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Introduction

* 6D object pose estimation
. THY RGB O| 0| X| 22 E =X 2] 3D translation2f 3D rotatione A ot= =X
- 6D pose: 3D translation (X, y, z) + 3D rotation (roll, pitch, yaw)
-Input: RGB 1mage or RGB-D image
- Output: Object pose (Rotation, translation) in camera coordinate system
- 6D pose in Real-World Application
- Robotic Manipulation, AR / VR

Y

e ' ~ E — = .
Estimated Object Poses AR Demo

< 6D pose representation of a target object > < Pose estimation for AR application > < Pose estimation for robotic manipulation >
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Introduction

* Unseen Object Pose Estimation

- Unseen Object =X

-ShS A0 EXSHR| LS MEL 2H| 2| poseS =8l 0F &
-2 F A0 Y 27 A2 B O 242 Mes0| HeEH
| &g 7|8 E | ot

- =X instanceOFCt CH+ 2 annotationdf X{Sts 2R — 2H2Hd X}
- X[ unseen HHE L &2 Sh50f o=
:': MegaPose-GigaPose-GenFlow: =% 7l =X 2| =84 Tt & ¢t G| 0| E| 2 render-and-compare &
0| B -8 H|&-=X| texturing-scene B X| & A 2 Z =
H

— }2tA Sh& 810] S A] onboarding 7S St training-free



Introduction

 Foundation Features

. Foundation feature= pose= & 0| S5tX| 211 real image2f CAD-rendered template AFO| 2| correspondenceS X| S
- ==l feature F A= S H| WSt query patchlf template patchS O &
- Template2| depth === coordinate map= O|& 5l 2D-3D correspondence T+
- O| = PnP-RANSACY} refinement”/| rotation R1 translation t& 7|St& S 2 A| 4t

Foundation feature of query image Foundation feature of template image 3D points in CAD model 6D Pose (R,t)

VA

PnP-RANSAC

Pose from
2D-3D
correspondences X

N 7

Feature matching 2D-3D correspondence



Introduction

 Foundation Features

« 2D Foundation Model: DINOv2 — FoundPose

- &7t layerQ| patch descriptore= HE St 10| A M| O|0|X|2t &4 O|0|X| ZF correspondenceS & A3t

- 2D appearance 7| 2t featureO| B £ out-of-plane viewpoint 20| F 22t

« 3D Foundation Model: MASt3R — Pos3R

- 3D reconstruction + pixel-wise matching & 2fa — A= 7t 3D-consistent feature

I R
- N E CFE viewpointO| M = £ 2 3D surfaces HIMo 2 HZA

Out-of-plane In-plane rotation Out-of-plane rotation

{ rotation
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< DINOv2-based Synthetic-to-Real Correspondence > < DINOV2 vs. MASt3R correspondence under viewpoint changes >



1) Ornek, Evin Pmar, et al. "Foundpose: Unseen object pose estimation with foundation features." European Conference on Computer Vision. Cham: Springer Nature Switzerland, 2024.

Paper Review

FoundPose: Unseen Object Pose Estimation with Foundation Features
(ECCYV 2024)

Evin Pinar Ornek, Yann Labbé, Bugra Tekin, Lingni Ma, Cem Keskin, Christian Forster, Tomas Hodan



Introduction

 Motivation

« 7| £ training-free & 21 = synthetic-to-real domain gap off 20| CH 1 &
-MegaPose: 2M+ 2f°d O|O|X| &5 / OSOP: = AT 92+ template

-[r2tA &b 810| domain gap= H&= HH 2R

: DINOV2 patch descriptorOl| A pose estimation0f| 229t EdZ 2H&

-2 layer@=E =X H-{X|E L =25t= |X E7 4T
. ==
A2 layerZd = B9 20| & E = semantic dE FE = ,
= yo E = Xx=Xx&F A O|O Template images Layer 13 Layer 18 Layer 23
-5 1ayer7|' TSES AT TET T NS < Visualization of DINOV2 patch descriptors >

— 7|0 fom o= O'J_'-F5| correspondence %.FE of &~ 9,{8

» FoundPose
- Foundation feature= 1178 B H(BoW + PnP)0i| 2 €St training-free pipeline= | 2F

-7t gt& 80| BOP benchmark RGB SOTA &M



Methodology

e Overview

- Offline onboarding
-3D modelOf| A] & 2] viewpoint2| RGB-D template T & =, Zf templateOf| A| DINOvV2 patch descriptor ==
- Patch descriptors depth &2 & 0|83l 3D model point2t HAZ
« Online inference
- Query image 0| A object crop= ‘3Tt Fl, FAISH template= 444
- Query cropd template ZF patch matching =& £, 2D-3D correspondence = O| 23l PnP-RANSACL £ pose =78

- Key Idea

-DINOV2 featuresS O| 20l real image?} synthetic template AtO|2| correspondenceE S5 910 &/

Offline object onboarding Online inference Featuremetric pose refinement (Sec 3.5)
3D object Ty : : - i AS T O
model RGB-D templates Query RGB image with Instance mask from CNOS Iterative alignment Final 6D pose
known intrinsics ‘ T
Template-based object representation (Sec. 3.2) Template retrieval by bag-of-words matching (Sec. 3.3) Pose estimation from 2D-3D correspondences (Sec. 3.4)

DINOV2 patch
descriptors
registered in 3D

2

Bag-of-words
(BoW) descriptors

Patch descriptors Retrieved templates Matching patch descriptors by NN search

< Pipeline of FoundPose >



Methodology

» Offline onboarding: Template-based object representation

- Pipeline
1. CAD BEE= 2] viewpointOf| M Tl 2SO template image ‘S
2. Zf template 0| A DINOV2 patch descriptor &% — 3D model point2t & &4
Query-template patch matching A| 2D-3D correspondence = A&
3. PCAE descriptor At =2~ £, K-means clustering2 = visual vocabulary ‘8

4. TemplateOFC| visual word histogram= ‘3 oll Bag-of-Words(BoW) descriptor= A&

— e e — — - o e - = o = - - - - e e e e e e e e e e e e e e e e e e e = e e e -

TH e

-> IIIIQ_DI"' Ty

[ J
/ / I 1 ®
Ky @8 Fky A ¢ ‘.,.:.
BEEEEEOEE-- | o *%el* il | Tn
3D Object Model Rendered RGB-D DINOv2 Patch Clustering / Template BoW
Templates Descriptors Visual Vocabulary Descriptors

e R R 1 e S R SIS e e e e S S SIS TS S S SR

____________________________________________

< Template-based object representation >
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Methodology

* Online inference: Template retrieval by bag-of-words matching

- Pipeline

- 218 RGB image 0| A| object mask(CNOS)E FZE St 1, perspective crop=

e HEE =G templateJ_'-f FAreh HE[Q Crop% A=

- Crop9| A DINOvV2 =7t layer patch descriptorE =

- Offlinedt & €St PCA projection} K-means visual vocabulary= X

- Template BoW descriptor2} H| W 6} 0] 7 ALSH top-K templateE A2 — Pose S 2= M7

Online inference

Query RGB image with
known intrinsics

= M

© AH A
oo

25l query patch= visual word2 At}

AR
Instance mask from CNOS Iterative alignment

Featuremetric pose refinement (Sec 3.5)

Final 6D pose

T

Template retrieval by bag-of-words matchmg (Sec. 3.3)

Patch descriptors

BoW

Retrieved templates Matching patch descriptors by NN search

Pose estimation from 2D-3D correspondences (Sec. 3.4)

< Pipeline of Online inference >
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Methodology

* Online inference: Pose estimation from 2D-3D correspondences

» Pose Estimation from 2D-3D Correspondences
- Retrieved template 2] patch% query patch@f kKNN2 2 Of &
- Template patchO| &= =l CAD surface2| 3D £t E query patchl| 3D LHSE 2= ALE
' Onboarding [} depthi Zt patchO| 3D £t HE 0| 2| S50 &
-Query 2D ¥/ X| & CAD 3D point= 2D-3D correspondence set= T3 (retrieved templateOFCF OF LA
- Z+ correspondence setO| A EPnP + RANSACL2 E poseE T8

s RANSAC inlier/| 7t E 2 pose= Z|E coarse pose= 1 EH

Online inference Featuremetric pose refinement (Sec 3.5)

Query RGB image with Instance mask from CNOS Iterative alignment Final 6D pose

known intrinsics T
Template retrieval by bag-of-words matchmg (Sec. 3.3) Pose estimation from 2D-3D correspondences (Sec. 3.4)

Patch descriptors Retrieved templates Matchmg patch descriptors by NN search

< Pipeline of Online inference >
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Methodology

e Online inference: Featuremetric Pose Refinement
. Coarse sampling2 £ 215t 2D-3D = Y K|
-Patch”/} 14x14px2 37| 0|, i3 EO| patch T 22 H=2 =
-GT pose £ 5 Fol & patch S 1} A K| 3D projectionO| O] ' — PnP & = AHA| 0| X2t @ XH7F LY
X

-0 2X}+Z discrete correspondence/} OF =l HEM Q1 pose SCHO| A A H £

- Featuremetric Alignment

- Photometric alignment(Lucas-Kanade)= DINOv2 feature map0i| &-&

- Of ABOLCE ME 3| 7 8HE0| R, 12 ZA LIS WA

(R,.t,)=argmin Y p(pi—Fy(r(Rx;+t)/s)).
(R.t) (pi,x;)ETy
:=p;, x; + template patch2| descriptor@t CH& 3D ZHEH
:: Fy i query feature map, (+)/s: 3DE=2DE £ 2 patch 37| s=E

;= p: Barron robust loss (¢ = —5, ¢ = 0.5) — outlier L& A
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Experiments

e Dataset

- BOP 77|| core dataset (LM-O-T-LESS-TUD-L-IC-BIN-ITODD-HB-YCB-V)
e Metric

- BOP Average Recall (AR):
-AR = (AR VSD + AR MSSD + AR MSPD) /3, M| pose error X| 2| H#
'+ VSD (Visible Surface Discrepancy)
v37E posell GT poseZ 24 M| & HEH 5 22 depth map= H|
:': MSSD (Max Symmetry-aware Surface Distance)
vEE EXHE2 3D A2l =S4k (TRl AX 27| ChE| Bl &) - 7He O] AO|Lt= £AE &

v D2{st3p HH AH2| 2K}

1z

:': MSPD (Max Symmetry-aware Projection Distance)
VEW HS2 0|0[X| BRHO| £H3H 5|, 27 pose®t GT pose 2t 2D T4 A2|| XS SF(EHY: TA)
vE d 2%t 2D £ @K}

228 K| HE = O 2] correctness S A 4| Al HU=X| G E

i
H
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O
=
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o
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5
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Experiments
e Comparison with SOTA

« Coarse pose estimation

-st& 7|8 BH & (GigaPose, GenFlow, MegaPose) CiH| - ARO| =&
-3 & AZE2 1.7sE, render-and-compare A & (MegaPose 15.55)2.Ct =

e A Az A >
With fi t A - R 5 &
- With pose refinemen o = 2 5 ¢ 5 O E
p # Method Pose refinement 4 — = = O = s > % &
AL . .
- Featuremetric only: 2FS 80| coarse Ci{H| & +5 AR Coarse pose estimation:
1 FoundPose — v/ 39.6 33.8 46.7 23.9 20.4 50.8 45.2 37.2 1.
-MegaPose refiner 22 Al 59.6 ARE, RGB-only & 7| &5 2 GigaPose [39] - X 209 27.3 302 23.1 188 348 20.0 27.6 0.9
3 GenFlow [54] — X 250 21.5 300 16.8 154 283 27.7 235 38
4 MegaPose [41| — X 229 177 258 152 10.8 25.1 281 20.8 15.5
5 OSOP [75] - X 312 - - - - 492 332 - -
6 ZS6D [3] - /o298 21.0 - - - - 324 - —
With pose refinement (5 hypotheses):
12 FoundPose Featuremetric /420 436 60.2 30.5 273 5H3.7 51.3 441 74
13 FoundPose MegaPose X 586 549 657 444 36.1 703 67.3 56.8 11.2
14 FoundPose Feat. + MegaPose X 61.0 57.0 69.4 47.9 40.7 723 69.0 59.6 20.5
15 GigaPose [59] MegaPose X 5899 5B7.0 645 46.7 39.7 722 663 579 7.3
16 GenFlow [54] GenFlow X 563 523 684 453 395 73.9 633 57.1 20.9
17 MegaPose [41] MegaPose X 56.0 50.7 684 414 338 704 621 54.7 474

15

< Comparison with SOTA >



Experiments
 Ablation study

- Intermediate Layer
S 2 backbone(DINOvV2 ViT-LYK| A &SZF layer 18 = 37.2 AR, OFX| 2} layer 23 =23.5 AR
~ViT-SHA = Z2 A2 2 (layer 9 =34.0 vs layer 11 =23.7)

« Feature Extractor
-DINOv2 2| CtE R EHZ WX A| M=t 7F 3 A| 52 SAM 10.7 / DenseSIFT 7.6 / S2DNet 1.1 AR

- Effect of mask

1L = oF A o
-GT mask® 1WA Al +6-19 AR (rows | vs 11) » mask E20| £ 2022 8% = UF
53 z. A > o
O % ! b ) ! %O )
2 | D CJ) E‘ m O - .-
# Method — - — = — aw > < -
Backbones for extracting patch descriptors:

1 DINOv2 ViT-L — layer 18 39.6 33.8 46.7 239 204 508 452 372 1.7
2 DINOv2 ViT-L — layer 23 23.2 228 31.2 103 9.7 33.0 340 235 1.5
3 DINOv2 ViT-S — layer 9 34.0 31.6 42.7 21.7 16.8 46.8 44.7 34.0 1.3
4 DINOv2 ViT-S — layer 11 228 242 298 119 105 304 364 23.7 1.3
5 SAM ViT-L [40] — layer 23 22 128 92 75 6.0 106 269 10.7 34
6 DenseSIFT — step size 7px 3.2 26 6.5 105 29 56 222 76 14
7 S2DNet [23] 0.8 12 08 14 12 12 13 1.1 138
10 Pose given by the top matched template 20.3 18.5 23.0 128 124 196 176 17.7 1.0
11 Ground-truth instead of CNOS masks 456 53.1 57.1 306  — - 509 - -

< Ablation experiments >
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1) Deng, Weijian, et al. "Pos3r: 6d pose estimation for unseen objects made easy." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Paper Review

Pos3R: 6D Pose Estimation for Unseen Objects Made Easy
(CVPR 2025)

Weijian Deng, Dylan Campbell, Chunyi Sun, Jiahao Zhang,
Shubham Kanitkar, Matthew E. Shaffer, Stephen Gould
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Introduction

e Motivation Oturtc;:)af;ip;l:ne ) In-plane rotation Out-of-plane rotation
- 2D Foundation Feature2| 7| i o | €1
- In-plane rotationO| A{ = DINOv2”7| H| & & &= Du::f/ /}’:?taavﬁon )
- Qut-of-plane rotation= A| & B2} 2 appearance7 A He - “gg\ T
-« 71 A1 correspondence’/f S| A0t ZQHISNE = U= Can% §§, O:t of;lane ‘§ |

rotation

< DINOV2 vs. MASt3R under viewpoint changes >
- 3D Foundation Model 2 Viewpoint Gap 2t} b i

-MASE3RE= image pair2| 3D structureS & 7H =St H pixel-wise matching =34
' £hs= 0k 2D appearance similarity 7} OfL|2f, M2 CHE A[HO|A B=E €2 3D surfaces HE
- [EfEH\'l out-of-plane rotationX] & object projectionO| 2 A| EEtX|= 80 & S ™ @l matching 7t
- Pos3R
-MASt3R 7|8t training-free 6D pose estimation

-40 templates Tt 2 2 template selection =3

:': FoundPose CHH| template =& 3 A| 2 & (=800 templates)

18



Methodology

* Overall pipeline
- Template Rendering
- CAD model0f| A 407l RGB template + coordinate map ‘&
- Image Matching
-MASt3RE Z-E0510 query segment2} template ZF correspondence Al A — Matching quality/f 7t == template 41 EH

- Pose Fitting
- S Ed = templateOﬂ I:H S Ol= coordinate map 2 = 2D-3D correspondence= 0= PnP-RANSAC

PO 658 [lnly

(see. 3.2.1)
CAD model forty templates

2) image matching
>

>
(sec. 3.2.2) (sec. 3.2.3)

test segment 2D-2D correspondence coordinate map 6-DoF Pose

< Pipeline of Pos3R >
19



Methodology

1. Out-of-plane 2. In-plane
. . 8 cube-vertex views 5 axial rotations per view
» Template Rendering & Configuration ¥ R
LN
- Template Rendering ya o
. . 5 v \ 4
- 87l cube vertex view= out-of-plane rotation cover | .
-2t viewO]| 57| axial rotations= ™ &3l in-plane rotation & 2t : \\ )
-E|ZHL2Z 8 x 5=40 templates T3 / |

- Coordinate map

Out-of-plane coverage from cube vertices,
in-plane coverage from axial rotations

[8 views X 5 in-plane rotations = 40 templates}

-2} template pixelOl| Ci & 3t= 3D model coordinate A 2&F

- O| 2 matched template pixel= 3D pointE HZ2ISt= O AIE

- Why only 40 templates?

-MASt3R feature/| viewpoint H 20| 2ol <=8 7 templateO| L} selection network 7t 2 RSHX| =

20



Methodology

« MASt3R Matching & Pose Fitting

- Dense 1image matching
- Query segment I,,, 2f template I; , & MASt3RO|| &I =50 H2EE feature ‘8-

f(L,,I;x) = Dec (Enc(lm) Enc(llk))

- Feature mapOi| A reciprocal matching@ = Cff & &4 X7 &= 4-d

M ik = {0 Y3

- Template selection

- 2} T &Y 9| feature similarityE +ZX 6l template scoreE Al 4f, £ 11 T 4= template 41EH

SLm(Im, Ilk) pz:fm lk, (i %,k *) = argmax;  sim(Iy, I; ;)

- Pose fitting
- M EH =] template2| O A &A= coordinate map 2 = 3D A 0f| L S A|Z{ 2D-3D correspondence T+
-PnP-RANSACL E reprojection errors & 2 2}0t= pose =78

argming ¢ Z Hy,i1 — m(RP/ +t) H 2
| 21



Experiments
e Comparison with SOTA

- Coarse pose estimation

- Training-free W & &

-« TUD-L-IC-BIN-ITODD-HB-YCB-VO{| A X|

vorMl ® 12 &+ H|O|H M0 N = L&

N ]

2l (mean AR 39.5)
11, LM-O-T-LESSY| A= FoundPose”/ <%

- LM-O: &3t occlusionO| 27| matching= & oliot7| W &
=N FAFE 2 = template selectionO| K 2{=

- T-LESS: &

£ A|Zt2 1.4sE, render-and-compare Al € 2Lt B &
FoundPose(l 7s, 798 templates) 2. Ct = B S H, template =

2451 &l

A7t QQI0E £

Datasets (num. instances)

# Method Training-Free Refinement LM-O T-LESS TUD-L IC-BIN ITODD HB YCB-V Mean Time
1445 6423 600 1786 3041 1630 4123
Coarse Pose Estimation:
1 GigaPose [39] X — 29.9 27.3 30.2 23.1 18.8 34.8 29.0 27.6 0.9
2  GenFlow [34] X — 25.0 21.5 30.0 16.8 15.4 28.3 27.7 23.5 3.8
3 MegaPose [22] X — 22.9 17.7 25.8 15.2 10.8 25.1 28.1 20.8 15.5
4 OSOP [48] X — 31.2 — — — — 49.2 33.2 — —
5 ZS6D [2] v - 29.8 21.0 — — - — 32.4 - -
6 FoundPose [41] v - 39.6 33.8 46.7 23.9 204 50.8 45.2 37.2 1.7
7 Baseline v — 30.5 23.6 43.2 214 15.4 42.5 49.3 32.3 0.7
7 Pos3R (Ours) v — 32.3 31.5 47.3 33.1 25.1 53.7 53.9 39.5 1.4
< Comparison with SOTA >
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Experiments

* Component Analysis

- Component ablation
.= Axial rotation K| H — ™ H|O|EH{AlO|| A d= SIE!

vOut-of-plane Tt S =& F £, in-plane &£ 20| correspondence & 20| 58

;' MASt3R 2| 3D-aware &t 50| ds2| i & 9l

vMASt3RE DINOv2, RoMa(dense matcher) 1 Af| Al
3 Zo 2 jat

. Template selection= similarity 7| =0 7}& 28X

- AR 7| Similarity score > # Inlier > Confidence

23

# Method LM-O TUD-L YCB-V T-Less IC-BIN ITODD HB
1 Pos3R 32.3 47.3 539 315 33.1 25.1 53.7
2 w/o Ax. Rot. 30.5 43.2 49.3 23.6 21.4 15.4 42.5
3 Face Center 31.5 45.5 93.3 28.0 29.4 22.4 52.5
4 DINOv2 (L11y 18.5 25.0 22.5 14.2 15.6 14.1 32.1
5 DINOv2 (L9) 20.5 26.0 24.0 15.6 16.6 14.8 32.9
6 RoMa [10] 20.8 25.0 32.0 16.2 17.0 15.5 25.1

Average Recall

< Comparison of Pose Estimation Method >

60.0

45.0

30.0

15.0

0.0

B 1§78 |32.0)32.3

LM-O TUD-L

YCB-V

O Confidence

B Inlier

O Similarity Score

8008 | 31.5 | 31.5 | 02 32.8]33.1

T-Less

IC-BIN

888 | 248 | &84

ITODD

< Comparison of Template Selection Techniques >
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