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S2D Hand: Single-to-Dual-View Adaptation for
Egocentric 3D Hand Pose Estimation
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S2DHand

« Abstract

- Single view image2F 2 Z hand pose estimation= 3
oHAI O] =X

- otLte] Al - (view)E X 7+8L0] O MEHSFA| hand pose estimationS 2345} X}
- 7| & multi-view method = 2| & H| &

~Training 2F3 Of| A| imageOi| CH2F multi-view annotationO| 2 &

0%t
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1) “Monocular real-time hand shape and motion capture using multi-modal data” (IEEE 2020), Yuxia Zhou et al.

S2DHand

* Introduction
7| =29| pretrained El single-view estimator baseline2 £ AtE
-2 =20 ME DetNetD S AL
- Single-view estimator= adaptation 1'8= 7{ X adapted estimator2 =78
- = Ut 0|0 X|0f sl M2 CHE A|™ 2| dual view input pairS S8f st&58 T
- Testing 2’3 Of| A adapted estimator= A Z CHE viewOl| CH St joint prediction= A4

-0|= 0|2 0| combined=| 0] £[F output= g
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S2DHand
 Proposed Method

- Initialization step
- Initialization?| S M2 & A|& 7+9| rotation matrix R F=™SH7| Q&
Orx=0] =0 2R
v
l

=7t 2t 2t 7A E A
- Unlabeled dual-view data D = {x?1, x"?|Y_,}E single-view estimator HOl| ! =35} joints

(]vl’]UZ)% ACI)-IAO'l
-0| € 0|25} Zx7| rotation matrix RS H| A

Pretrain Slngle -view model
—_— Single-to-dual-
view adapter

Single-view data -.._ Arbitrary dual views

Shared
weights

! ;_ Propagatj-o” —_
j S 5 Joss (Eg. (3)) €———————
H Ivlllvz

Temporal /

BaCkWard

v /-

View 1 ;
AVETage == ;

A — 4[‘#@ Pseudo-labeling h S :

Monjentum - N ! i

Estimator 1 3pz | Partl:attention-based | L :

View 2 i ﬂ ]V ]v l :’ieﬂgzng iAfM} s i ?vl’ ?vz i
| Hand pose prediction ‘} E,;: 1:23; | Pseudo-label !

@

R (from initialization)
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S2DHand

 Proposed Method
- Initialization step
-R(0) = Z Lyrot(JPhJ7%)

crot& = F 3D joints 25 F 3*3 rotation matrix= & &
X

- Rotation matrix= &&= 7

0%

2HO| L2} momentum estimator2| &= 8O update
‘ _ 1 o
2t RD =npRT™D + (1 —ng) - =X rot (J7HJF%)

Pretrain Slngle -view model
—_ Single-to-dual-
view adapter

Single-view data “~--.__ Arbitrary dual views

Shared
weights

s | Backward

Y L Propagah-of] —
> [/ h———’ Loss (Eq. (3)) ¢————
— Ivl ]UZ

Temporal /

Average —_— p——s I
e ———— '
T . ~ vy 1
ey 17 Ve s _ﬁp Pseudo-labeling et !
Mon.'lentum > : / i
Estimator | =1 sz | Partliattention-based | L} :
i = JI7 | merging (ABM) 3 ?vl ?vz '
?—[ . 3 Part2: rotation-guided | ! H
@ Hand pose prediction _ | refinement (RGR) w Pseudo-label ;

R (from initialization)

<S2DHand2| M| A 2l &>
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S2DHand

 Proposed Method
- Single-to-dual-view adaptation
-S2DHand architecture= baseline single-view model (- |8)2F 2124 2] momentum version
H(C |22 Y
- H 9| parameter = temporal moving averageS =5l update
2:0T) =307 + (1 —14)6

/ng= 0992 X7|3}

Pretrain | Single-view model .
—_— .~ Single-to-dual-
view adapter ~

~~-.__ Arbitrary dual views

Single-view data

il

Shared — B
weights S A' 2 |\ ackwarg
~ Y e proDagchn —
> j L—b Loss (Eq. (3)) ¢——
— vl Jv2
H T |

Temporal /

Average — p— |

View 1

b

— — 1 | /~F 4[17“ Pseudo-labeling 1 i ;
Monjentum : . / :
Estimator =1 Fpp | Partliattention-based | L4 :

J5T%% | merging (ABM) T ;

View 2 ! ﬂ | e " . !
! N ! 'art2: rotation-guide | '
' Hand pose prediction _ | refinement (RGR) w Pseudo-label ;

&

R (from initialization)
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S2DHand
 Proposed Method

- Single-to-dual-view adaptation
- Momentum estimator2| =2 pseudo-labelsE M 5t0] 7|E single view estimator H &
staAl7]7] fle
A

-D = {x}*, x}?|¥.,}Z momentum estimator A0 & 23} joints (J¥1,]V2)E M -d

Pretrain Slngle -view model
—_— Single-to-dual-
view adapter

“~--.__ Arbitrary dual views

Shared
weights

! e & Propagah-cn —
j L—» Loss (Eq. (3)) *—————
?—[ Ivlllvz

Temporal /

Average —
e 5 TS |

— — 1 | /~F 4[17“ Pseudo-labeling I ;
Mor!'nentum : . / :
Estimator =1 Fpp | Partliattention-based | L4 :

JPHTP% | merging (aBM) y71,572 |

H . | Part2: vided | :
?{ Hand pose prediction ?w;:tzt{:ggj w Pseudo-label ;

BaCkWard

v /-

R (from initialization)

<S2DHand2| F M| & QI FL 25>
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S2DHand
 Proposed Method

- Single-to-dual-view adaptation

-Joints (JU1,]¥2)-= pseudo-labeling module= &5l pseudo-label (51, V22 &
- 7| & single-view estimator7} &S (JV1,7v2) 2t 2] lossE | A 215t= W 2 sh5g T

-L= 1" = 9l + 172 - 37,

Pretrain Slngle -view model
—_— Single-to-dual-
view adapter

“~--.__ Arbitrary dual views

Shared
weights

! e & Propagah-cn —
j L—» Loss (Eq. (3)) *—————
?—[ Ivlllvz

Temporal /

BaCkWard

v /-

Average g — | :

— — 1 | /~F 4[17“ Pseudo-labeling 1 i ;
_‘_’Mor!'nentum_ - . f :
Estimator =1 Fpp | Partliattention-based | L4 :

— JI7 | merging (ABM) 3 ?vl ?vz '

?—[ | sz rotation-guided | ! H

! Pseudo-label

Hand pose prediction refinement (RGR)

R (from initialization)
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S2DHand
 Proposed Method

- Pseudo-labeling: attention-based merging

= AEA o5 &

0 20 &5

~Pseudo-label AlAH A, E

;' Momentum estimator H 25

;' Heatmap?2| Zf T2 S{S
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J¥(cam1 CS) J¥1(cam2 CS)

2=0[ 3D pose= €= I EHAE HESIF S [, LS
7EL 2 HeSI A2 M, RjVY = 27} £|0]OfF 2
F=S| (RJV +J72) /2 2 A 4tS S occlusions 1 2{5}HX|
- Z} joints2| prediction confidenceE LIEFLH= attention weight w & AH| 4t

E 2 M =l 2D heatmap ROl A Al At
jointZt X0 EX =4 EZ LIEHH

j transform j

Joint-wise
multiplication

.'\s'xl.Jomts

Heatmap h"1

Ve

/ (Ea.(5)) j
Joint-wise

vl w2 .
attention w”", w 22 (cam2 CS)

Generatmg
function

Heatmap h"2 (Eq.(4))

y Joint-wise

J¥%(cam2 CS) multiplication

<Attention-based merging2| pipeline>
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S2DHand

 Proposed Method

- Pseudo-labeling: attention-based merging

v

Bmax(hj)

J z:vE{vl,vz} Bmax(h}?)

- Attention weightE A& S0 & view?2| prediction=
Wv1]v1 + szRT]vz

Wle]_vl + szl_vz

. vl
yabm

. A8V2

> Yabm =
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j transform j

J¥(cam1 CS) J¥1(cam2 CS)

.'\s'zljomts

Heatmap h"1

Joint-wise
multiplication

(Eq.(3))

Z3t5H A pseudo-label 44

L

T

Joint-wise
vl v

Generatmg
function

Heatmap h"2 (Eq.(4))

g Joint-wise

J¥%(cam2 CS) multiplication

attention w”", w 22 (cam2 CS)

<Attention-based merging2| pipeline>
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S2DHand
 Proposed Method

- Pseudo-labeling: Rotation-guided Refinement

- Single-to-dual view adaptationO| 2t= & Z 0f| = rotation matrix=
- Momentum estimator 25 E MMl 3D joints (J¥1,J¥2)= S5l rotation matrix A4

uiR’ — T'Ot(l_vl ]_UZ)
-RIt R'O| RtO|7t £ 271 E|A ot = SF2 2 stg= T

~ A argmin Iz Iz
ygjr»)’ﬁér = f{quij”R —rot(J"% J")r

ot

- %|F pseudo-label § = aPapm + (1 — @)Prgr

al| £7|452 0.7

X712 Rt &

s @ R (from initialization) g
i ) j
i arg min||R — R
o estimate I!-? Fguv; Il Il ?:;r
(Eq.(6))
R y
jv2 p

<Attention-based merging2| pipeline>
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S2DHand

« Experiment

LAY B
K| i

2|3t 242 VR7|7| 204 E 0| 2310] A E CHE 4702 viewS 0| 8310 Melg Tl
;= Assembly Hands dataset= &+ £ =2 2 LI4+0{ A Headsetl, Headset2 2 L+ O
- Dataset

_I_

't Dgp s Assembly Hands
: Dgyn - GANerated Hands + Rendered Handpose
- Evaluation Metrics
= Mean per joint position error (MPJPE) AssemblyHands  View1 [
vMono-M
vDual-M

<S2DHand?| 2 & =+>
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S2DHand

» Experiment

- Results

~In-dataset (Dgp, = Dgp)

- Baseline model O] Assembly HandsZ pretrained &l

- Cross-dataset (D, = Dgp)

;= Baseline model O] synthetic dataset2 = pretrained |
-Baseline2 2 4740t DetNet2 C| adaptation 2E =

1 Assembly Hands 2 adaptation %!
7{%! S2DHand?t & &2

1, Assembly HandsZ adaptation %I 2H

o

'c'('>3H
_ O
M=o Hol

In-dataset (Dopn, — Dan)

Cross-dataset (Dsyn — Dan)

Camera pair Method D, — Headsetl D,y — Headset2 D,n — Headsetl Dun — Headset2
Mono-M Dual-M | Mono-M Dual-M || Mono-M Dual-M | Mono-M Dual-M

Baseline 43.00 39.20 5471 52.38 67.93 60.48 70.32 62.26

cam 1,2 qrDHand |31.01 v 27.9% 3136 v 20.0% |45.52 v 16.5% 45.14 v 135% || 6346 v 6.6 5932 v 19% | 7009 v 03%  60.97 v 2.1%
cam 1.3 Baseline 25.00 23.29 22.59 21.08 57.79 51.42 64.00 60.25

*? §2DHand [ 19.73 ¥ 21.1% 19.92 v 145% | 17.90 v 208% 17.68 v 16.1% || 50.84 v 12.0% 47.55 v 75% | 61.81 v 34% 5834 v 320
Baseline 24.90 22.70 16.73 14.91 52.71 46.55 54.32 50.57

cam L4 G Hand [20.88 v 16.1% 2087 v51% |14.64 v 125% 1429 v 2% ||46.05 v 12.6% 42.50 v 57% |46.59 v 142% 45.66 v 9.7
Baseline 17.96 15.23 17.10 15.08 53.36 48.42 52.84 48.84

cam 2,3 ol Hand [14.97 v 16.6% 1444 v 520 | 14.42 v 15.7% 14.20 v 55% || 40.26 v 21.6% 3932 v 155% |43.61 v 17.5% 42.88 v 1227
Baseline 22.09 19.84 23.24 20.96 59.44 54.32 61.13 57.41

cam 2,4 ol Hand [17.98 v 15.6% 1775 v 10.5% | 1831 v 212% 1841y 1229 || 50.59 v 1499 49.41 v 9.0% |52.45 v 142% 5148 v 1037
Baseline 16.83 15.77 19.93 18.08 45.82 42.34 49.84 48.99

cam 3,4 ol Hand | 1636 v 2.5% 1555 v 4% | 19.25 v 3.4%  17.80 v 15% ||30.46 v 13.9% 37.43 v 116% |44.04 v 1167 42.88v 1257
Overall Baseline 24.96 22.67 . 2572 2375 56.18 50.59 58.74 54.72

S2DHand | 20.16 v 19.2% 19.98 v 11.9% |[21.67 v 15.7% 21.25 v 10.5% || 48.44 v 13.8% 45.92v92% | 53.11 v 9.6% 50.37 v 7.9%

<S2DHand M & = 24 E A3 41>
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S2DHand

» Experiment

- Results
- Cross-dataset settingOfl Al 7| =2| CHZE adaptation method= 1t ‘g H| !
' ADDA, DAGEN, RegDA, SFDAHPE
O X2 03{&S 20|11, adaptation 2t 0| M source dataset2 Z 2 2 S X| Q= source-free

- Source-free: = 20| source datasetOf| Al &t &l =2, CHE HIO|EHAIQAM = & SEISHE S

ol= & E

D, — Headsetl D, — Headset?2

Dsyn = Dan §p Mono-M Dual-M|Mono-M Dual-M
Source Only 56.18 5059 | 5874 5472
Fine-tune* 4503 3811 | 4775  42.19
ADDA [36] X 5690 4848 | 5787 51.39
DAGEN[11] X 5537 4972 | 57.62 53.17
RegDA [17] X 5141 4785 | 5475 5150
SFDAHPE [32] v 5406 49.11 | 5722 5339
S2DHand (Ours) v 48.44 4592 | 5311  50.37

<S2DHand2} 7| = methods2te| M< H| M E>

R B THSED VDS
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S2DHand

» Experiment

- Baselinedt H| ot §-dX 21t

Ground-truth Baseline

QOurs
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HOLD: Category-agnostic 3D Reconstruction of
Interacting Hands and Objects from Video
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HOLD

 Abstract
- Video (sequence of frames)Ol| A| 3D hand-object estimation= <=
- 7| & hand-object interaction= LR = == =2 oHAE
- Pre-scanned object template =2 CH 22| 3D-object datag ER = &

s+ In-the-wild scenariosOf| Al 2 Er2}SH7| &l &

s

- 2 =22 monocular videoOf| A category-agnostic methodS AHE SO hand-object

interaction= reconstructol= HOLDE A| 2t

In-the-lab /

n.‘.
static view m\\ .

In-the-wild
moving view

<HOLDZ2| &% Z1f>
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1) “End-to-end human pose and mesh reconstruction with transformers” (CVPR 2021), Kevin Lin et al.
2) “From coarse to fine: Robust hierarchical localization at large scale.” (CVPR 2019), Paul-Edouard Sarlin et al.

HOLD

 Proposed Method

- Off-the-shelf estimatorE 0|25} 0] hand2f object2| poseE &
~Hand pose estimation2 2= METROV 2 & At
- Object pose estimation2 Z+ HLoc? & AFES}H structure-from-motion (SFM) =&

- 0| £ S5 HOLD-Net2 M2 epochl E a5

. HOLD-Net9| A2 =8 &l shape=2 HIE 2 £ hand-object interaction constraints=

Z=7}5H0] poseE refine

- Refine &l poseE 0] -& 50! HOLD-Net= fully train

Refine pose (Sec. 3.3)

e Y. bt S
- -

HOLD-Net
(5ec.3.2.1)

Initialize pose
(Sec. 3.1)

<HOLDZ2| mechanism>
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SOGANG UNIVERSITY 20



1) “End-to-end human pose and mesh reconstruction with transformers” (CVPR 2021), Kevin Lin et al.

HOLD

 Proposed Method
- Hand Model

-Hand Model= S}tLt2| network 2 H 9|
-METROVD 222 AFESH| A hand poses 6, shape B, global rotation Ry, translation t, & ¥ &

~Observation space2| hand points(x’) =g canonical space(x) 2 H25}7| 2|3l Inverse Linear
Blend Skinning(Inverse LBS)= M &

x = (T wi(x') - B) T
v B;= bone transformation, w; (x")= skinning weights

/ Background

J Object Rigid
transform

Inverse |

!
/ Hand
LBS |

/

Hand-object pose Sampling points on pixel

Canonical networks Compositional integration HOLD-Net

<HOLD-Nete| XAl +xX>
I VDS \
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HOLD

 Proposed Method

- Hand Model

-0 7| A £2] canonical point x= MLP(f;,)0ll 2 &350 & H M 19| signed distance(d)2t

color(c)& =78

“:::“fh(x) - (d, C)

{ Object Risid
4 Obj g
E(“ transform

1 —
/ Hand | Inverse |

E( LBS

Hand-object pose Sampling points on pixel

Canonical networks Compositional integration HOLD-Net

<HOLD-Nete| XAl +xX>

PR 42 oskn I VDS \
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1) “From coarse to fine: Robust hierarchical localization at large scale.” (CVPR 2019), Paul-Edouard Sarlin et al.

HOLD

 Proposed Method
- Object Model

~-HLocV 222 AFE 3l A object scale s, rotation R,, translation t, & ¥ &

— Object model2 observation space®| Al canonical space 2 H 22t [If Rigid transform= 0| &
rx = (SRo) T (¢ — 1)

- Hand model 2t OH&ZEX| 2 canonical point xE MLP(£,) 0l & #5HX distance®t colorE 7
i fo(x,20) = (d,0)

vz, =M 2| occlusionO| Lt shadowE HE21SH7| Tt parameter

/ Background

E(- transform ,if)*
d — |
/ Hand 3 Inverse L ‘ DthD | ',’
J _LBS oo/
Hand-object pose Sampling points on pixel Canonical networks Compositional integration HOLD DL

<HOLD-Nete| XAl +xX>
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HOLD

 Proposed Method

- Compositional Integration
O| scaled

rir

~Hand2} object2| signed distanceS volume rendering= | $t density o 2 H 25}
Laplace & X 2| cumulative distribution function2 At-&
22 Ce(r) = X8 150
v'T; = exp(— 2 j<; 0;6;) (1 — exp(—0;6;))
52 C(r) = Cp(r) + (1 — Mp(r))Cp(r)

- Inverse LBSE =3l canonical spaceZ H2HEl hand modeldt, rigid transform2 2 H2HEl object
model= &A= M8

/ Background

J Object Rigid
E(‘-' transform
1
/ Hand

d

Hand-object pose Sampling points on pixel

Inverse |
LBS

Canonical networks Compositional integration HOLD-Net

<HOLD-Nete| XAl +xX>
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HOLD

 Proposed Method

- Pose refinement
- 27| pose estimation noise?} Ot 5F FH=St7|0f refinement’/t 2R
2 Ol 2ot 20| £=1F K| AHO[2] AH2|of X7t L+l
~Initial poseS HIE S 2 M2 epoch &2t trainingStO hand2t object| Z=7| 3D &S £
- 0|2 H}E O & contact lossS %A 2}35}0] hand2t object”t HAE| =2 gt

min

_ i j
2t Leontact = Zi tips Vo

]
s+ =X 2F © & St= hand tips2| vertices2} object vertices A0 2| 7 2|-Z minimize

- Pose refinement 21t 44 =l refined pose parameter 02t {8, Ry, tn, R, t,, s} = Ol &5+
HOLD-Net= fully train

w/o pose refinement Ours

<Pose refinementE X 2ot A& o] A ZA1f>

A szuta VDS
S

SOGANG UNIVERSITY 25 LaB



HOLD

» Experiments

» Datasets
-HO3D-v3

:‘= In-the-lab dataset
o= ME L2 T Q= image dataset
- Evaluation metrics
- Mean per joint position error (MPJPE)
- Chamfer distance

- EEEERCWEE

A

dots A&

MPIJPE [mm]] CDJ[ecm?]] FI0[%]*+ CDg [em?] ]

iHOI' [65] 38.4 3.8 75.8 41.7
DiffHOI [66] 323 4.3 68.8 43.8
Ours 24.2 0.4 96.5 11.3

<7|& A7-=1 HOLDRtC| ‘§5 A0 H| 1 #>

g AR THED N ‘ VPES \
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HOLD

» Experiments

- Results

-HOLDZ2} 7| =2 SOTA hand-object reconstruction methods2| A}O| H| 11
- HOLDZ} & "3 115t object shape, hand poseE 78
- CHSF objectsOfl CHO A = S XM 2 =3

Input Image iHOI DiffHOI Ours Input Image iHOI DiffHOI Ours

‘KR - VW -
N | « b\
68 aa&
§Fé&a ¥

el g B
6O 4 4

<7|& d+=30t HOoLDRte| H-EH E7t B>

R AW THEE D
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