECCV 2024] architecture A&
\/OIE=1 J_LE.”OI 7|—O| A|7|-I-| AA.I 7|_7(-|Ol_x| Ol-o DE |:|.A O||:||X| —g A|__g_ 7|_%

ﬂ BTN VDS
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

VGGT: Visual geometry grounded transformer
e Training
= Training Loss

-L = Lcamera + Ldepth + meap + ALtrack N
Huber Loss = Zl’“

-Camera loss nl
N h I %(‘T’ﬂ - yn)za if |$ﬂ - yl"-'—' <9
e —_ s where =
s;: Huber loss Legmera = 2i=1119i — gille 8 (|€n — yn| — 36), otherwise

0|2 7HSSHH outlier &S B 2= €A 7H7H2 HEf
-Depth loss
DUSt3R§ [(F =, aleatoric-uncertainty loss2f mono depthO| Al AF& E[+= gradient 2
Laeptt = ZHED (D: = D))|| + =P ® (VD; — VD;)|| — alog =
-Point map loss
;' Depth loss2f & & SHA| 78 2

-Tracking los%

N
¢ Lewace = Y ) llyia — 54l

§=1 i=1
;s CoTracker22t & 2 S| point2| SffE Z2f| ¥ 2= O 2 2|3t visibility loss SA| AFR

SOGANG UNIVERSITY 11
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference.

VGGT: Visual geometry grounded transformer
 Training
» Ground Truth Coordinate Normalization
-Scene?| scaleO| L} global reference frameO| HHH O] = O|O|X| Xixf| = &2 B X| &=
CI3E S S o= EfCHS} 3p XAl Z4 1}
v =24 g (ambiguous reconstruction) Al 2
vCanonical frame E2| 2, sl H2tE o502 E R
-DUSt3R 2 [z}
B = O0|HE JHR] 7HH 2 ZHHEA 2 Het
;:Point mapd 2| 2= 3D HE2 RECER E-|0| Mg 32| E H2| AAt

“j:» Camera translation, point map, depth map 3 1+ 2}
b BEO| Z2HE 2 Y 2 normalization OF | %=
ﬂ AT THSED VDS

SOGANG UNIVERSITY 12
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conferen.

VGGT: Visual geometry grounded transformer
 Training

- Implementation Details
- 1.2 B parameter (1.2B x 4 byte = % 4.8GB)
- AdamW optimizer A&, 160,000 iteration <=2, cosine learning rate scheduler A&
- Color jittering, Gaussian blur, grayscale augmentation =2
-647 A100 GPU 97t =%
(39l Mz

= Training Data

-Co3Dv2,BlendMVS, DL3DV, MegaDepth,Kubric, WildRGB, ScanNet, HyperSim, Mapillary,
Habitat, Replica, MV S-Synth, PointOdyssey, Virtual KITTI,Aria Synthetic Environments,
Aria Digital Twin, Objaverse & artist-created asset

~Indoor and outdoor &t 1} synthetic and real-world scenario= Y SHA| 78

3D M HEE MA ST m; AT, stM 7| S S8 S

-TH 92| B2 MASBRE| of H|O[H 2 & CHFdat RAL

ce. 2025.
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

VGGT: Visual geometry grounded transformer

» Experiments

» Camera Pose Estimation
-CO3Dv2, RealEstate 10K dataset =
:Fast3RI} FASH S & VA 5ot 5 gFaf

:RelOK2| B2 S5 E|X| Y2 dataset 2 2 generalization 2S
Ao

¢ = = L —'— L
BAS ZATHE AL FIIH QI M5 AL TS
. ‘ RelOK (unseen) CO3Dv2 ——
Methods AUC@301 | AUC@301 | |me
Colmap+SPSG [92] 45.2 25.3 ~ 15
PixSfM [66] 49.4 30.1 > 20s
PoseDiff | 124] 48.0 66.5 ~Ts
DUSt3R [129] 67.7 76.7 ~Ts
MASER [62] 76.4 81.8 ~ 9s
VGGSIM v2 [125] 78.9 83.4 ~ 10s
MV-DUSt3R [111] ¥ 71.3 69.5 ~ 0.6s
CUT3R [127] ¥ 75.3 82.8 ~ (.65
FLARE [156] 78.8 83.3 ~ (.55
Fast3R [141] 72.7 82.5 ~0.2s
Ours (Feed-Forward) 853 88.2 ~ .25
Ours (with BA) 93.5 91.8 ~ 1.8s
R BTN VDS
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

VGGT: Visual geometry grounded transformer

« Experiments

= Multi-view Depth Estimation
-DTU datasetO| A Accuracy(Euclidean), Completeness, Overall(Chamfer distance)
-7t 2} GT B E & AFESHA| &1l 2 50H= DUSEBR, VGGT
- Point Map Estimation
-DUSt3R2f MASt3R=
X o SE EOIE T
unprojection= & Of|

- 72t 1 8(oil painting), B K| X| = T Y (non-overlapping), Bt =X O| AL} &t

2b2} OIT O 10£ 7t AR /S TH|8 A H 3} 44

Known GT

camera Method Acc.l. Comp.  Overall}

v Gipuma [40] 0.283 0873 0.578

v MVSNet [144] 0396  0.527 0.462 -

v CIDER [139] 0417 0437 0.427 Methods Acc.l Comp.] Overall,  Time

v PatchmatchNet [121] 0427 0377 0.417 - )

v MAS3R [62] 0403 0344 0.374 DU“{BR 1.167 0.842 1.005 ~Ts

v GeoMVSNet [157] 0331 0259 0295 MASR 0968  0.684 0.826 ~ 98

X DUSER 1129 2677 0.805 1781 Qurs (Point) 0.901 0.518 0.709 ~ .28
= - 0 : : N ~ 9

X Ouri—l 0.389 0.374 0.382 Ours (Depth + Cam)  0.873 0.482 0.677 0.2s

Table 2. Dense MVS Estimation on the DTU [51] Dataset. Table 3. Point Map Estimation on ETH3D

R A%l 3.',‘.1‘.. VDS
S —
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

VGGT: Visual geometry grounded transformer

» Experiments

« Ablation studies

- Alternating-Attention 84 728 845
Point map = J& = YHO| 7|5t &2 M| 2t Lt2t0[E 0 Ciet H & o)
Sox{0l 0|85 Welsio e, 14 @2 £ Bot X|ER M
ETH3D Dataset ‘ Acc.] Comp.] Overall]
Cross-Attention 1.287 0.835 1.061
Global Self-Attention Only | 1.032 0.621 0.827
Alternating-Attention 0.901 0.518 0.709

- Multi-task Learning
StLtC| HIERIA7L 02 3D 452 SA|0| <h&dt= A0 7E

o
Ral
T
oY
o[A

vdepth mapX} camera parameter = point map= A& 7t

W. Leamera  W. Laepth W Liaek Acc.l  Comp.]  Overall]

1.042 0.627 0.834
0.920 0.534 0.727
0.976 0.603 0.790
0.901 0.518 0.709

ASENE NS
ASENEVEN
ANESL NN

R 447 Tl 8k
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

VGGT: Visual geometry grounded transformer

» Experiments

= Finetuning for Downstream Tasks
-Feed-forward Novel View Synthesis

7| E S 'S FH0 2t oier0fE 7 =0 T = O|0|X| S &0F, A 2= 7| 2 2/ X0
off &dt= O|0[X|E o5

::LVSM2 2t VGGTE AT RGB O|0|X| & &£ E =7
«:j347HO| U™ F & AFESIL, Plicker ray= O| 80l EtZA A|E BEE &
Input Images B ‘ I
Method Known Input Cam  Size | PSNRt SSIMt LPIPS |
LGM [110] v/ 256 | 21.44 0.832 0.122
GS-LRM154] v/ 256 | 29.59 0.944 0.051
Prediction ﬂ}j LVSM [53] v 256 | 3171 0.957 0.027
Ours-NVS* X 224 | 3041 0.949 0.033

ﬂ B THSED VDS

SOGANG UNIVERSITY 17



1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

VGGT: Visual geometry grounded transformer

» Experiments

= Finetuning for Downstream Tasks
-Dynamic Point Tracking
= Metric
vOcclusion Accuracy (OA) : occlusion 0| = 2| binary accuracy

v"Mean proportion of visible points accuracy

v Average Jaccard (A)) : =8 S 7t O|F 25 12 B AHFHE X[
2 3= El CoTracker2E Kubric | O] E{ A Of| A X,jkﬂ ool w g
ol Ef A0 E2tE[0 UK S0 Rt d5
Kinetics RGB-S DAVIS
Method
Al &% OA AJ & OA AJ &% OA
TAPTR [63] 49.0 64.4 852 60.8 76.2 87.0 63.0 76.1 911

LocoTrack [13] 52.9 66.8 853 69.7 83.2 89.5 629 753 87.2
BootsTAPIR [26] 54.6 68.4 86.5 70.8 83.0 89.9 61.4 73.6 88.7

COTraCkerw 496 643 833 67.4 789 852 61.8 76.1 883
CoTracker + Ours 57.2 69.0 88.9 72.1 84.0 91.6 64.7 77.5 914

R AW THEE D VDS

SOGANG UNIVERSITY 18 LAB



)

VGGT: Visual geometry grounded transformer

e Discussion
= Limitations

- Fisheye or panorama image x| 2| X| 2 5}X|
_ol3 dAto| B|AMO| 2

o
[=]

TN 42 Mg g5 Aot

- A2 non-rigid 22 H HE| JhsStLE, A HAL = E

=
-But, {220 = 7Z 1t 27A| O &f G| O & 40| Tf

ofl fine-tuning ol == 7t

olr

- Runtime and Memory

-NVIDIA H100 GPU Flash Attention v3 Af-& 2
:'- Resolution : 336 x 518

Input Frames ! 2 4 8 10 20 30 100 200
Time (s) 0.04 005 007 011 014 031 1.04 3.12 8.75
Mem. (GB) 1.88 207 245 323 363 558 1141 2115 40.63

Table 9. Runtime and peak GPU memory usage across differ-
ent numbers of input frames. Runtime is measured in seconds
and GPU memory usage is reported in gigabytes.

R AW THEE D

SOGANG UNIVERSITY
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1) Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

VGGT: Visual geometry grounded transformer

» Discussion

- Single-view Reconstruction

Input Ours DUSt3R
‘ <0.ls | <0.1s

Two views

32 views

i3y 13;’;

e .

ABTNE-D
SOGANG UNIVERSITY
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« MASt3R-SLAM: Real-time dense SLAM with 3D reconstruction priors
[CVPR 2025]

- Imperial College London

g S TSR 3

SOGANG UNIVERSITY

VDS

-
=
m



1) Murai, Riku, Eric Dexheimer, and Andrew J. Davison. "MASt3R-SLAM: Real-time dense SLAM with 3D reconstruction priors." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

MASt3R-SLAM

* Introduction

- Robust and accurate visual SLAM
-SLEQO{ 2t AZ EQO{7t STHE AHES LS5 AAHZ Sl 7ts
-8 LY, plug-and-play WA Q2 E 7 ALE 7HSSHA| 5
s Hardware M =73 1} calibration 2

-IMU2 22 =7t M 10| minimal single camera setupOfl A pose@f & 2=l dense
mapXl| S in-the-wild 248 SLAM A|A B Z=XY{SHK| S
HFX

- Reliable dense SLAM system+ spatial intelligence2| &2 ot ZHMO| & A

New Image ‘ ‘&ment Keyframe
MASt3R (Sec 3.1)

Pointmap Matching (Sec 3.2)

t

o
&

I

\
¢

<, b

\_ ¥ SNV T A
&
o

1 Loop Closure Candidates
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1) Murai, Riku, Eric Dexheimer, and Andrew J. Davison. "MASt3R-SLAM: Real-time dense SLAM with 3D reconstruction priors." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

MASt3R-SLAM

* Introduction
- 2D imageE FE 2| SLAM =3

- Time-varying pose2} camera model, 3D scene geometry =

'

e
- Single-view prior
' Monocular depth and normal & oF 22| O|O|X|2&H 3D 7|3IE 0=
vEZ 0] A1 view 7+ B0 BF
~Multi-view 7|8t prior
::Optical flow & 22 = =8 = U
'+ Pixel O| S O] camera pose extrinsicf camera model0]| 2=
vEZRQ 7|5t 22|17t o2&
-3D geometry in a common coordinate frame 7| 2F
- O|O| X| set O|& pose, camera model, dense geometry off &
-Two-view 3D reconstruction prior
= DUSt3R and MASt3R

& & O|0| X| 28 H common coordinate2| point map = =

ﬂ 447 Tl 8k

SOGANG UNIVERSITY 23



1) Murai, Riku, Eric Dexheimer, and Andrew J. Davison. "

MASt3R-SLAM

* Introduction

MASt3R-SLAM: Real-time dense SLAM with 3D reconstruction priors." Proceedings of the Computer Vision a

- Two-view 7|8t 3D X7+ prior A& O| &7

-SIMIt SLAME 378 S|AMHS 2| 22HR
Oxl
o

ro
of

22 WFORN R LT

1o
- O =
~two-view 2= = SIMO| 7| & EtR| 2l 2-view 7|5} & BIH

-2 =3} =l X E £ backendO|A12| =X @ THEFD} robust consensus ZHs
= Main contribution

~-MASt3R O| & 2-view 7|8 3D X +-d 1 matching prior 7| g bottom-up 2 A|

:SLAM system= ?|oF =AtH [0 Y S 2A[ZH A2
' Low-latency matching, map maintenance, large scale optimization 282

vFrontendOf| A| point map local filtering, backend 0| Al CH 12 global optimization
-0 gE Zri e ZZO|L O 3t 2l RES 7oK B2

=2 |-?_-|A'|
sr B = ray/F A7 72t S 2 A|LHICH= 7HE 2 X< 8ia
v7|E Ao A2 intrinsic calibration =0 &l &= 71H Ch= &XY

R 447 Tl 8k
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1) Murai, Riku, Eric Dexheimer, and Andrew J. Davison. "MASt3R-SLAM: Real-time dense SLAM with 3D reconstruction priors." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

MASt3R-SLAM

 Method
» Preliminaries
-DUSt3R’s pipeline

;' Pair of images I*, I/ € RI>XW>3 2/ &

:'+ Point map Xl-‘,Xij € RIP>Wx3 Z & Confidences C}, Cij € RAXWX1
-MASt3R’s pipeline (additional head)

:'= d-dimensional features for matching D}, Di] € RHXWxd

:': Corresponding confidence Q/, Q] € RA*W*1

2Py (1L ) 2 MASB3RE| £3 Fo)

= @ 2 —3> Pointmap X**
] Head}, (H X W x3)
&1 vit — | Transformer —> Confidence C**
- encoder o Decoder 1 ==
] Head,__ |=—> Local features F**

(H x W xd) o
, i o enche matching =
weights Feature-basgé

32 @ /) ( ) FastNN | —> St
—> Pointmap X** j matching § ;

Transformer Heads, el B

! ViT 3 ——3 Confidence C*

3 > encoder Decoder

H? Headix | = Local features F21

(E x W x d)

)

<

A _ 4 o

.

MASI3R pipeline. 2|2 FH-2 DUSt3R, T+t head & Fast NN MASt3R’s additional head |_|
VDS

P szusea
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1) Murai, Riku, Eric Dexheimer, and Andrew J. Davison. "MASt3R-SLAM: Real-time dense SLAM with 3D reconstruction priors." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

MASt3R-SLAM

e Method

- Pointmap Matching
- Tracking 2t mapping= ¢S MASt3RL| pointmapd features 7|2t pixel matching
= M(x},x7, D}, D))

Bt A O] 4% quadratic complexity 24

-t == brute-force matching &
= Global search over all possible pairs of pixel
< DUSt3R2| % 0| = 2|U|St7| I8l 3D point| k-d tree M &
vPointmap 0| = 2F 4, 3D nearest-neighbor search £°3 2k
:: MASt3R2| B2 | E 23 0| A high-dimensional feature 7t 2 £ 0| =
vWider baseline matching and coarse-to-fine scheme A| 2t
vFine EFAH0|| o= 20| A3 A[ZF A8 coarse BB k-d tree 2L} = &

|
- MASt3R-SLAMS| B2 | H 30| M L= 0 local search 7| Bt B =

ﬂ 447 Tl 8k
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1) Murai, Riku, Eric Dexheimer, and Andrew J. Davison. "MASt3R-SLAM: Real-time dense SLAM with 3D reconstruction priors." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

MASt3R-SLAM

e Method

- Pointmap Matching
-Dense SLAMO|A] =2 ALE E|+= projective data-association AFE

;o & A O B closed-form projection 7|2t parametric camera model 2 &£
vO|™ =& 3D point cloud, A Zf|Q 7t02} Z=2 Bt 5 £

;dBL 2 70| AL BE ray7t CHASH FH|Ete| BAIS K| LHCHs THY ThH
vZ Ol pointmapOi| CHSH generic camera model2| I* with the rays ¢(X l‘)

- Generic camera calibration method ‘Why having 10,000 parameters in your camera model
is better than twelve’ [CVPR 2020]

vZ pointE = M2 E XX 35 ray error | A%}

vp* = argmin,, ”1,0 ([Xii]p) — l/}(x)”Z, X € Xij

| s1 2k o N . |V_DS|

' SOGANG UNIVERSITY



1) Murai, Riku, Eric Dexheimer, and Andrew J. Davison. "MASt3R-SLAM: Real-time dense SLAM with 3D reco

MASt3R-SLAM

* Method
- Pointmap Matching

~Normalized vector AtO| 2| Euclidean distance= minimiseSt= Zd= normalized ray AO| 2]
2t & X425t Al SYStER

1y — Pall? = 2(1 — cos 8),cos 8 = Plp,

v*‘Why having 10,000 parameters in your camera model is better than twelve’
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 Tracking and Pointmap Fusion
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* Method
» Results

- LSt real-world dataset CH &F A| A Hl T I}t

Localizations $/Sll monocular SLAM benchmark O| &

PN

.
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- Camera Pose Estimation
Table 1. Absolute trajectory error (ATE (m)) on TUM RGB-D [38].

360 desk desk2 floor plant  room py teddy XyZ avg
ORB-SLAM3 [4] X 0.017 0210 X 0.034 X X X 0.009 -
DeepV2D [42] 0243 0166 0379 1.653 0203 0246 0.105 0316 0064 0375
DeepFactors [6] 0.159 0170 0253 0169 0305 0364 0.043 0601 0035 0.233
Calibrated DPV-SLAM [22] 0.112 0018 0029 0057 0021 0330  0.030 0.084 0010 0.076
DPV-SLAM++ [22] 0132 0.018 0029 0050 0022 009 0032 0098 0010 0.054
GO-SLAM [54] 0.089 0.016 0028 0025 0026 0052 0.019 0048 0010 0.035
DROID-SLAM [45] 0111 0018 0042 0021 0016 0049 0.026 0048 0012 0.038
Qurs 0.049 0.016 0.024 0025 0020 0.061 0.027 0.041  0.009 0.030
Uncalibrated DROID-SLAM* [45,48] 0202 0.032  0.091 0.064 0045 0918 0.056 0045 0012 0.158
Ours* 0070 0035 0055 0056 0035 0118 0041 0114 0020 0.060

-Dense Geometry Evaluation

Table 3. Reconstruction Evaluation on 7-Scenes and EuRoC with
all metrics in metres.

7-scenes ATE Accuracy Complction Chamfer
DROID-SLAM[0.049 0.115 0.040 0.077
Spann3R @20 | N/A  0.069 0.047 0.058
Spann3R @2 | N/A  0.124 0.043 0.084

Ours 0.047 0.074 0.057 0.066
Ours* 0.066  0.068 0.045 0.056
EuRoC ATE Accuracy Complction Chamfer
DROID-SLAM [0.022  0.173 0.061 0.117
Ours 0.041  0.099 0.071 0.085
Ours* 0.164  0.108 0.072 0.090
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* Method
- Limitations
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