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Introduction

* 6D Object Pose Estimation

- 6 Degrees of Freedom (DoF) = 3 DoF translation (x, y, z) + 3 DoF rotation (orientation)
- A ZHEA O 70 2t 2 EA £ 9| rigid transformation A4t

2RO OX| A =S et iy QA REEAN, =8 AN 2| Fetot ALM| =7
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Introduction

* 6D Object Pose Estimation
- Main setting

-Instance-level Method

;B E ZWH Q| 3D cAD R EH S ALE O ZHE T

CHOH A2 B| AE SHCf= EHI

-Cate gory-level Method

ot IHOA = category FAISH:], HIAE IO M= M5

Instance-Level Methods
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Training |  Inference
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Preliminary
* NOCS (Normalized Object Coordinate Space)

- ZX| & category & canonical orientation2 £ &3t 11, 3D bounding box 7| =2 =2
A7|E d12}t3t canonical 3D ZHEA|

-2 7tH| 12| il eojM e 2 | &= FE2 FAISI NOCS R EHE A& FHO
-0|O|X[2| Z TAof CHEH NOCS A EE 0| =52, & A &= 3D E 12| point-wise

correspondence 2 E Sim(3) H& (R, t, s) 73
- 0| Z =l CHSE 2| outlierg M7 SH| 25 RANSAC=E M &%t H, Umeyama
dne|EC=E F a8

a1 (0.1.1) . (0,1,0)
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» Rethinking Correspondence-based Category-Level Object Pose Estimation (CVPR
2025)
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1) H. Ren, W. Yang, S. Zhang, & T. Zhang, “Rethinking Correspondence-based Category-Level Object Pose Estimation,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

SpotPosel

* Introduction

- CHE-22| 7| = category-level AHS2 5 Al correspondence-based 24! K| EH
[=3n]
o

27 278

-7t 2t =& S 70 NOCS AHO| 2] CH
-Pose fitting ¥ 1 E2[F= Solf K2 == &7
= Correspondence prediction stage

- Shape-sensitive and pose-invariant features

Observation

Correspondence Prediction

Shape-Sensitive  Pose-Invariant

NOCS
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1) H. Ren, W. Yang, S. Zhang, & T. Zhang, “Rethinking Correspondence-based Category-Level Object Pose Estimation,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

SpotPosel

* Introduction

- L2 &2 2| 7|E category-level & = Tt
-7t 2t ZH & % F1F NOCS ArO|2| O & 2HA 27
~Pose fitting ¥ 12|52 Sof AN == A7

- Pose fitting stage

-Removal of outlier correspondences

E (=4% ) Outliers
@)
5 Segment and
S Back-Project
~
Correspondence Prediction

:_:; ( : "'EL-. N IUCIII
g *-,'_11_,_,_,/ Outlier . o
n M Removal M
D ——
Z.

Pose Fitting

8.4°,0.44cm  Pose Error 2.2°,0.17cm
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1) H. Ren, W. Yang, S. Zhang, & T. Zhang, “Rethinking Correspondence-based Category-Level Object Pose Estimation,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

SpotPosel)

e Method
- Cropped RGB-D O|O| X|, 1°P] @} Z4H| point cloud, P°P7 & YLHOZ HESIO R, t,s 0=

Dense Feature Extraction Sparse Feature Interaction Robust Pose and Size Estimation
I Fu  p¥ Repeat L times
___________ e = ] T =
Geometric

| O 1
| e ||
— | Interaction Block | 1 0
|| | e |
)
=7 5 | 2 I Mo ! ﬂ; o
=5 = thier "R
l : G ; : : Predictor ':* s o
= o
FPS | 2 g | | | NOCS | ) z
| Sampl ] £ a || | S LY | 2
p]u:lg | no 2 | | Predictor | :.CH( - E L
—————————— : : | o — — e —— E- R r.x
Emm—E || F) | 5| | (S gy . -
Poselnv- s 2 = |
_ > & g o ' e *Ce —>
PointNet++ S | - g | " I ‘fh.-(r“
= | T ===
Pt F= p F P
(a) Framework Overview
s e S . | el ikl sioka
Pnh_'l e * obi I 1 | e ——— 1 F{ E Fj
=t ka{n):_: Ko Query e ————— 1 T 1
B9 T-Net ) Key : ] |
1= D iy, 0] Amention f— N et N |
[ == PointN I | Value I @. — B —=d I
=1 poo =" Y | x| 5
1=t B e} :_I:I}F;'ff'ﬂ | E— T AT 1 [
(b) Poselnv-PointNet++ (c) Local Geometric Cross-Attention (d) Global Geometric Self-Attention
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1) H. Ren, W. Yang, S. Zhang, & T. Zhang, “Rethinking Correspondence-based Category-Level Object Pose Estimation,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

SpotPosel

e Method

» Dense Feature Extraction

- Extract pose-invariant geometric features via Poselnv-
PointNet++

'+ A T-Net 1s added before PointNet++ to align the input point
cloud

;= Injection of absolute coordinates 1s excluded from the
PointNet++

-For cropped RGB image, employ DINOv?2 to extract pose-
consistent semantic features

Stop Injection

obj
=1
I % I T-Net
I
= .
= !
| = | ®

(b) Poselnv-PointNet++
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1) H. Ren, W. Yang, S. Zhang, & T. Zhang, “Rethinking Correspondence-based Category-Level Object Pose Estimation,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

SpotPosel)

e Method

- Sparse Feature Interaction
- Enhance shape-sensitivity through global feature interaction

-Represent object shapes with a set of sparse keypoints using
Farthest Point Sampling (FPS)

Sparse Feature Interaction
- Keypoint-wise feature, F*Pt € RN*3 o .
. ’ Foy  pob Repeat L times

x3 e | |
RN 3 Geometric

' Set of sparse keypoints, P € |
| Interaction Block

- Distance-and Angle-based Geometric Descriptor
' Distance embedding, E,‘l“,fl """ I """
VPR = Bull2 / oais

. . ang Samplin
. K-wise angel embedding, En’m,k SR

‘/L(Plimn_PnaanLtt_Pn)/Gang _____ i _____

¢ Enm = Ef W + max{ Ep\7, W)

nmk

UOI LD -SS010) D1ALICAN) [BI01]
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R AW THEE D

SOGANG UNIVERSITY 11



1) H. Ren, W. Yang, S. Zhang, & T. Zhang, “Rethinking Correspondence-based Category-Level Object Pose Estimation,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

SpotPosel)

e Method

- Sparse Feature Interaction

- Local Geometric Cross-Attention
'+ Local context & 2 & keypoint featuresOf| S X| 7| &2t 54
StO

v Sparse keypoints, P= dense points, P/ 2| 22Tt O Z [ocal geometric S EE

S=o| BASH| T2
n@ W keypoint, B, Off CHOH PoP7 LHOl| A Klocal7H9| %27 0|2 MH = 0]0f
-8 St= feature, Flocal =S FObiEEH F

l 1 _ global obj l l global
VFl5e = GCA(F, F Eloca ) + F9“

I-1,n ’” " knn(n)’
vGCA(q,C,E) = Attention(q,C + E,C + E)
________ (e

pobl | — a——
knn(7) | | Key ety
| @ l—>» Attention
| — | Value v
Elel le=——11 P A— el
Sepmpmpmpempumpumye ! {_|:|Jl15',r?¢.caL

(¢) Local Geometric Cross-Attention
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1) H. Ren, W. Yang, S. Zhang, & T. Zhang, “Rethinking Correspondence-based Category-Level Object Pose Estimation,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

SpotPosel)

e Method

- Sparse Feature Interaction

- Global Geometric Self-Attention
;' Facilitate shape-sensitive global interaction among the keypoint features

s+ nHM keypoint, B, 2= keypoints, {P,|1, ..., N} Ol CHSH A geometric descriptor A At

\/Figlobal _ GSA(Fllocal,Eglobal) + Fllocal

vGSA(C,E) = Attention(C+ E,C+E,C+ E)
FLglobal € RNXD

;' Final keypoint feature, F =

uonuany

(d) Global Geometric Self-Attention
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1) H. Ren, W. Yang, S. Zhang, & T. Zhang, “Rethinking Correspondence-based Category-Level Object Pose Estimation,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

SpotPosel)

e Method

» Robust Pose and Size Estimation

. .. Robust Pose and Size Estimation
- Outlier-aware Correspondence Prediction

= =~

;' MLP-based predictor 226} 0{ keypoint feature, F 2 5

I . |
] S
TH& Sl NOCS ZHE, S 0% | predictor | ™ :
- 1 el X

vGT NOCS coordinate, S7* = —— (RI)T (B, — t9Y) Outlier AR
n T gy (RO (R =B 1 e [ T8 |
)
vNOCS Loss function, L% = ||S,, — S t|| | wocs || :
"2 : Predictor _}_ng‘:{ _S N
:'+ Outlier score prediction == _I_ LT 5
=
v'Noise in segmentation mask, depth camera sensor [ &

vOutlier score, 0 = Sigmoid(MLP([F, MLP(P)])) i

-Pose and Size Estimation F P

= Outlier score, O0f| 0.5 YA 2t = B &3l A outlier A|H F &2
d4} correspondenceBH= AFESH Al Umeyama & 112
R, t A4t

:« K| 27| s.= MLP-based size predictorOi| globally averaged
keypoint featuresE YHLE &5 =H
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1) H. Ren, W. Yang, S. Zhang, & T. Zhang, “Rethinking Correspondence-based Category-Level Object Pose Estimation,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

SpotPosel

» Experiments

= Datasets
-REAL275, CAMERA2S5, HouseCat6D

= Evaluation Metrics

-mean Average Precision (mAP) of n°, m cm

-mAP of 3D Inter-section over Union (/oU,.) at a threshold of x%

PR avuta VDS
S

SOGANG UNIVERSITY 15 LAB



1) H. Ren, W. Yang, S. Zhang, & T. Zhang, “Rethinking Correspondence-based Category-Level Object Pose Estimation,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

SpotPosel)

» Experiments

= Quantitative Results

REAL275 CAMERA25
Method
| [oUsg  ToUss | 5°2ecm 5%5em 10°2cm 10°5cem | IoUsg  ToUss | 5°2cm 5%5em 10°2em 10%5cm

DualPoseNet [11] | 79.8 62.2 293 35.9 50.0 66.8 Q2.4 86.4 64.7 70.7 77.2 84.7
GPV-Pose [4] - 64.4 32.0 429 - 733 934 883 721 79.1 - 89.0
Direel Resression HS-Pose [37] 82.1 T4.7 46.5 55.2 68.6 82.7 93.3 89.4 733 80.5 804 R9.4
£ress GenPose [36] - - 52.1 60.9 72.4 84.0 - - 79.9 84.4 84.6 89.6
VI-Net [13] - - 50.0 537.6 70.8 82.1 - - 74.1 81.4 793 87.3

SecondPose [3] - - 56.2 63.6 74.7 86.0 - - - - - -
NOCS [32] T8.0 30.1 72 10.0 13.8 25.2 83.9 69.5 323 409 48.2 64.4
SPD [27] 773 53.2 193 214 432 54.1 93.2 83.1 543 59.0 733 81.5
SGPA [1] 80.1 61.9 359 39.6 61.3 70.7 93.2 881 0.7 74.5 R2.7 R8.4
SAR-Net [10] T9.3 62.4 316 42.3 50.3 68.3 86.8 79.0 66.7 709 753 80.3

Correspondence | DPDN [12] 83.4 76.0 46.0 50.7 70.4 78.4 - - - - - -
IST-Net [16] 82.5 76.6 47.5 53.4 72.1 80.5 937 0.8 T1.3 799 79.4 89.9
Query6DoF [34] 82.5 76.1 49.0 58.9 68.7 83.0 91.9 88.1 T8.0 83.1 839 90.0
AG-Pose [14] 83.7 79.5 547 61.7 74.7 83.1 93.8 91.3 T7.8 R2.8 R5.5 91.6
| SpotPose 84.1 1.2 59.7 64.8 81.5 88.2 94.3 92.5 80.4 83.8 87.7 92,2
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1) H. Ren, W. Yang, S. Zhang, & T. Zhang, “Rethinking Correspondence-based Category-Level Object Pose Estimation,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

SpotPosel

» Experiments

= Quantitative Results

-CAMERA25, REAL275 O[O E{Of| H|S =& - T &-A[H-7tE-7tH| 22| C}efd o] M
74X correspondence 7|2t pose FHY LM E [ 0242 O] E Al

Method ‘ IoUss  ToUsp | 5°2em 5%5ecm 10°2em 10°5¢em
FS-Net [2] 74.9 48.0 3.3 4.2 17.1 21.6

GPV-Pose [4] 74.9 50.7 3.5 4.6 17.8 22.7

VI-Net [13] 80.7 56.4 8.4 10.3 20.5 29.1

SecondPose [3] 83.7 66.1 11.0 13.4 25.3 35.7

NOCS [32] 500 212 - - - -

AG-Pose [14] 81.8 62.5 11.5 12.0 32.7 35.8

SpotPose ‘ 89.1 77.0 ‘ 23.8 24.5 52.3 54.8
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1) H. Ren, W. Yang, S. Zhang, & T. Zhang, “Rethinking Correspondence-based Category-Level Object Pose Estimation,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

SpotPosel)

» Experiments

= Qualitative Results

SpotPose

b
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» CAP-Net: A Unified Network for 6D Pose and Size Estimation of Categorical
Articulated Parts from a Single RGB-D Image (CVPR 2025)
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1) Huang, J., Yu, H., Yu, K.-T., Navab, N.,“CAP-Net: A Unified Network for 6D Pose and Size Estimation of Categorical Articulated Parts from a Single RGB-D Image,”in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

CAP—NetD

* Introduction

- Rigid 24 K| Of CHSH ALE} EHOYA = e A
|

UM S Bast EM 0= Ol

- Articulated partsQ| 2% O & L E 71X 7| 20| Q1A @ F I Ehdgt
G5, 20| £ {0l /UZ
282 T2 d52 FAAF| 7| Rl articulated parts2| Q1A U FH 5 WM =H
= Main challenge

- Intra-category part variations

;= Often lack specific 3D CAD models, requiring robust intra-category generalization

- Cross-category contextual variations

:': Diverse contextual configurations across object categories

-Sim-to-Real domain gap

;= Lack photorealistic RGB images and realistic depth data that simulate real sensor capture

U szutta |VDS|
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1) Huang, J., Yu, H., Yu, K.-T., Navab, N.,“CAP-Net: A Unified Network for 6D Pose and Size Estimation of Categorical Articulated Parts from a Single RGB-D Image,”in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025.

CAP—NetD

* Introduction

- Point-based method

-Ignore crucial semantic cues from RGB images, which are vital for precise pose identification
- Intra-category method

-Lack cross-category generalization
= Cross-category method (GAPartNet)

-2 52 =220 2 72 ™ O £ Normalized Part Coordinate Space (NPCS)E I ot= 2
stage A AR

- Accumulate segmentation errors and lose contextual information

Local Input . B L — o
5 T i Visual ¢
e oS SR
Segmented part £% LT Wt X
2
_ Global Context oy . N
Complete object Joints
N AT TS | VDS I
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1) Huang, J., Yu, H., Yu, K.-T., Navab, N.,“CAP-Net: A Unified Network for 6D Pose and Size Estimation of Categorical Articulated Parts from a Single RGB-D Image,”in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025.

CAP—NetD

* Overview

RGBD-Art Dataset |

Class + Part Instance

Unified Network b g

i i Pose Fitting

Sim2Real

- Intra-category part variations
- Utilize NPCS for each part category

- Cross-category contextual variations

- Category-agnostic features from a pre-trained
visual backbone

Estimated Joints

- Sim-to-Real domain gap

-RGB-D Realistic-Rendering Articulated Object
(RGBD-Art) dataset

Unseen Small Parts

Unseen Large Parts

PR A4y mndha |VDS|
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1) Huang, J., Yu, H., Yu, K.-T., Navab, N.,“CAP-Net: A Unified Network for 6D Pose and Size Estimation of Categorical Articulated Parts from a Single RGB-D Image,”in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025.

CAP—NetD
« RGBD-Art Dataset

= Definition of Poses and Joints

-Each part category is canonically oriented and normalized to the NPCS, ensuring a consistent
definition of pose and joint parameters

- Limitations
-Synthetic depth images are idealized
:'= Lack realistic noise in real-world sensors

- Non-photorealistic RGB images

Datasets | Obj. | Img. | Anno. | P-RGB | R-D
ReArtMix [19] | 48 | 100K | - vBG) | X
GAPartNet [10] 1166 37K 272K X b 4
RGBD-Art(Ours) | 1045 63K 408K 4 v

PR avuta VDS
S
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1) Huang, J., Yu, H., Yu, K.-T., Navab, N.,“CAP-Net: A Unified Network for 6D Pose and Size Estimation of Categorical Articulated Parts from a Single RGB-D Image,”in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025

CAP—NetV

* RGBD-Art Dataset

- Synthesize depth images with realistic sensor noise patterns, simulating an active stereo
depth camera similar to the RealSense D415

- Ray-tracing to achieve photorealism, incorporating domain randomization

= 9 categories of articulated part types

-line fixed handle, round fixed handle, hinge handle, hinge lid, slider lid, slider button, slider
drawer, hinge door, and hinge knob

RGB Image Depth Image GT NPCS 6D Pose & Size

g AW THEE D N VDS
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1) Huang, J., Yu, H., Yu, K.-T., Navab, N.,“CAP-Net: A Unified Network for 6D Pose and Size Estimation of Categorical Articulated Parts from a Single RGB-D Image,”in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025.

CAP—NetD
* Method

= Task formulation
—RGB D O|O| X| patch?} F0{ X % [} point cloud & 2| part semanticsE Z= St instance
ZO|M 23 F, NPCS 7|8t He2 Sl Z articulated part 6D £=2t 3D 27| S
- Semantic label= Z-E5I0 part 2L 7= — &Y semantic label S 7F0t= A2 CHE

part instance T-= O} 7| 2|5l centroid offset clustering — Zf part instanceOl| CHSH =7 =l
NPCS 7|2 ggtS 0|88l == 8! 37| =7

Point Cloud B RGB-D Feature Fusion B Multi-task Learning B Post-Processing
Point-wise Fusion y

PointNet
++

g l Clusterlng -
: 6D Pose & Size

~ Frozen

iﬂ; Trained

RGE Image Patch
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1) Huang, J., Yu, H., Yu, K.-T., Navab, N.,“CAP-Net: A Unified Network for 6D Pose and Size Estimation of Categorical Articulated Parts from a Single RGB-D Image,”in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025.

CAP—NetD
* Method

» Feature Extraction and Fusion

- Utilizing the pre-trained backbone of SAM?2 alongside the FeatUp encoder to extract features
from the RGB image patch

;' SAM2: provides strong dense feature (HxW x96)
;= FeatUp: SE(3)-consistent and category-agnostic local semantic feature (Hx W x384)

- Concatenate each RGB feature vector with its corresponding 3D point in a point-wise manner

" . 1
Point Cloud B RGB-D Feature Fusion

B Multi-task Learning B Post-Processing
Point-wise Fusion .

Instance

6D Pose & Size

Mll'l'-l

~ Frozen

RGE Image Patch ﬁ Trained

| AW THEE D |VES I




1) Huang, J., Yu, H., Yu, K.-T., Navab, N.,“CAP-Net: A Unified Network for 6D Pose and Size Estimation of Categorical Articulated Parts from a Single RGB-D Image,”in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025.

CAP—NetD

e Method

- Semantic Part Learning
-GAPartNet= TH HERIZ S AFESHA M| point cloud2F H 7}

X A0 QD global context =HE|H, ZF £F0| 0|2 =AM o= M2

o
segmentatlon 5 g4t

- & & point (whole object) 25 E semantic label =73
;' Class 2} Instance = 2|00 F=ESI0] part 22t 7 =7t 7tHE 0| &= Y3} 7t

FZ =l RGB-D feature 7| Bt2 2 Zf point2| semantic label 78

Point Cloud B RGE-D Feature Fusion | B Post-Processing

Point-wise Fusion

wEm

1
1
1
1
- p 1
i 1
vk e A 1
':_‘I'. a 1
. 1
1
Centraid offsst :
" “*wa-.& 1
v o0 :
Ty
M iR 1
ik I
1
1
1
P 1
1
1
1
1
U

PointNet
++

Clustering

6D Pose & Size

1wl

s

~ Frozen

RGE Image Patch a Trained

AW CHdka |VES I
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1) Huang, J., Yu, H., Yu, K.-T., Navab, N.,“CAP-Net: A Unified Network for 6D Pose and Size Estimation of Categorical Articulated Parts from a Single RGB-D Image,”in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025.

CAP—Net!)
* Method
- Centroid Offset Learning

-SFLES| 2| LHOf| A Of 2 part instance 7} & 22t semantic labelE SFE = U= A2
DM S E 0 F55t= EE 24

s+ 2} point 2 F E S| part instance & A 7HX[ 2| Euclidean translation offset 0| =

‘ 1 A~
Stlinse = YqllAo; — Ad;|| ‘1(p; € Si)

Point Cloud B RGB-D Feature Fusion

Point-wise Fusion

\: B Post-Processing

PointNet
++

Clustering
6D Pose & Size

' Frozen

ﬁ Trained

RGE Image Patch

| s4%cudhan | VDS I
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1) Huang, J., Yu, H., Yu, K.-T., Navab, N.,“CAP-Net: A Unified Network for 6D Pose and Size Estimation of Categorical Articulated Parts from a Single RGB-D Image,”in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025.

CAP—NetD

* Method
- NPCS Learning for Pose and Size Estimation

- 28| point cloudE canonical-space point cloud 2 mapping ot= L= 24

“NPCS ZtHEE ZF =0ICt 327 2| bin2 &2 LI classification =M 2 F =5H0 ol
-c'>—7f = EO:] regressmnE Ct 20t

:::“ancs - 12 =1 SCE(m )

Point Cloud B RGB-D Feature Fusion B Multi-task Learnmg \: B Post-Processing

Point-wise Fusion

Clustering
6D Pose & Size

iﬁ Trained

RGE Image Patch

q A% udhan |VES I
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1) Huang, J., Yu, H., Yu, K.-T., Navab, N.,“CAP-Net: A Unified Network for 6D Pose and Size Estimation of Categorical Articulated Parts from a Single RGB-D Image,”in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2025.

CAP—NetD
* Method

- Post-Processing

- Multi-task loss function
s:L = ALgem + AyLingt + /13an05
-Pose fitting WE = SN ZFH2Z 24K 2| 6D pose X size =&

::RANSAC= B &5 outlier A ATt 2, Umeyama Y11 E|S = ArESHO] O S E
canonical space point cloud 2} =& &l segmented part point cloud 7t ]

Point Cloud B RGB-D Feature Fusion

Point-wise Fusion

Clustering
6D Pose & Size

RGE Image Patch 6 Trained

q sABTHda | VDS I
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CAP—NetD

» Experiments

- Evaluation Metrics
-3D semantic instance segmentation
:'= Average precision at a 50% IoU threshold (AP50)
-Pose Estimation
:': Rotation error, R,(°)
‘= Translation error T,(cm)
‘= Scale error S,(cm)
' Translation error along the interaction axis d,(cm)
23D Intersection over Union (mloU)

' Accuracy percentages for thresholds of 5°and 5cm, 10° and 10cm (45, A1)
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CAP—NetV

» Experiments

= Quantitative Results

| | Ln.EHL Rd.EHL HgHl. HglLd. SdLd. SdBn Sd.Dw. HgDr. HgKb. Avg.AP50

S5G [32] 0.02 0.07 0.0 10.34 6.24 5.56 14.32 3.51 0.0 4.44

Seen (%) AGP [20] 1.23 0.15 0.01 13.24 10.21 7.29 16.45 T4 0.019 6.22
' GAPartNet [10] 3.97 0.26 0.0 2594 18.41 12.07 26.34 15.15 0.038 11.35
Ours 55.30 16.88 70.71 76.05 93.76 44.06 58.09 51.05 16.23 53.58

SG[32] 0.32 52 0.0 3.34 0.0 11.5 1.2 6.20 1.12 3.21

Unseen (%) AGP [20] 1.9 0.0 0.0 9.3 0.01 7.8 10.02 6.1 1.5 4.07
’ GAPartNet [10] 2.27 0.19 0.0 10.94 0.02 10.42 18.32 14.07 3.1 6.59
Ours 28.88 0.925 0.67 51.69 1.23 28.53 20,47 24.05 18 19.38

Method | Rel Tel Sel mloUT A5t At

PG [13] 89.30 0.091 0.057 1841 054 1.21
AGP [20] 99.40 0.099 0.061 20.10 053 1.32
GAPartNet [10] | 83.3  0.061 0.043 3953  0.71 140
Ours 10.39 0.055 0.026 56.23 3391 58.44
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CAP—NetD

» Experiments

= Qualitative Results

GAPartNet Ours Pred. NPCS  RGB-D Image

GT

AW HED
SOGANG UNIVERSITY

RGED-Art Dataset
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Real-World Images

Unavailable GT Pose Annotations
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CAP—NetV

» Robotic Experiments

= Task definition

(drawer hinge lid, hinge handle )% *._ Ef

2ol TolS A7 HES ol Ae RS Sof Saik A
=0l 22|= &Y
- Quantitative Results
Hinge Handle Drawer Hinge Lid Total
GAPartNet [10] 1710 2/10 2/10 5/30
Ours 9/10 10/10 9/10 28/30
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Conclusion
» SpotPose

- ‘=20t pose TE 2 26l shape-sensitive, pose-invariant feature =2 1} outlier
correspondence M| 17t 52

e CAP-Net

- A unified model for estimating the 6D pose and size of articulated parts at the category-
level

- Pose fitting 2’3 0| M depth ‘&
=HE0| YBe w2

o

off 2| &5H7| =0 ™ point/t =& &= 8%
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