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Reconstruction: Core of 3D
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Video Source: COLMAIehonbergeet al. 2016
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ClassicaReconstruction Pipeline

Scene Graph

Sparse Model

DenseModeI




COLMAPSotAIncrementalStM Pipeline

Images Correspondence Search Incremental Reconstruction Reconstruction

g Initialization = I .
Forwawegd
o *; 4 b

Image Registration Outlier Filtering

Matching

Triangulation Bundle Adjustment

Geometric Verification

A Requiresenoughimageswith overlaps

A Many subproblems PointMatching Essential MatriEstimation Triangulation, Pose
Estimatior: X

A No subproblemis solvedperfectly

A No communicationbetween components

A Brittle and proneto errors-> error propagation

A Slow (epeatedBA)



Bottleneck: Bundle Adjustment
COLMAP
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Traditionalwith LearnedComponents

Recenttrend: Replacecertainparts of SfMpipelinewith learned

modules

Correspondence Search

I Matching
Geometric Verifica. 'n gag

Incremental Reconstruction

- Initialization | I~
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Image Registration

Triangulation

Outlier Filtering

Bundle Adjustment

Reconstruction
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A Spectrumof Methods

: Classical +
Classical STM Learned Comp.
; COLMAP +
COLMAP SuperGlue
l Disk >
Traditional Modern
Optimization-based Learning-based
A EpipolarGeometry A FeatureExtraction/ Matching
A PoseEstimation A MonocularDepthPrediction
A Triangulation A CrossView Attention
A Bundle Adjustment A .

A ..



Endto-EndLearnableéStMPipelines

Input images Tracks 7 Initial cameras P, initial point cloud G Cameras P, point cloud X
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Visual GeometrgsroundedDeepStructureFromMotion, Wang et al. CVPR '24
DeepSFMStructureFromMotion Via Deep Bundle Adjustment, Wei et al. ECCV '20



A Spectrumof Methods

%

. i B i -to-
Classical SfM Classical : End-to-End
Learned Comp. , Learnable SfM
COLMAP + : DeefSfM
COLMAP SuperGlue
Disk f VGGSM
Traditional Modern

Optimization-based

A EpipolarGeometry
A PoseEstimation

A Triangulation

A Bundle Adjustment
A ..

Learning-based

A FeatureExtraction/ Matching
A MonocularDepthPrediction
A CrossView Attention

A ..



DUSt3R: Shifting Th&aradigm

DUSt3Rakesunposed
imageswithout prior
information about
cameracalibrationas
input

a )

DUST3R >
Forward pass

\ 4

Input: Image Pair Output: Point Maps

Firststepstowards 3D foundation models?

DUSt3RWang et al. CVPR '24




Point Maps

A Dense pixelaligned3Dpoint cloud

X c RWXHX?)

AForms a %o-1 mappingbetween
Imagepixelsand 3Dscenepoints

Lij < Xij
AMore structuredthan point cloud

AEasyconversion
Pointmapt 5 S IMaK




DUSt3R Task

Input:
ATwoimagesof ascene
ADifferentviewpoints

Output:

ATwopointmaps
AAlignedin C1's frame

Input images




DUSt3R Architecturevithout confidence

ASiameseisiontransformerencoder

AMulti-blocktransformerdecoderthat sharesnformation between
viewsviacrossattention

ASeparataegressiorheadsoutput pointmapsin frame of cam1

v
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Dust3R Decoder Blocks
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DUSt3R Trainin@bjective

3D Regression Loss

Creer(V, 1) = —XU b —X'U 1

—/ TN\

View (lor 2)
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DealingWith AmbiguoudPoints

What are the groundtruth positionsfor thesepoints?

Evenwe humansare not confident
Canwe makea modelwith confidencescore®



ConfidenceAware Model and Training

AHead notonly regressegointmap but alsogivesconfidencescore
AHow do we train this without groundtruth?

'q

Image I; € RW*Hx3

Shared Informat:on (at origin
weights sharmg

ViT Transformer
encoder 2 Decoder,
F
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Image I, € RW>Hx3

Pointmap —
] XLl g RWxHX3 PPro ..
ViT — Transformer Common coordinate frame i, > .:_'-:':.j"'-.'
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ConfidenceAware Loss

Overall Training Loss:
Leont = Z Z Cilregr(v,1) — alog Cf

ve{1,2} iED’U/ \ \

Confidenceof pixeli in viewv Regression Loss Regularizationveight/
Penaltyfor uncertainty

Toforce extrapolationin uncertainareas

C'=14expC? —

Networkoutput

Confnet Predictwith confidence Wan et al. ICASSP '18



DUSt3R Final Pipeline

"
i, Pointmap
\\:\\\\\ﬁ_:‘._ . ViT " Xl,l = RWXHX3
—> B g E Transformer Common reference :
\ : encoden d Confidence
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Example Reconstruction + Confidence Maps

DUSt3R




HeavyViewpointChanges

\

DUSt3R —>




DUSt3R




No Overlap

DUSt3R




Multi-View Reconstruction

A DUSt3Pnly takes2 viewsasinput, what if we havemore views?

- - - - v W xHX3
A Weareinterestedin globallyalignedpointmaps {x c R }’UEV
A Requiregotating/scalingpairwisepredictionsinto commonworld frame

1. Scene Graph

2 . PairwiseReconstruction

Xl‘{l‘2} Cl.{l.?}
)(2,{].2}7 C‘Z.{l,'l}

Xl,{l.B} Cl‘{1'3}
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3. GlobaDptimization

Optimizefor

A Peredgescaleo,

A Peredgerigid transform P, € R***
A Perview globabpointmap X

HW
" =arg minyj y: y: CP Xy — 0P X,

X:Pio oo vee i=1




Multi-View Alignment via Optimization
DUSt3R
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Multi-View ReconstructioResult




DUSt3R: Downstreampplications

DepthMap ConfidenceMap Reconstruction

\Where do thesedepth mapscomefrom?



MonocularDepthEstimation

AFeed saménput imagetwice
ADepth = zoordinateof 3D point

< \



MonocularDepthEstimation

Outdoor Indoor

Methods Train DDAD[41] KITTI [35] BONN [80] NYUD-v2 [115] TUM [119]

Rel] 012517 Rell d1251T Rell d1257T Rell d125T Rell 412571
DPT-BEiT[91] D 10.70 84.63 9.45 89.27 - - 5.40 96.54 10.45 89.68
NeWCRFs[174] D 9.59 82.92 5.43 91.54 - - 6.22 095.58 14.63 82.95
Monodepth2 [37] SS 23.91 75.22 11.42 86.90 56.49 35.18 16.19 74.50 31.20 47.42
SC-StM-Learners [6] SS 16.92 77.28 11.83 86.61 21.11 71.40 13.79 79.57 22.29 64.30
SC-DepthV3 [121] SS 14.20  81.27 11.79 86.39 12.58 88.92 12.34 84.80 16.28  79.67
MonoViT[182] $S - S 09.92  90.01 ; - i i i

RobustMIX [92] T - - 18.25 76.95 - - 11.77 90.45 15.65 86.59
SlowTv [117] T 12.63 7934 (6.84) (56.17) - - 11.59 87.23 15.02  80.86
DUSt3R 224-NoCroCo T 19.63  70.03 20.10 71.21 14.44  86.00 14.51 81.06 22.14  66.26
DUSt3R 224 T 16.32  77.58 16.97 77.89 11.05 89.95 10.28 88.92 17.61 75.44
DUSt3R 512 T 13.88  81.17 10.74 86.60 8.08 93.56 6.50 94.09 14.17  79.89




Towards3D FoundationModels?

DUSt3Rs trainedfor 2-viewto 3Dreconstructiontask

Pointmapis expressiveepresentationwhichcanbe usedfor a variety of
downstreamtasks

Camera calibration

_ - Monocular
Depth estimation <:
Multi-View

— DUSt3R — Pixel correspondences

Pairwise (relative)
, . Camera pose estimation
- Multi-View
Dense 3D reconstruction

Unconstrained Corresponding pointmaps

. . : Visual Localization
image collections (dense 2D « 3D mappings)



PixelCorrespondencegsom DUSI3R

Almagecorrespondencesearchnow boilsdown to 3D correspondence
search

ACanbe solvede.g.by mutual nearestneighbormatching

Mo = {(iaj) ‘ 1= NN}’Q(J‘) and j = NN%I(’?:)}
with NNZ”m(i)

|
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0%
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=
=
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Estimating~ocalLengthFromPointmaps

Assumingcenteredprincipalpoint (" = ¢ — W/2, and j' = j — H/2

Thenfocallength canbe estimatedby minimizingconfidenceaware
reprojectionloss

(X1 X
fi = wrgmin 3" 30 0.7 - e Yo
+=07=0 i,7,2
Canbe solvedby Welszfeldalgorithmin afew iterations




EstimatingRelativeCameraPoses

1. Method (Procrustes): o
AFeedboth orderedpairs

ACOmpUteOptlma| allgnment Procrustes

via Procrustes
ADeriverelative cameraposes DUSt3R -/

2. Method PnP+ RANSAC)

AProcrustes noveryrobust
APnPpossiblebecausepointmapgives2D-3D correspondences




MVS benchmark on DTU

Acc=distancefrom reconstructionto closest

E: Methods GT cams Acc.] Comp.| Overall] groundtruth point (averaged
%’ Camp [12] v 0.835 0.554 0.695 _
5 E - Y 0.613 0941 0777 Comp=distancefrom groundtruth to closest
T (@ M 1531 : : : reconstructionpoint (averaged
S Tola [134] v 0.342 1.190 0.766
= Gipuma [34] v 0.283 0.873  0.578 Overall=averageof accuracyand
completeness
MVSNet [161] v 0.396 0.527 0.462
8 b) CVP-MVSNet [ 158] v 0.296 0.406 0.351
7))
o UCS-Net [ 18] v 0338 0349 0344 Takeaways:
GE» CER-MVS [65] v 0.359 0305 0.332 A Learningbasedmethodshave
% CIDER [157] Vv 0417 0437  0.427 overtakenhandcraftedmethods
@ CasMVSNet [40] v 0325 0385 0355 A DUSt3Rannotcompetefor multiple
PatchmatchNet [139] v 0427 0277  0.352 reasons o _
GeoMVSNet [180] / 0331 0259  0.295 1. Regressiomssubpixelriangulation
2. Doesnot leverageGTcameraposes
DUSt3R 512 X

2.677 0805  1.741 3. Zereshot (other methodshave
trainedon DTUrain set)

All In mm



DUSI3R Summary

AVery robusievento extremeview changes
ASimpler eneto-endlearnablepipeline->lessproneto error accumulation
ARequirenly 2 views

AFormore viewsglobalalignment(GA)optimizationprocedure
A Inefficient pairwiseprocessingf O(N”2)pairs
A Informationsharingonly betweentwo imagesat a time
A GAfasterthan BA but still not instantqoupleof secondgo minutes
A Memory intensive (OOM on A1@Gth 80GB VRAM on 48ews

ACannotcompetein 3Dreconstructionaccuracies
ACompetitivein manyother taskssuchasdepth, poseestimation



3R Models

’h Easi3R: Estimating Disentangled Motion from DUSt3R
Without Training

1T vyyeC 1

Xingyu Chen ue Chen' Yuliang Xid 12 Andreas Geiger® Anpei Chen'3

"Westlake Universny 2Max Planck Institute for Intelligent Systems 3Um‘{rersity of Tubingen, Tabingen Al Center

SLAMB3R: Real-Time Dense Scene Reconstruction from Monocular RGB Videos

Yuzheng Liu'* Siyan Dong?** Shuzhe Wang®  Yingda Yin'
Yanchao Yang?' Qingnan Fan® Baoquan Chen'’
Peking University ~ 2The University of Hong Kong  *Aalto University *VIVO

»\ Spann3R
3D Reconstruction with Spatial Memory

University College London
3DV 2025

-

DUST:=R . 2 Fast3R

Advanced Image-to-3D Al

MAST=R

Advanced Image-to-3D Al

MonST3R: A Simple Approach for Estimating
Geometry in the Presence of Motion

Junyi Zhang?! Charles Herrmann?* Junhwa Hur? Varun Jampani3 Trevor Darrell’

Forrester Cole? Deqing Sun*- Ming-Hsuan Yang*~
1UC Berkeley  2Google DeepMind 3 Stability AI  #UC Merced
(+: project lead, *: equal contribution)

ICLR 2025 (Spotlight)




MASt3R: DUSt3RMatching

MASt3R Leroy et al. ECCV '24



MASt3RContributions

/ no longerscaleinvariant,now metric

. )= Pointmap X1t
viT Transformer 3 Confidence C1'1 S
enCOder Decoder 5 ""a‘h
Head,.. |=> Local features F'! s
(H X W x d) e
l Fast NN : > Geometrical W
matching = S
’ Feature-based
Fast NN .
—3 Pointmap X?%! - - matching
Head%,‘D (HX W X 3) :
ViT Transformer —3 Confidence €21 o

encoder Decoder 5 .
Heady,, |=— Local features F*
(HxW xd)

Shajred

; Cross-attention
We/ghts

TrainedusingcontrastiveinfoNCHoss Iterative reciprocalnearestneighbormatching
-> OKWH) insteadof O(W"2H"2)
MASt3R Leroy et al. ECCV '24



MVS Benchmark on DTU

Methods Acc.|] Comp.| Overall] MVSwith MASt3R:
E Camp [13] 0.835 0.554 0.695 1. FOrwardpassesto obtain 2D-2D
S @ Furu(31) 0.613  0.941  0.777 , io_”eSplondencehs | dtruth
o3 110 oz > Tameacesgonany
T Gipuma [32] 0.283 0873  0.578 99 P
MVSNet [110] 0.396 0.527 0.462 No costlyglobalalignmentnecessary
B CVP-MVSNet [109] 0.296 0.406 0.351
> (d) CER-MVS [55] 0.359  0.305 0.332 A Triangulationoutperformsregression
= CIDER [107] 0.417 0437  0.427 A MASt3RoutperformsDUSE3R ani
S PatchmatchNet [99]  0.427  0.277 0.352 competitivewith recentlearningbased
- GeoMVSNet [119] 0.331 0.259 0.295 methodswhile:
1. notusingcameraposesfor matching
(e) DUSt3R [102] 2.677 0.805 1.741 2. nothavingseenDTUcamerasetup
MASt3R 0.403 0.344 0.374

duringtraining

All In mm



MASt3R Summary

AlmprovedDUSt3R

ARegressenmetric pointmaps

AAdditional featureheadfor matching
AFastreciprocalnearestneighbormatchingprocedure
ARetaingobustnessof DUSt3R andtrengthsof pixelmatching
AOutperformsDUSt3R omanydownstreamtasks

AStillonly pairwiseimages Formultiple images globalalignmentof
pointmapsstill required->memoryintensive



A Spectrumof Methods

] ' + . -to- +
Classical SfM Classical : End-to-End Learngd
Learned Comp. , Learnable SfM Global Alighment
COLMAP + ; DeefSfM DUST3R
COLMAP SuperGlue
Disk 5 VGGSiM MASt3R
Traditional Modern

Optimization-based

A EpipolarGeometry
A PoseEstimation

A Triangulation

A Bundle Adjustment
A ..

%

A FeatureExtraction/ Matching
A MonocularDepthPrediction
A CrossView Attention

A ..

Learning-based



EfficientlyDealingwith More Views



Multi-View Alignment via Optimization: Bottleneck for 3D
COLMAP DUSt3R

= N & X “\a B DY B X P
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Bundle Adjustment Global Alignment



Multi-View Efficiency Probleiwf DUSt3R/MASt3R

ADUSt3R and MASt3Re 2-view models

AFormulti-view, O(N~2pointmapsneedto be alignedwith costly
globalalignmentprocedure-> infeasiblefor larger N

1. Scene Graph 2 . PairwiseReconstruction 3. GlobaDptimization

Xl,{l‘2} Cl.{l.Z}
XZ,{I.‘Z}’ C‘Z.{l.'l}

X224} C2.(24} HW
442, 412 * __ : v,€e v v,e
X424} 424} X = arg;}nln ;4, ;J ;J C’i ||Xi O'ePeXz' ||

XofH0 - ecg vee i=1




MASI3RS{M: Sparsification

Overview,

AReduced number of pairwise forward passessyarsescene graph
with O(N) edges

ACoarse alignment: minimize 3D loss only for matching points
ARefinement: minimize 2D reprojection loss (BA)

Unconstrained P
image collection > . b
m

-

" MASt3R’s encoder ke )

Image
featu re5/

MASt3RSfM, Duisterhofet al. arXiv'24

VAN

> scene graph-
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CoarsaRefinement

1 Xl el
X el

ACanonicalizeointmaps

l,e
n _ Zecen X &
Xl:] Z C X1€3
ec &N i,j

AEstimateintrinsicsK-. viafocallength
AFind optimal rigidransformsandscales

Cillx — XI5 where X = B2

On

Onlyappliesto pixelcorrespondences




Multi-View Alignment viaOptimization: Bottleneck for 3D

MASt3R-SfM still has some optimization for global alignment

In general, optimization is often the bottleneck for 3D Vision:

ATime-consuming

APoor Compatibility with Deep Learning

A Not inherently "plug-and-play"
A Often non-differentiable

AComplexity
A Scary for non-experts



Let 0s Reconstruct Il N One

Reconstruction

Images :
Cameras, Depths, Points, and Correspondences

FUTURE
RESIDENT

Neural

Network




DUST3R MulViewExtensions

ANolongertwo branchesbut fusiontransformerwhich canhandlearbitrary

numberof views

AAllimagescanattend to eachother
ANo globalalignmentnecessary

;mewu;

Fast3RYang et al. CVPES
MV-DUSt3R, Tang et al. CVPR '25
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DUSt3R vs. Fast3R

Speed & Memory A Muchfaster

Comparison of computational efficiency between Fast3R and DUSt3R on a single A100 GPU. Each
view has a 512x384 resolution.

Fast3R DUSt3R

#Views  Time (s) Peak GPU Mem (GiB) Time (s) Peak GPU Mem (GiB) A More memoryefficient

2 0.065 3.84 0.092 3.52
8 0.122 6.33 8.386 24.59

32 0.509 13.25 129.0 67.61 A Informationsharing

48 0.84 20.8 OOM OOM

320 15.938 41.90 OOM OOM betweenall views

800 89.569 55.97 OOM OOM

1000 137.62 63.01 OOM OOM Insteadof pairwise

1500 308.85 78.59 OOM OOM

Mote: "O0M" indicates Out of Memory. For DUSt3R, at 48 views the N? pairwise reconstructions consume all VRAM during global
alignment.



AUC@30[1]

Fast3R/IsMASI3R

Camera Estimation on RealEstate 10K

90

77.5

65

52.5

Worsethan
MASt3R!



VGGT: Overparameterized Reconstruction in One GO

Reconstruction
Cameras, Depths, Points, and Correspondences

HESICAT

Network

Visual GeometrgroundedTransformer, Wang et al. CVPR '25 Best Paper Award






