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Reconstruction: Core of 3D

Video Source: COLMAP, Schönbergeret al. 2016 
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ClassicalReconstruction Pipeline



COLMAP: SotAIncrementalSfMPipeline

ÅRequiresenoughimageswith overlaps
ÅMany subproblems: Point Matching, Essential Matrix Estimation, Triangulation, Pose 

EstimationΣ Χ
ÅNosubproblemis solvedperfectly
ÅNocommunicationbetweencomponents
ÅBrittle and prone to errors-> error propagation
ÅSlow (repeatedBA)



Bottleneck: Bundle Adjustment

Bundle Adjustment

COLMAP



Traditional with LearnedComponents

Recenttrend: Replacecertainpartsof SfMpipelinewith learned
modules

SuperPoint

SuperGlue
DISK LevelS²fM



A Spectrumof Methods

Å EpipolarGeometry
Å Pose Estimation
Å Triangulation
Å Bundle Adjustment
Å ...

Å Feature Extraction/ Matching
Å MonocularDepth Prediction
Å Cross-View Attention
Å ...



End-to-End LearnableSfMPipelines

Visual Geometry GroundedDeep StructureFromMotion, Wang et al. CVPR '24
DeepSFM: StructureFromMotion Via Deep Bundle Adjustment, Wei et al. ECCV '20



A Spectrumof Methods

Å EpipolarGeometry
Å Pose Estimation
Å Triangulation
Å Bundle Adjustment
Å ...

Å Feature Extraction/ Matching
Å MonocularDepth Prediction
Å Cross-View Attention
Å ...



DUSt3R: Shifting The Paradigm

First stepstowards 3D foundation models?
DUSt3R, Wang et al. CVPR '24

DUSt3R takesunposed
imageswithout prior
information about
cameracalibrationas
input



Point Maps

ÅDense, pixel-aligned3D point cloud

ÅForms a 1-to-1 mappingbetween
imagepixelsand 3D scenepoints

ÅMore structuredthan point cloud

ÅEasy conversion:

Pointmapҭ 5ŜǇǘƘ Map



DUSt3R Task

Input:
ÅTwoimagesof a scene

ÅDifferent viewpoints

Output:
ÅTwopointmaps

ÅAlignedin C1's frame



DUSt3R Architecture (without confidence)

ÅSiamese visiontransformerencoder

ÅMulti-block transformerdecoderthat sharesinformationbetween
viewsvia cross-attention

ÅSeparate regressionheadsoutput pointmapsin frame of cam1



Dust3R Decoder Blocks

ÅSelf attention acrossall 
patchesof an image

ÅCross attention for information
sharingbetweenimages

ÅMultiple blocksin series

CroCo, Weinzaepfelet al. NeurIPS'22



DUSt3R Training Objective

3D Regression Loss

View (1 or 2)
Image Pixel NormalizingFactor PredictedPoint

Ground Truth Point



DealingWith AmbiguousPoints

What are the groundtruth positionsfor thesepoints?

Even we humansarenot confident. 
Can we makea modelwith confidencescores?



Confidence-Aware Model and Training

ÅHead not only regressespointmapbut also givesconfidencescore

ÅHowdo we train this without groundtruth?



Confidence-Aware Loss

Overall Training Loss:

Confnet: Predictwith confidence, Wan et al. ICASSP '18

Confidence of pixel i in viewv Regression Loss Regularizationweight / 
Penalty for uncertainty

Toforceextrapolationin uncertainareas:
Network output



DUSt3R Final Pipeline



Example: Reconstruction + Confidence Maps



Heavy ViewpointChanges



NoOverlap



NoOverlap



Multi-View Reconstruction

Å DUSt3R only takes2 viewsasinput, what if we havemoreviews?

Å Weareinterestedin globallyalignedpointmaps

Å Requiresrotating/scalingpairwisepredictionsinto commonworld frame

1. Scene Graph 3.   Global Optimization2 .  PairwiseReconstruction

Optimizefor

Å Per-edgescale

Å Per-edgerigid transform

Å Per-view global pointmap



Multi-View Alignment via Optimization

DUSt3R

Global Alignment



Multi-View Reconstruction Result



DUSt3R: Downstream Applications

Input Depth Map Confidence Map Reconstruction

Wheredo thesedepth mapscomefrom?



MonocularDepth Estimation

ÅFeed same input imagetwice

ÅDepth = z coordinateof 3D point



MonocularDepth Estimation



Towards3D FoundationModels?

DUSt3R is trainedfor 2-view to 3D reconstructiontask.
Pointmapis expressive representationwhichcanbeusedfor a varietyof
downstreamtasks:



Pixel Correspondencesfrom DUSt3R

ÅImage correspondencesearchnow boilsdown to 3D correspondence
search

ÅCan be solvede.g. by mutual nearestneighbormatching



EstimatingFocalLengthFromPointmaps

Assumingcenteredprincipalpoint (                                                            )

Thenfocallengthcanbe estimatedby minimizingconfidence-aware 
reprojectionloss

Can be solvedby Weiszfeld-algorithmin a few iterations



EstimatingRelative CameraPoses

1. Method (Procrustes):
ÅFeed both orderedpairs

ÅComputeoptimal alignment
via Procrustes

ÅDeriverelative cameraposes

2.   Method (PnP+ RANSAC)
ÅProcrustes not veryrobust

ÅPnPpossible becausepointmapgives2D-3D correspondences



MVS benchmark on DTU
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Acc= distancefrom reconstructionto closest
groundtruth point (averaged)

Comp= distancefrom groundtruth to closest
reconstructionpoint (averaged)

Overall = averageof accuracyand 
completeness

Takeaways:
Å Learning-basedmethodshave

overtakenhandcraftedmethods
Å DUSt3R cannotcompetefor multiple  

reasons:
1. Regression vssubpixeltriangulation
2. Doesnot leverageGT cameraposes
3. Zero-shot (other methodshave

trainedon DTU train set)All in mm



DUSt3R Summary

ÅVery robust evento extreme viewchanges

ÅSimpler end-to-end learnablepipeline-> lessproneto error accumulation

ÅRequiresonly2 views

ÅFormoreviewsglobal alignment(GA) optimizationprocedure
ÅInefficientpairwiseprocessingof O(N^2) pairs

ÅInformation sharingonlybetweentwo imagesat a time

ÅGA fasterthan BA but still not instant (coupleof secondsto minutes)

ÅMemory intensive (OOM on A100 with 80GB VRAM on 48 views)

ÅCannotcompetein 3D reconstructionaccuracies

ÅCompetitivein manyother taskssuch asdepth, poseestimation



3R Models



MASt3R: DUSt3R + Matching

MASt3R, Leroy et al. ECCV '24



MASt3R: Contributions

no longerscale-invariant, now metric

TrainedusingcontrastiveinfoNCEloss Iterative reciprocalnearestneighbormatching
-> O(kWH) insteadof O(W^2H^2)

MASt3R, Leroy et al. ECCV '24



MVS Benchmark on DTU
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All in mm

MVS with MASt3R:
1. Forward passesto obtain2D-2D 

correspondences
2. Triangulatematchesin groundtruth

frame usinggt cameraparameters

Nocostlyglobal alignmentnecessary!

Takeaways:
Å Triangulation outperformsregression
Å MASt3R outperformsDUSt3R and is

competitivewith recentlearning-based
methodswhile:
1. not usingcameraposesfor matching
2. not havingseenDTU camerasetup

duringtraining



MASt3R Summary

ÅImprovedDUSt3R

ÅRegresses metric pointmaps

ÅAdditional feature headfor matching

ÅFast reciprocalnearestneighbormatchingprocedure

ÅRetainsrobustnessof DUSt3R and strengthsof pixelmatching

ÅOutperformsDUSt3R on manydownstreamtasks

ÅStill onlypairwiseimages. Formultiple images, global alignmentof
pointmapsstill required-> memoryintensive 



A Spectrumof Methods

Å EpipolarGeometry
Å Pose Estimation
Å Triangulation
Å Bundle Adjustment
Å ...

Å Feature Extraction/ Matching
Å MonocularDepth Prediction
Å Cross-View Attention
Å ...



EfficientlyDealingwith More Views 



Multi-View Alignment via Optimization: Bottleneck for 3D

Bundle Adjustment

DUSt3R

Global Alignment

COLMAP



Multi-View Efficiency Problem of DUSt3R/MASt3R

ÅDUSt3R and MASt3R are2-view models

ÅFormulti-view, O(N^2) pointmapsneedto bealignedwith costly
global alignmentprocedure-> infeasiblefor larger N

1. Scene Graph 3.   Global Optimization2 .  PairwiseReconstruction



MASt3R-SfM: Sparsification

Overview:

ÅReduced number of pairwise forward passes via sparsescene graph 
with O(N) edges

ÅCoarse alignment: minimize 3D loss only for matching points

ÅRefinement: minimize 2D reprojection loss (BA)

MASt3R-SfM, Duisterhofet al. arXiv'24



CoarseRefinement

ÅCanonicalizepointmaps

ÅEstimateintrinsics via focallength

ÅFind optimal rigid transformsand scales

where

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:

ÅTime-consuming

ÅPoor Compatibility with Deep Learning
ÅNot inherently "plug-and-play"

ÅOften non-differentiable 

ÅComplexity 
ÅScary for non-experts

Can we do without optimization, in one single forward pass?



Letôs Reconstruct in One Go!
Χ

Images Reconstruction
Cameras, Depths, Points, and Correspondences 

Neural 
Network



DUST3R Multi-View Extensions
ÅNolongertwo branchesbut fusiontransformerwhichcanhandle arbitrary

numberof views

ÅAll imagescanattend to eachother

ÅNoglobal alignmentnecessary

Fast3R, Yang et al. CVPR'25
MV-DUSt3R, Tang et al. CVPR '25



DUSt3R vs. Fast3R

ÅMuch faster

ÅMore memoryefficient

ÅInformation sharing

betweenall views

insteadof pairwise



Fast3R vsMASt3R

Worsethan
MASt3R!



VGGT: Overparameterized Reconstruction in One GO
Χ

Images Reconstruction
Cameras, Depths, Points, and Correspondences 

Neural 
Network

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




