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Introduction

* 6D object pose estimation

- Camera coordinate2} object coordinate ! translation 2! rotation 78

- Challenge: Occlusion, cluttered scene
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6DoF parameter estimation

* 3D CAD Model
* Camera intrinsic

* Query image
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Introduction

* 6D object pose estimation
- Application
-Robot grasping, AR/VR, autonomous driving, etc.
- Related fields
-3D object tracking, Relative pose estimation, SLAM, etc.
= Current challenges

-Model-free, Unified model, Zero-shot, Multi-view approaches, etc.
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Introduction

» Taxonomy of 6D pose estimation

- Regression
- Direct regression of 6DoF parameter with deep learning network
-Seen datal| A|ZH A T EHOj| 2| =S generalization S XS}
- M 22 target object?| % Al &2 training cost 22
- Correspondence-based (key point matching)
-2D-3D correspondence key point matching — traditional pose estimation algorithm

- Render-and-compare

D
Semantic labels A
A
PoseCNN / ‘
3D translation
= —)
n input image -
3D rotation c
B
< Regression model — PoseCNN?) > < PnP algorithm >
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Introduction

» Generalization to unseen objects
-MZ2 EX2l 3D CcAD BRI E

- Direct regressionf key point 2D-3D correspondencei= unseen objectH| A accuracy
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- 3D CAD model2 referenceSt | poseE =8 ot=
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| pose estimationO| 7}&
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Introduction
» Render-and-compare method
- X = =l poseZ rendering =l 2D 0| 0| X| 2} query O|O| X[ £ H| St refine
= Classification — Refinement

- Pre-rendered template 2} H| 11 SO coarse poseE classification & EHE =3

-Rendered image2t query imageE deep network Ol & = 5H0] pose H 2 EF regression
-Rendered image”} query image®t 7 H A& BFEH O = GO[E
- 5 O| 0| X[ 2] ZtA| & optical flow HE 2 =5} =&
ok s L S
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. . . Y . . : Rendered image ) Rendered image t 7
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. " ) Observed image
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* GenFlow: Generalizable Recurrent Flow for 6D Pose Refinement of Novel
Objects (CVPR 2024)
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1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

GenFlow?V
o 7|Z=9| CHE A Ol render”/|Et BIAl HEQA

- OSOP

- 712 AL template 41 & = 2D-2D matching= &l 2D-3D correspondence 2| &
PnP+RANSAC H &

- Rendered image2| 2D-3D= known information
-2D-2D matching loss= AFH& S}, 6D pose estimation 0| A= suboptimal 2
- MegaPose
-Of2ff & 1H’3= &l iterative pose update
oA FEE AP 2 3D 2= 2 HEHESHY 2D 0f 0] K| 44 -d
'+ Input image, render image= 6d parameter regression H| E R 30f & =
v Ground truth pose2} loss Al &t

-Pose regress10n-l-|'7c'| =2 HESRIA7tstoot A A I H, = OB 0f| 2| E5HH projective
geometryS MYHO = 2-Z5IXA| RS — unseen obJectOH Oiot ‘s X5t= 0|0 &
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1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

GenFlow!

« 7| 2 EO| optical flow AFE G4
C

- 3D shape ‘S 2 & 2-&9IXA| @11 the= 2D O|0O|X| 7+ H[
- Optical flow= 2D-2D correspondence ‘S 2=
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1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

GenFlow?D
.79 5%
- Optical flow 7| 8F pose refinement 2 'H = 1 =5}

=

- Optical flow0| 3D shape constraint 5 O
- Dense correspondence(flow)2t pose/ BFEHM O 2 SA| EH|0|E

- Differentiable PnP € 12|52 S92t end-to-end &t

>

= Disentangle loss / Confidence, pose sensitivity estimation / Cascaded structure

Input Initial Pose Flow Confidence  Output Pose
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1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

GenFlow?V

» Coarse pose estimation
- O 2] ZF = 0| A rendering =l 57471 2| template & OtLIS 41 EX
- GT pose 27 H positive, negative pairE 450 BCE loss& &0l classifierg &&

-5 classifier= pose H 2t 0 Ci ot =& 4 d5t= scorer/t &

- 2='42 ?¢ GMM (Gaussian Mixture Model) modeling & sampling
-M7H 2| templatePt= 41782t =, & 2| n7H 2| template 2 2 GMM modeling
- Bounding box 2t0f| CHEFE © 2 L[ X|St = F translation= CHEf =78

Translation noise
std (1,1,5) mm

180°

Euler angle noise — ] : ' T
GT pose std (15,15,15) degree | Dpositive pose 0°

Large viewpoint error (b) Sampling using GMM (M=104)
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GenFlow?V

1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
2) Teed, Zachary, and Jia Deng. "Raft: Recurrent all-pairs field transforms for optical flow." Computer Vision-ECCV 2020: 16th European Conference, Glasgow, UK, August 23-28, 2020, Proceedings, Part IT 16. Springer International Publishing, 2020.

4D Correlation Volwme
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* Pose refinement
« GRU module from RAFT?
= Differentiable PnP

» Pose2flow

— : Initialization

Generated durmg : ) 4D Correlation Volume C GenFlow Update
. . - ‘m' » .,. 1
tramning [ s -
Input Cro;; Context Fealurgf Pose-Induced Flow
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RGB Feature Encoder = ' -
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Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024

b}
Teed, Zachary, and Jia Deng. "Raft: Recurrent all-pairs field transforms for optical flow." Computer Vision-ECCV 2020: 16th European Conference, Glasgow, UK, August 23-28, 2020, Proceedings, Part IT 16. Springer International Publishing, 2020.

2)

GenFlow!

* Pose refinement

- RAFT?
-Recurrent A S| GRU module= A
-SAX =H &l optical flowd]| CHSS

= fi
M OIS FHO| 0|2 4 =2 72 3861 feature vector M

_I_

8 5}+= optical flow estimation model

+ featureZt 2| correlations &=

0%

—Up—sampling% |5l convex combination At&
2 St= up-sampling mask 2 3x3 eridOll A weighted sum =3
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1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

GenFlow?V

e Pose refinement

= I-I

- Confidence S T SI7| @[Tt certainty, pose sensitivity headS 7|

-Supervised by different losses - confidence factorization
- Certainty ¢/
HFAH

- Occlusion 2 O £ & F=HSHH ground truth?t2| cross-entropy loss Q! Lo+ = & A TF update

- Pose sensitivity

P init P gt
- Highlights the rich texture regions and extremities rendering
Input Crop RGB Flow Confidence Certainty Pose Sensitivity
Rendered Target “
depth D, depth D, QV
v
@ Certainty
ground truth
*
| Warped
Cvapng T
R S TH 3.';.:_ VDS
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1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

GenFlow?V

e Pose refinement

= Pose2flow: pose induced flow
- Optical flow "3 0| 3D shape constraintE 7| [t HA &
~RAFT? £ X &= S X =™ flow M EZS look-upOl| AF238}EY CHS stepd| HHH
22 &l 2D optical flow 7t Ol pose 7|8t flowS M EZSH 3D shape B E &2

(q) =R} (K™'D,(u,v) (?}) —ty)
z 1

Pose-Induced Flow M

N estimated pose Estimated
P 3D points
pose2flow
Lifting Reprojection
Rendered Estimated Query
image image image
R P pose-induced flow VDS
_OJ_.
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1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

GenFlow?V

e Pose refinement

- Pose estimation with PnP algorithm
-Confidence weighted reprojection error minimize
- Backpropagation T| = loss functiont= & &[0 AHA A] 2 Z 2[5 =Y
-3 LM step — detach pose P* — Gauss-Newton method update P]

'« LM A 4= unrolling®t O backpropagation A| numerical instability 7| 2= X}

confidence

1 .
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1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

GenFlow?V

e Pose refinement

» Cascaded architecture

~Multi-scale= 11215} high-low level =A] £ optical flow H pose refine

Shape-constraint L s10ws Lpose 649 81.8 751 57.0 70.1 | 698
Shape-constraint + Cascade L 1ows Lpose 65.7 823 750 589 699|704
Shape-constraint + Confidence factorization L 10w Leerts Lpose | 645 81.8 753 573 70.5 | 69.9
Shape-constraint + Confidence factorization + Cascade | L fjp, Leerts Lpose [ 639 820  76.1 59.5 69.8 | 70.7

W H. W
C, ¢ R T XXX
( 4D Correlation Volume C;
f W H. W
4D Correlation Volume C, C2 cRs 8 s X% X g
)

Starh h]]é hkM-I-l
Input Crop GRU GRU GRU |-
Y witt Ry Wy
Pi’f PM+1 PN
PnP | PnP E

— : Initialization
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1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

GenFlow?V

« Pose refinement Lpose = D(R|[t3, ], t5]']. Pye)
- Loss function +D([R*|[ts, ty, t1]'], Pye)
+D([R*|[t}, t5.t.]']. Py)

-Flow 10ss L¢joy,: Ground truth optical flow2t2| L1 loss

- Certainty loss L...+: Binary cross entropy loss with certainty mask
-Pose loss Ly, : Disentangled point matching loss
- Additional Strategy1: Multi-hypothesis strategy
- Coarse pose estimationOf| A &% n7ff TE M E = refine/tX| =
- Z|E pose FE=2 CFA| coarse modeldf| ©0] 71 =2 H 2| pose 2 EM

- Additional Strategy2: RGB-D input
~Input depth map= At&3H 2D-3D= 3D-3D2 lift

- =< confidence2| 3D-3D correspondence Tt 2 7| & RANSAC-Kabsch &1 2|& HE
N
L= Zﬁf’ N (‘Cﬂfm + (}I["":I( ri + Sﬁﬂf}“j
j=1
R . VDS
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1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

GenFlow?V

* Training detail
- Dataset

-3D model: ShapeNet, Google Scanned Objects
- Graphic tool: BlenderProc

:': Rendering, annotation At-& 2} pipeline — 2 million RGB-D images generated

133G -asw

4 44| %%
LA d |

< ShapeNet > < BlenderProc >
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1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

GenFlow?V

« BOP(Benchmark for 6D Object Pose Estimation) challenge
- BOP 2023 new task: Unseen objects during training

-S5O AFRZ[X| B2 real world dataset2 2 EH 7}

B 0 P Benchmark for 6D Object Pose Estimation

e Evaluation metric

- Average Recall, thresholding error from three error function
- Visible Surface Discrepancy (VSD)
2 HOl= 220 ofgt & 578, Occlusiond| &4
-Maximum Symmetry-Aware Surface Distance (MSSD)
;3D 22 HEH O] B A0l AH2| &7, Object symmetry 1124
-Maximum Symmetry-Aware Projection Distance (MSPD)
;22D image B HO| A Kt A4
-0 2] 7IX| threshold& M -&5}0 true/false T-&= A averaging
;'+ Ex) object diameter2| 5% ~ 50%

S
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1) Moon, Sungphill, et al. "Genflow: Generalizable recurrent flow for 6d pose refinement of novel objects." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

GenFlow?V

» Experiment result

A

Method Training Average Recall (1)
LM-O T-LESS TUD-L IC-BIN YCB-V | MEAN
I | No shape-constraint + RANSAC-PnP [39] L f1ow 617 776 724 542 657|663
2 | Shape-constraint L f1ows Lpose 649 818 751 570 70.1|69.8
3 | Shape-constraint + Cascade L f1ows Lpose 65.7 823 750 589 699|704
4 | Shape-constraint + Confidence factorization L stows Leerts Lpose | 645 81.8 753 573 705 | 69.9
5 | Shape-constraint + Confidence factorization + Cascade | L ipuw, Leerts Lpose | 65.9 820 76.1 595 69.8 | 70.7
< Ablation >
2D Localization Pose Initialization Pose Refinement Average Recall (1)
RGB-D) Method Novel | = ppophog  Novel Method Novel | 1.0 T.LESS TUD-L IC-BIN ITODD HB YCB-V|MEAN
Input Objects Objects Objects
I X |Mask-RCNN [22,38] X | CosyPose [38] X CosyPose [38] X |63.3 640 685 583 21.6 656 574 |57.0
2 X [Mask-RCNN [22,38] X | SurfEmb [21] X BFGS X 663 735 715 588 413 79.1 64.7 | 65.0
3 X YOLOX [19, 44] X |ZebraPose [56] X - X |729 81.1 756 592 504 921 729 | 72.0
4 X YOLOX [19, 44] X |MegaPose [37] MegaPose+MH [37] v 648 78.1 741 569 422 863 70.2|675
5 X YOLOX [19, 44] X Ours v Ours+MH v |68.3 828 77.8 59.6 50.1 89.7 70.8 | 713
6 YOLOX [19, 44] X |WDR-Pose [30] X PFA [31]+Kabsch X 792 849 963 70.6 52.6 867 89.9 | 80.0
7V YOLOX [19, 44] X |MegaPose [37]  |MegaPose+MH [37]+Teaserpp [67] « |70.4 71.8 91.6 592 553 87.2 855|744
8 v YOLOX [19, 44] X Ours v Ours+MH+Kabsch v 742 783 928 649 652 92.0 88.3 | 794
9 X OSOP [54] v OSOP [54] v OSOP+PnP+MH [54] v 1312 - - - - 492 332 | -
10 X CNOS-det. [50] v' | MegaPose [37] MegaPose+MH [37] v |56.0 50.8 687 419 346 70.6 62.0 | 549
11 X CNOS-det. [50] v Ours v Ours+MH v |57.5 53.0 69.1 45.6 408 745 639 | 57.8
12 7 OSOP [54] v OSOP [54] v 0SOP+Kabsch+MH [54]+ICP v 482 - - - - 605 572 | -
13 v CNOS-seg. [50] v' | ZeroPose [5] v MegaPose+MH [37] v |53.8 40.0 835 392 521 653 653|570
14 CNOS-det. [50] v/ |MegaPose [37] v |MegaPose+MH [37]+Teaserpp [67] v |62.6 487 85.1 467 468 73.0 76.4 | 62.8
15 v CNOS-det. [50] v Ours v Ours+Kabsch+MH v 629 51.7 858 533 559 78.2 825 |67.2
< BOP challenge >
ABTHSkD |VDS|
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» RefPose: Leveraging Reference Geometric Correspondences for Accurate 6D
Pose Estimation of Unseen Objects (CVPR 2025)
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1)

RefPosel
S UBiSt A5 B

« Unseen objectO]| CH{ 2t s
- Query image 2 5 E{ HIE geometric correspondenceE 3
~Shape prior0| Lot 2| =X 7t = O} unseen objectd| Lo Yzt H4-50| EO{ A

- Reference imageS & 0| & &5t= WAIQ] H ER|A (Render-and-compare)

- Pre-rendered templateO| CHSH =X K| 7|
-Template A M2 & £F 7t5°d & 3D shape & &E2[ £

Conventional Methods

B %:.;_‘LU_
g e

'

% =

Geometry Estimation Pose Pose
Network Regressor

Query Geo

Pose
Regressor

Geometry Estimation
Network

—» Pose

Query Image I

R |~

Coarse Pose
Ref Image Ref Geo

Estimation
R B TUSED
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1) Kim, Jaeguk, et al. "RefPose: Leveraging Reference Geometric Correspondences for Accurate 6D Pose Estimation of Unseen Objects." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

RefPosel
« Unseen objectOf| Cl{oF Iz} H5 et
- Optical flow Z-E&: Coarse pose estimation & 2}
- Optical flow= & Sll pre-rendered templateOl| =7} processing= 7|5l reference image 24
'+ Better initial pose 0| A| B refinement 7t
ol

- Reference image2| geometry(dense coordinate map)= & =5t guidance &2}

- Geometry 7|8 pose refinement

I Input Image

by
Tt;ﬂ Detection
ol Crop & Resize S
= - -
Stage 1: Coarse Pose Estimation Stage 2: Pose Refinement

\

Templates
Selection

Geometry Estimation Render

Estimator

Estimation

Reference
i i pas
. .
i PnP/RANSAC :
Warping-Based G t Relative P >
[ ARk _. 'P(] > T __, QueryGeometry . W—. elative Pose AP

Gy

W
\\‘f}\“z)\;‘a

G,Pﬂs 50

Repeats
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1) Kim, Jaeguk, et al. "RefPose: Leveraging Reference Geometric Correspondences for Accurate 6D Pose Estimation of Unseen Objects." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

RefPosel

» Coarse pose estimation

- Classifier& A2l template scoring — top k template 278

- Query image22| flows Al AHSHY template2| dense coordinate map= warping
-[2D coordinate, 3D coordinate] — [warped 2D coordinate, 3D coordinate]

- Pixel-wise voting= &6l X|E geometry 418 A initial pose =78

'-» Flow — Warp '-» Flow —» Warp

(2)
Gq

v
Pixel-wise

median Voting

pre- renderedoﬂ
ZXSHA| %= pose

PnP/RANSAC

Py
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1) Kim, Jaeguk, et al. "RefPose: Leveraging Reference Geometric Correspondences for Accurate 6D Pose Estimation of Unseen Objects." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

RefPosel

 Coarse pose estimation
- Query 2} templateZt flow”/| L 0OtLE H2tSHA 0| =
-Query2} 712 poseE 71! template O|2t= ZH2 7t Mo =2 "G =
- Pred flow2} GT flow?t XtO|Of| [T}2f positive, negative label £ O
- Predicted flow2} ground truth flowZt 2| @ X}IE supervision2 & Z-&

-BCE loss£ 7t & CNN 7 X 9| classification headS St5A|Z

"
£0
rir
~
fujn

RN
i
|0
i
&
~

Inference
- RAFT I,
Training p—
b ﬁ:ﬂ Classifier :, _! T
Correlation Volume hc
1 Binary classification loss ~ *===============" s e 3
q | Classmcatlom\ p N " . i
— - — Positive / Negative Classifier  Classifier Classifier
| v v v
5 Sz SN

Top-k Selectmn

Context Feature e

Flow head *}_’—i
’—
Pred flow GT flow

ﬂ AW THEE D VDS

SOGANG UNIVERSITY 27 LAB



1) Kim, Jaeguk, et al. "RefPose: Leveraging Reference Geometric Correspondences for Accurate 6D Pose Estimation of Unseen Objects." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

RefPosel)

* Pose refinement
- Initial poseOi| Sl & St= geometry 2 B query geometry estimation
- Dense coordinate map= deep network | A] 21t O 2 A& S}H7| [Tt positional encoding

23K R HE CFYFSE F=IF4=9| sinusoid Off S20FA|Z I DX S| HIE{ 2 encoding

- Relative pose estimator= S0l query geometry2| pose 78

1, Correlation Volume-Guided Attention|

Bt o
—
Correlation Volume
-

I Optical Flow
- Network

M iteration
AP

Relative pose
estimator

____________________ . Convex
Upsampling
| Softmax -

T Softmax |
Down
sampling
T e .
Softmax

R ST < Geometry estimation > < Pose alignment > | VDS |
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1) Kim, Jaeguk, et al. "RefPose: Leveraging Reference Geometric Correspondences for Accurate 6D Pose Estimation of Unseen Objects." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

RefPosel)

* Pose refinement

= Correlation volume-guided attention

- Q: query image feature / K: reference image feature / V: GF°°

- Up-sampling mask= & Ol geometry up-samplingot® Z|E geometry 0| =

1, Correlation Volume-Guided Attention
b pomne
T
* I Correlation Volume

I Optical Flow
- Network

Correlatjon volun
guided attentio

e
Loy Convex

Upsampling

[ Softmax _|

SOGANG UNIVERSITY
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1) Kim, Jaeguk, et al. "RefPose: Leveraging Reference Geometric Correspondences for Accurate 6D Pose Estimation of Unseen Objects." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

RefPosel)

* Pose refinement

= Loss design

P+ AP

Optical Flow
Network

Correlation Volume-Guided Attention

Ground truth pose
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» Experiment result

SOGANG UNIVERSITY

A B
S

GenFlow

MegaPose

Method Refinement YCB-V  Mean | Run-time
OSOP [41] - 29.6 - -
ZS6D [1] - 324 - -
MegaPose [15] - 28.1 20.8 15.55
GenFlow [28] - 277 23, 3.8s
GigaPose [30] - 278 26.8 0.4s
FoundPose [32] - 452 37.2 1.7s
RefPose (Ours) - 50.0 381 3.1s
MegaPose [15] MegaPose 60.1 50.9 17.0s
MegaPose [15] MegaPose, MH 62.1 54.7 21.9s
MegaPose [15] RefPose (Ours) 65.3 57.2 16.45
GenFlow [28] GenFlow, MH 63.3 57.0 20.85
GigaPose [30] MegaPose 63.2 54.7 2.3s
GigaPose [30] GenFlow, MH 65.2 60.5 10.65
FoundPose [32] | MegaPose, MH + Featuremetric 69.0 50.6 20.55
RefPose (Ours) MegaPose 63.7 56.3 4.6s
RefPose (Qurs) RefPose (Ours) 727 6l1.4 395
VDS
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Conclusion

* GenFlow

- Recurrent flow= =9t HZIA HK|

- Key contribution
-GRU 7|8t R H ™ FL=
- Cascaded refinement
WE=2=1

-GMM 7Z|8F = 7| KpA| H
» RefPose

. =
- Geometric correspondence= 2 & 0

- Key contribution
- Optical flow 7| 2F template 1 EH
- Iterative reference comparison

- Correlation volume-guided attention
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