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* https://www.fonedog.com/ko/photo-compress/compress-jpeg.html

Introduction

* 6D object pose estimation
- FHHEF ZFE A M S K 2] 6D poseE o= =Xl
-6D pose: 3D translation (X, y, z) + 3D rotation (roll, pitch, yaw)
-Input: RGB image or RGB-D image

- Output: Object pose (Rotation, translation) in camera coordinate system

RGB image

Real World Estimated object pose (6D)

+ Depth map

R BTN VDS
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Introduction
* 6D pose in Real-World Application

- Robotic Manipulation
-Grasping, pick and place
-Peg in hole, assembly

- AR/ VR

- Autonomous driving

Estimaed Object Pose AR Demo

R 447 CH 8k
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https://www.youtube.com/watch?v=ojpJlXIiTYE
https://zju3dv.github.io/onepose_plus_plus/
https://zju3dv.github.io/onepose_plus_plus/
https://zju3dv.github.io/onepose_plus_plus/

* https://www.fonedog.com/ko/photo-compress/compress-jpeg.html

Introduction

* 6D pose estimation
= 3D translation
CDHE H(xy,)S 7 EOE object’t YOHE 0| S =X|E B
;' 6D pose estimationOf| M| = camera ZtHA|2| x,y,z F0| 7|&

X' =xtt, YV =y+t, 2 =z+1,

A 7
Xl [1 0 0 ¢ ][x]
b I LU S L R I I
2|10 01 ¢z >y
(1] [0 0 0 1|1

S
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* https://www.fonedog.com/ko/photo-compress/compress-jpeg.html

Introduction

* 6D pose estimation z

- 3D rotation
-1™E Sy /T2 2 U E 25X E B
;= 6D pose estimationOf| A| = camera ZtHA|2| x,y,z ZO| 7|&
VR =R,({) - Ry(6) - Ry ()
;' Roll(R,) : Rotation about fixed x-axis ¢

1 0 0 0
0 cos¢p —singp O
v R, -P=
* 0 sin¢g cos¢p O
0 0 0 1

. |

»
»

;- Pitch(R,,): Rotation about fixed y—axis 6

cosd 0 sinf O][x
0 1 0 of|y
v .P =
Ry-P —sin® 0 cos@ O0f]|z
0 0 0 1111

v

;' Yaw(R,): Rotation about fixed z—axis

cosyp —siny 0 O][x
p_|siny cosyp 0 Offy

A 0 1 ollz x
0 0 0 1111

U szutta |VDS |
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* https://www.fonedog.com/ko/photo-compress/compress-jpeg.html

Introduction

* 6D pose estimation

- What 1s 6D pose estimation?
- N ZtEA E FHH 2t & BEA 2 Het St FHY| 2} extrinsicE T3 5= =X

2| M (Rotation)dt O| & (Translation) 2 2 T+

vp. =Rp, +t
. p, :AH| ZFE AH|(Object Coordinate System)2| &
. p. 7t 2 ZtHE A|l(Camera Coordinate System)2| &

EE TranslatlonJ_|' rotatlon

T=[R t 21 T2z T2z 1t
0 1 31 T3z 133 U3
0 0 0 1]
-6D pose estimation2| 552 x| Z= 0 AN 2#F HHS 7IE & LXA7|= (R OE
=AU
R AT 7 VDS
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1) https://mvje.tistory.com/87

Pipeline of 6D pose estimation

« 6D Pose Estimation0] Z 23t ‘&2 (Inputs & Prior Knowledge)
= [nput
- MM 2= : RGB or RGB-D image (RGB + depth map)
= Given / Prior Knowledge
- 2K 22 HE (Model)
;23D model: CAD, mesh, point cloud
'+ St H2: Template, keypoint, NOCS
- Camera parameters (2 Q= AL 0| ZZ|E2||0| M50 =21 5)
;'+ Intrinsic K: Projection/PnPOj| 2 &
L 220] 12 X0
-Model-based(with CAD)
;= template/feature matching — PnP/registration — ICP
- Category-level / Model-free (=CAD-free)
;:CAD S910| = 7}sobX| Bt B & CHE SZEH S (NOCS, keypoint, canonical space)= AtE
R A% TH 8D VDS
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1) https://mvje.tistory.com/87

Pipeline of 6D pose estimation

» Template matching
- 0| 2] Tt poseGil M d-dot HIER T 2= 7HY FARSH IE R 2| pose S 1 EH
- Offline phase: Template 8
-CAD 2E 5 o2 A|HOo|M HEHESHH &
-2t I Z 20| M featureE =L, i H
- Online phase: Pose T8
- & O[|O[X|U| M featureE F=Tt 7, DBL| HE I FAIZ AME =
-7t FAReH HIEEI9| poseE 7| poseE A&

-RGB-D7t /2™ ICPE refinementot ] E|E poses & E 2t

General Template Matching-based 6D Pose Estimation Pipeline

5l O|OfX|E 43

| tHE2l 6D pose2t 2/H DBO| X &

S
i)

Offllne Phase: Template Generation Template Database \‘,

Feature Vectors 6D Poses E
— 6D Poses |
Feature Extractor HEBEBE > 6D Poses :
| (e.g., CNN, HOG) |~ :
EI:EEED:I:EI »6D Poscs i

Template Database

,| Viewpoint
Sampling

I,”Online Phase: 6D Pose Estimation

Feature Extractor Similarity Search " L
l—>| - — —>| Refinement
(e.g., CNN, HOG) (Matching) (e.g., ICP)
A

Szrc’;r&s“ng Best Match

ﬂ S T8 S TR LIS . ces e SR —— VDS
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1) https://mvje.tistory.com/87

Pipeline of 6D pose estimation

 Feature matching

- UAHO M featureE FZ=ot1, 3D 2 A 1O| correspondence S T F (R,1)E Al At

- Feature —75—%

:'= Visual feature

:'= Geometric feature

10
0%t
0z
ox
HT
|
Hl
rot

v Depth map =2 point cloudZ2 5 & FH

Input Geometric features Visual features
R ST VDS
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1) https://mvje.tistory.com/87

Pipeline of 6D pose estimation

 Feature matching

- UAHO M featureE FZ=ot1, 3D 2 A 1O| correspondence S T F (R,1)E Al At

- Correspondence = (LS8 =8

e = El feature FAIEE H| oo OI3E S M
- Outliers =0|7| /3 RANSAC S2| ZHZ HHI AL

~Pose A4t
2:2D-3D 22 3D-3DSHEOZEE RH)E 7[3tStH O 2 A At
v’PnP solve: 2D-3D — (R,t)
v 3D rigid registration solve: (3D-3D — (R,t))

2D Query Image 3D Model Point Cloud

2D-3D correspondence

ﬂ 41 TH8E D
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Paper Review

ZeroPose: CAD-Prompted Zero-shot Object 6D Pose Estimation in Cluttered
Scenes (TCSVT 2024)

Jianqiu Chen, Zikun Zhou, Mingshan Sun, Tianpeng Bao, Rui Zhao, Liwei Wu, Zhenyu He

g ST .
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Introduction

* Motivation
« Why zero-shot 6D pose?
- M M| 7F =7t O GOl B +=&/2tEE + Xjeh50] B2 —» T HE H|E0|
- Limitations of prior Zero-shot 6D-pose estimation

-Render-and-compare
CtFot pose 2 CADE =2t¢l HIE 25t &
/B 27} BOPESE ALEO]

H

Y e RO A/OIAT) Y2 S

= ZeroPose
Classic Method
-SAM + CAD I:IH g Prepare Dataset |[Model Retraining
. L Specific Model
2K SOl K| £ 9 OtAT M X3 B & | e
-3D feature matching 7|2 pose estimation '_ ______________ 1-2pays
cHEHE O|EEE LR & /M Novel Zero-shot Method

object
CAD Model Generalized
Prompt Model Inference

Tens of Seconds

ﬂ 447 T8 VDS
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Method

* Onboarding Stage
- M AX[(caD)Zt =7HE I, =20 E 2%t promptE O| 2| 7155t= EHA|

- Visual prompt preparation (with ImageBind)

:CAD REIS o] A|IHM s 2

2, image, patch featureE F=0ot0 M&
AtE H| W £ = 9Y instance/orientation & & &

L—

- 0| = SAM proposal I}

- Geometric prompt preparation (with GeoTranformer)
;= CADO|| A point cloud=2 M= 2ot 2, ZF 3D H 0| CHSH geometric featureS F=0H A&

'+ O| = 3D-3D correspondence matching Of| AFE

S T R -~ - R - N = 5]
Promets | Lo Co .!|] - .!ﬂ Onboarding
dn‘ —| O P S u L C T A IS0 :  Stage
S o mimi

Prepamﬂon : . '
Image Embedding Patch Embedding Geo Embedding

CAD Models

ﬂ 447 CH 8k
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Method

* Overview

il 6D Pos
Test Image ( Discovery '—'Crop Orientation )Ful—er( Registration ) ¢ >

RGB-D Image Instance Segmentation Viewpoint Prediction Geometric Feature Matching

CAD Model
Visible Surface

50% \j\‘,-\ X ):3:",-

Gl INE. I/
\ e\ > 4 s S5
N\ -7 -

Seuie 3D-3D

T

& i Viewpoints A Templates Instance ./ \Correspondence
]| | |
CAD Model Prompts % g
ode P - »g ‘ u

- Discovery
-4 22 OA3E AGoA, 4 2EHIFO|E AKX 27
= Orientation
- 218 ROIZI CAD ®E &2 H|1310] 7% 7H7F2 viewpoint 41 EH
- Registration
-3D feature matching2 2 correspondenceE 7’8 ot 2, rotation, translation= Al A IV_DS|

g ST )

SOGANG UNIVERSITY



1) Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates." The Twelfth International Conference on Learning Representations. 2023.

Method

 Discovery (instance segmentation & object identification)
- SHOAM AN =2 S X0, O N AX| Aot THA
-SAME = N £ &2 OrA3 M

-ZF OATE cropSli Al ImageBind £ instance visual feature ==

-OfATYHE A2 feature?t CAD & E 3 =2| image feature== cosine similarity £ H| 1l
O] CAD 4K 21 X[(“obj id") & LEALL B/ KLU HE|= A2 22 HE

RGB
Discovery

Instance

Crop ='| Segmentaion

—
Viewpoint
Prediction

R BTN VDS
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1) Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates." The Twelfth International Conference on Learning Representations. 2023.

Method

* Orientation (coarse viewpoint initialization)
- MEHEI ROIQE CAD Bl E & 2 H| 1w 5} initial viewpointE 278
-Discovery= 21X IDE ZHEt &, oY 2K 2| viewpoint'E patch featureE 2=

-ROIQ| patch feature2l 2t viewpoint B Z X 2| patch feature?! cosine similarity= Al 4t

- FAFEZF E[CH QI viewpointE M EH — initial viewpointE AR

RGB

Discovery

Instance
| Segmentaion

Viewpoint
Prediction
— (]
R ST VDS
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Method

» Registration (3D—3D matching — solve pose)
- Point cloud 7F2| 3D-3D correspondence S FTESI1, X|F (R,H)E Al 4t
-Depth 7|8t scene point cloud2t CAD(model) point cloudOf| A| geometric featureE =
- Hierarchical matching@ £ 3D-3D Ll &8 =
- (Weighted) SVD rigid registration= =235 6D pose Al 4F
2= Q Al ICPE refinement 7t

0 o
o
u . - I
o§ 3 Registration
" a ?’Eﬂ'an
3 pg T (. Weighted = m—.
8 4 Geo Index H::T:I‘;hlcal SVD e pose
" = .' Estimation

Model fg l '

Segment Anyfhing

!

R B THSED VDS
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Method

» Registration (3D—3D matching — solve pose)
- Hierarchical matching

- GeoTransformer = scene/template2| coarse/fine feature S =

- Coarse matching

;' Coarse feature 7t FAFEE H| 1w SH0] coarse correspondence G’ S
-Fine matching

2 C. 2 receptive fieldE O &0l 2 & fine-level 2 F A= indexing

;= fine-level 22 B HO0J| Al dense correspondence Cr 4

- Weighted SVD: Cr & O| &5l Z[F pose (R,t) AlLt

Fine Matching
P frm— — —
o0
= L
| #o| | £ 2
2 : s
= : 8 =| R
= 3 2
9 " 2 ’E -En t
s e 1o
oo | #@| | S =
+H -'-' Q ¥ U %, 4
. * CC S L — S
ackbone : e
s T pég fsg Self-Attention Cross-Attention Fine Regions

PR sazusa |VDSI
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Discovery

Viewpoint
Prediction

Hierarchical
i Pose
Matching Estimation
Onboarding
Stage

CAD Models_ Image Embedding Patch Embedding Geo Embedding

R B THED
20 .
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Experiment

 Benchmark: BOP 7 core datasets
- LM-O, T-LESS, TUD-L, IC-BIN, ITODD, HB, YCB-V

» Metrics

= Object discovery/instance segmentation
-mAP
= Pose estimation

-BOP AR(average recall)
2 02 pose 2AF &=+ O 2 A LU0 L] RecallE B

 Extra setting

=< =
- 7| & zero-shot Y&

=
-3 H 1 E 9|6l Mask R-CNN OtAIE S USHA H|

ﬂ 447 CH 8k
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Experiment

 SOTA comparison

Object Discovery

Pose Estimation

BOP7 Datasets

Method Zero-shot Inst. level Zero-shot Refinement LM-O T-LESS TUD-L IC-BIN ITODD HB YCB-V Mean Time (s)
I CosyPose [54] X VAR | v 633 640 685 583 216 656 574 570 05
2 CDPNv2 [55] X VA | v 630 435 791 450 186 712 532 534 15
3 SurfEmb [17] X VA | v 760 828 854 659 538 866 799 758 9.0
4 Coupled [56] X VAR | v 732 820 858  60.6 472 873 829 741 -
5 | MegaPose [10] X v oY - 187 197 205 153 800 186 139 162 256
6| OVE6D [12] X v v - 496 523 - - - - 515 - -
7 | Ours X - 583 559 869 532 338 693 70.1 611 18
8§ _OVES6D [12] X v v v 627 546 - - - - 587 - -
GCPose [57] X VR v 652 619 926 - - - 152 - .
10| MegaPose [10] X v oY v 583 543 712 371 404 757 633 572 933
11| Ours X v Y v/ 663 630 949 520 442 820 841 69.5 483
- Pose AR (BOP7 mean) & runtime H| 1!
-MegaPose: mean AR 16.2, time 25.6s
-ZeroPose: mean AR 61.1, time 1.8s
- Refiner Z 2} settingOf| A] H| 1!
-MegaPose: mean AR 57.2, time 93.3s
-ZeroPose: mean AR 69.5, time 48.3s
- Object-specific method CHH| FAF 52 EO|HA, time efficiency = =&
VDS

SOGANG UNIVERSITY
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Experiment

» Latency & Memory (Onboarding + Inference cost)

Onboarding Time (s) Memory (MB) BOP5 Datasets
Template Num. Render Feat Extracion Total  Template Feat. LM-0 T-LESS TUD-L IC-BIN YCB-V Mean Time (s)
6 0.3 0.1 0.4 0.02 29.7 11.6 452 19.8 320 276  0.240
42 26.5 0.5 27.0 0.16 3.7 347 46.0 20.6 574 393 0.242
162 102.2 23 104.5 0.64 37.8 357 454 20.8 56.0 392  0.251
642 405.1 7.2 412.3 2.51 374 364 44.7 2005 56.0 389  0.289

- viewpoint Bl & X =7} 45 onboarding time 3 H| 22| S7}
-42 tempates: total onboarding 27.0s, memory 0.16MB, inference time 0.242s
- 642 templates: total onboarding 412.3s, memory 2.51MB, inference time 0.289s

i

IOl

L—

ot

- It = 5F template density= ‘S s+ = A0| g1, 2=F 2HEO0IX|= A=

S —

SOGANG UNIVERSITY 23 LAB



Paper Review

FreeZe: Training-free zero-shot 6D pose estimation with geometric and vision
foundation models (ECCV 2024)

Andrea Caraffa, Davide Boscaini, Amir Hamza, Fabio Poiesi

g ST N
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Introduction

* Motivation

- Limitations of prior Zero-shot 6D-pose estimation
EH
H

- 7| & model-based zero-shot 2= 2 ot O|O|H + & A|ZFeh&50| o
sl E EA/E0Q 240 TSty YEtstr =52

- Key question

- Task-specific training §10| = 325t 6D L= F=7H 0| 7h5 M}

= Free/Ze

-+ 2 40| £ 2t& =l foundation model featureS 1L 2 =2
- Geometric(3D) + Visual(2D) featureE Z2gfot™

SEA =
= =28 , 2 o5 910| & robust correspondence=
== T AxO

£ (Training-free)
|

SOGANG UNIVERSITY
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Method

» Key idea
- Extract feature with training-free foundation models
- Geometric FM (GeDi) + Vision FM (DINOv2) £ F7 & 20| AFE

- 2D—3D feature lifting & fusion
-RGB imageOl| Al &2 visual patch featureE depthZ 3D point0Of| & &
-3D point2FE &2 GeDi geometric feature2} Z TS0 point-level descriptor ‘e /S

= Pose estimation & refinement

- Point-level descriptor= 3D-3D correspondence ‘3

-RANSAC registration2 2 7| (R,t) =73
~(Optional) ICP + symmetry-aware refinement= ‘S 2 =}

R AW THEE D

SOGANG UNIVERSITY 26
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Method

 Overall pipeline

| I| il|—§
Il—)

Rendered images ;éﬁ Vrsual features Visual i’eatures

s =

% g 7 #
© ” &13 4 3\’ &

Input model Visual features Fused Fused Visual features
features features
# aw
|II|I e f&l || Il
Texture less Geometric Geometric Texture less
features features point cloud
Quer) object 6D pose estimation larget object

A sAsugra . | VDS I
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Method

» Feature extraction

- Geometric feature (GeD1)
-GeDiE geometric encoder= A&
;=24 3D point®| A BHE r=0.3D/0.4D (D: 2X|2| X|&) O|LH O] 22| 32d feature

;' Zf featureE concatSt O] geometric feature = (32d + 32d — concat(64d))

= Visual feature (DINOvV2)
~-DINOV2(ViT-G)E vision encoderE A&
:':224%224 O|O| X| 28 E — Visual feature (1536 x16 x 16)
:O|Z PCAR At =2

R 447 CH 8k

SOGANG UNIVERSITY 28

>x ==

T =

VDS

-
‘b
m



Method

» 2D—3D feature lifting & fusion

= Step 1) ROI/crop
-Segmentation OfA3 = A ROIZH H 7|10 HY & | A

- Step 2) ROI O| 0| X| Of| A| 2D visual feature ==
-DINOv22 ROI 0|0 X| 2| patch feature map == (16x16)

;' Bilinear interpolation2 2 pixel-level feature map 2 = H 2t

- Step 3) Depth& O|&5H 2D pixel-3D point CHS ‘&
-ROI W ZF A (wv)2| depth z = D(u, v) 2t intrinsics K2 3D = =&

X = 2k~ H

R AT THSED VDS

SOGANG UNIVERSITY 29
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Method

» 2D—3D feature lifting & fusion
- Step 4) Pixel feature= 3D pointOf] & (lifting)

-8 &= HA featureE L E 3D pointOfl F5FSHY point-level visual descriptor %4 4

- Step 5) ROI O| 0| X|Of| A| 2D visual feature =
-2} 3D pointOf| CHSH visual+geometric= Ao XS descrlptor a4

« & feature2| 27| XtO[E Q10K 7| 23l normalization & concat

_[9X) | _vX)
&) =191 | To T

X: 3D point, g(X) : geometric feature, v(X): visual feature
f(X): & Q2 E 2%l £[F point-level descriptor

F

mot

- O] fused descriptor= 3D-3D correspondenceE [ X O 2 - = U Z

ﬂ 447 CH 8k
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Method

* Pose estimation & refinement

- RANSAC registration (3D-3D feature matching)
~queryOll A 38 (triplet) = & — fused feature = targetOf| NN Of &

~CH- S22 pose (R, t) AL — inlier( 2Kt < 70 ME) 4= X|CHOl pose A EH

-0 mask 2E7I Y= 42 4 T EHE =3 2 inlier Z|C| S & MEY

» [CP refinement
-RANSAC Z7| pose T, & ICPE point-level & 22t — T

- SAR (Symmetry-Aware Refinement)
- A 3| = 2 R, =0 CHSH Chamfer distance® S EE HI7p/MH

-Tr o Rs= HEHE — &S cropdh2| DINOV2 patch cosine similarity 2 %[E& S &2

ﬂ AW THEE D
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Experiment

 Benchmark: BOP 7 core datasets
- LM-O, T-LESS, TUD-L, IC-BIN, ITODD, HB, YCB-V

» Metrics

= Pose estimation

-BOP AR(average recall)
2 O] 2 pose AL &=+ O 2] LALLM RecallZ Bt H=

 Evaluation setting
- FreeZe+ pose estimationO| & — A O|A] E-& mask/ROI priorE LS E AE
-Ex: CNOS masks / SAM6D masks &
Hl W Al 22 prior(ROI) / €2 refinement 20| d5 H|WE =X

R 447 T8 VDS
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Experiment

 Quantitative Results (SOTA Comparison)

, Training : BOP Dataset .

Method free  1nPut  Prior Refin. |y o ppgss TUD-L IC-BIN ITODD HB YCB-v Mean
| MegaPose [26] RGB 22.9 17.7 258 152 108 25.1 28.1 |20.8
> 786D [3] /  RGB 29.8  21.0 - - - - 324 | -
3 GigaPose [35] RGB v 29.9 27.3 302 231 188 348 29.0 |27.6
i FoundPose [40] RGB ~ 39.7 338 469 239 204 50.8 452 |37.3
5 SAM6D [31] RGBD 570 382 698 415 414 669 732 |554
6 FreeZe (ours) v/ RGBD 64.7 49.3 86.1 44.3 49.2 75.7 78.7 |64.0
7 MegaPose [26] RGB / 560 508 68.7 419 346 70.6 62.0 |54.9
= GigaPose [35] RGB v/ 1599 57.0 635 46.7 39.7 722 66.3 |57.9
9 FoundPose [40] v RGB v/ | 61.0 57.0 69.3 479 40.7 723 69.0 | 59.6
10 ZeroPose [6] RGBD CNOS v | 538 40.0 835 392 521 653 653 |57.0
11 MegaPose [26] RGBD / | 626 487 851 467 468 73.0 764 |62.8
12 SAM6D [31] RGBD / | 635 463 800 465 543 711 80.0 |63.2
13 FreeZe (ours) v/ RGBD / 69.0 520 93.6 49.9 56.1 79.0 85.3 |69.3
14 SAM6D [31] , | 62.7 42,0 77.7 50.4 455 689 743 |60.2
15 FreeZe (ours) ST BRSS e 67.6 50.0 88.1 487 52.0 76.1 77.4 |65.7
16 SAM6D [31] , / | 687 498 874 56.1 57.7 754 82.8 |68.2
17 FreeZe (ours) v  RGBDSAMOD oy g 537 949 545 58.6 79.6 84.0 |70.9
- LISt prior/ Z 0| A FreeZe/t &% 852 B0

-SAMG6D prior + refinement Z=710{| A{ mean AR 70.9
R P 3]:: 7t gt& 910| foundation model feature(GeDi+DINOV2)Zt2 2 =2 AR Ed
KA1

SOGANG UNIVERSITY
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Experiment

» Computational times

Method poput data - Localzation Priot AR Time (s)
MegaPose [26] v v 65.9 4.59
MegaPose [26] v v 68.4 6.06
SAM6D [31] v v v 82.0 0.98
SAM6D [31] v / v 90.3 3.94
FreeZe (ours) v v v 93.6 2.72
FreeZe (ours) v v v 94.9 4.79

- &2 HWO| A MegaPose / SAM6D / FreeZe H| 11

- 7| & model CHH| H|=2}t computational time= 7 X|HAM =2 452 EO0|l= A=

ot

H2l

R AT THSED VDS
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Experiment

 Ablation study

A

» Feature encoder ablation
- Geometric encoder: GeDi > FCGF
-Vision encoder: DINOv2 > CLIP

ABTNE-D

- Multi-scale & fusion: MS(Multi-Scale)-GeDi”Zt € Bt GeDiZ Lt QHE &
Geometric encoder Vision encoder .

Method ~ Radius ~ Method  Backbone Lhor ICP AR

1 FPFH 0.3 - - m 20.7

2 FCGF - - - m 20.8

> 3 GeDi 0.3 - - m 55.3
I A GeDi 0.2 - - m 52.6
S 5 GeDi 0.3 - - m 55.3
&) 6 GeDi 0.4 - - m 55.0
7 MS-GeDi (0.2, 0.3) - - m 56.2

8 MS-GeDi___ (0.3, 0.4) - - m 56.5

9 . - RGB - m 15.1

10 - - CLIP ViT-L m 30.5

g 11 - - DINOv2 ViT-L m 36.8
=12 - - DINOv2 ViT-S m 31.9
13 - - DINOv2 ViT-B m 33.7

14 - - DINOv2 ViT-L m 36.8

15 - - DINOv2 ViT-G m 39.6

_ 16 MS-GeDi  (0.3,0.4)  DINOv2 ViT-G bb 64.7
= 17 MS-GeDi  (0.3,0.4)  DINOv2 ViT-G bb v 68.6
~ 18 MS-GeDi  (0.3,04)  DINOv2 ViT-G m 64.7
19 MS-GeDi  (0.3,0.4)  DINOv2 ViT-G m v 69.0
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Experiment
 Ablation study

= Pose refinement ablation

Refin. LM-O T-LESS TUD-L IC-BIN ITODD HB YCB-V Mean

None 64.7 49.3 86.1 44.3 49.2 79.7 78.7 64.0
+ICP 69.0 52.0 93.6 47.3 56.1 78.4 84.9 68.8
+SAR  69.0 52.0 93.6 49.9 56.1 79.0 85.3 69.3

Qo b =

-SARZ CHE O| X[ 2t texture7t 7= &l = M| 7F ol H|O|H A0 A 2t 21 A

- A I-Ol
+: IC-BIN(+2.6), HB(+0.6), YCB-V(+0.4)

o
= —

ok

-8t [ M-O, T-LESS, TUD-L, ITODDY M = ICPEt A2 AL CHH| 0| 50| HQ| Qi

—

ﬂ AW THEE D

VDS
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Conclusion

* 6D pose estimation
ZHH 2 ZHEA 7[E0M 22| ALME =5t
- Template matching

-0 & viewpoint= HEH S| PH= HES S E2} ¢

Mo
=d

o
0
T

| W Sf 7t F AR poseE M EH

—

- Feature matching

- U DO M featureS TN correspondence= BH=11, PnP(2D-3D) /3D
registration(SVD) 2 & poseE A4t

e /ZeroPose

—r

- SAM segment-CAD O & =, Z8X]| patch feature H| 1l £ initial viewpoint 24 3

- 0|2 GeoTransformer 7|8t 3D-3D hierarchical matching — weighted SVD 2 poseS 3 S,
multi-hypothesis + Chamfer2 x|& S 2 & {1E4

 FreeZe (training-free zero-shot)
- Foundation model 2 2D/3D featureE =
- 2D—3D lifting & fusionSt 3 point-level descriptors T+
- RANSAC registration2 = poseZ A 4t2t 2, ICP + SARE “H 23}
ﬂ M TSR VDS
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