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Background: Hand Pose Estimation

 Depth-based method
» RGB-based method

- Skeleton-based method
- Regressing hand joints directly
- Model-based method

-Using MANO, which can incorporate the hand prior and predict the hand mesh directly

- Mesh-based method

- Regressing each vertex directly with GCN, transformer or both
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1) Wen'Y, Pan H, Yang L, Pan J, Komura T, Wang W. Hierarchical Temporal Transformer for 3D Hand Pose Estimation and Action Recognition from egocentric RGB Videos. CVPR 2023

HTT: Hierarchical Temporal Transformer’

’ *ﬂ— ) ¢ '*“- : : U*g ' '*“ ) .‘*"

Mjw axeid  jw anod

« A transformer-based framework to exploit temporal information

- Challenging task due to self-occlusion and ambiguity to hand motions and actions from
egocentric RGB videos.
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1) Wen'Y, Pan H, Yang L, Pan J, Komura T, Wang W. Hierarchical Temporal Transformer for 3D Hand Pose Estimation and Action Recognition from egocentric RGB Videos. CVPR 2023

HTT"

e Qverview
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GT Action «<——= Action Label ?
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Action Block A
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GT Hand Pose Ly()|  Hand Pose L— mE - me mE mE - mm - ..
& Obj Label Ly(I) & Obj Label 4 1 i 4 [} 4 4 3
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Pose Block Pose Block Pose Block
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Resnet VR e R Padded & Masked
N VAN AVAVARA JATA dan
Images ‘15.1 Isz I.S‘it IS,It+1 Iseiz ™ IS,'ZE I.S',(rr}—l)f-rl Igy .
s S S
- Pose Block P : ! 2 -

S
- To estimate the pre-framed 3D hand pose and the interacting object category

- Action Block A
- To aggregate the predicted hand motion and object label over S for action recognition

- Block Composition

-2 transformer encoders, position encoding, attention, normalization, feed-forward
k4T | VDS I
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1) Wen'Y, Pan H, Yang L, Pan J, Komura T, Wang W. Hierarchical Temporal Transformer for 3D Hand Pose Estimation and Action Recognition from egocentric RGB Videos. CVPR 2023

HTT"

« Architecture
- Pose Block P
- Shifting window strategy= At 50| HIC|2 2 & SE m7H 9
2:5eg:(S) = (1,82, Sm)

e

%X Ol segment t 7| 2

E1Input Image Frame [_{Ignored Frame l Padded Frame Training Stage
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1) Wen'Y, Pan H, Yang L, Pan J, Komura T, Wang W. Hierarchical Temporal Transformer for 3D Hand Pose Estimation and Action Recognition from egocentric RGB Videos. CVPR 2023

HTT"

e Architecture
- Pose Block P » Action Label -
Action Token &, é

S| =
QI;

- Temporal cue token g (1) <

;= Local segment SOl Slj & SH= ResNet features f(I) 25 E

temporal cueE 7%l sequence token g (1) ==
Action Token oy, [ FT T

» Hand Pose

-MLP 12 &3l g.(1)0ll A hand pose P, &5 & Obj Label

s Py = (PP, B*°P) = MLP,(g5(D)

vP?P: 2D joint coordinates, P*°”: joint depth

f(f) L (11} B

— R o t (L1
“MLP 22 E3{ .(1)0| M object label 0, &= S AYAEY A
Images Isy Igp = g4

;' Op: my AHR! object classification probability vector
20y = [p(olll),---,p(ono|1)] = softmax(MLP,(gs(I))
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1) Wen'Y, Pan H, Yang L, Pan J, Komura T, Wang W. Hierarchical Temporal Transformer for 3D Hand Pose Estimation and Action Recognition from egocentric RGB Videos. CVPR 2023

HTT"

e Architecture
- Action Block 4

- Input sequence S = 0] &350 action label 0| =
st (ain,h(lsll),---,h(IS,T))%: Action Block A0 S1FA|A L= A1} a,,& O 251K
probability distributionS 0%
52 AQS) = [plasl$), -, p(an,|S)] = softamx (FCy(@oue))
va;,: trainable token, action classification= |2t global information= aggregation
vh(I) = FC,[FC,(P1°), FC3(0p), g5(D)]

|
» Action Label ’
Action Token @, | N

Action Block A

Action Token a;;,
> Hand Pose e O EE - B EE mE - mm o B

& Obj Label S s S S m-mm 95()

Pose Block Pose Block Pose Block
. o s - : [vDs]
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1) Wen'Y, Pan H, Yang L, Pan J, Komura T, Wang W. Hierarchical Temporal Transformer for 3D Hand Pose Estimation and Action Recognition from egocentric RGB Videos. CVPR 2023

HTT"

e Total training loss
1
L =L,(05) + ;ZSESegt(S) 21es(Ao Ly () + A3Lo (1))

~L,(S) = — Z?ﬁl ws i logp(a;|S)
- Cross-entropy loss to classify the action category using target one-hot vector w(S) =
(Ws 1, »Ws,na)

1 dep dep
Ly =5 (PP = Pigell, + A B = Prge )
== L1-loss using hyper-parameter A, to balance the different magnitudes of two loss

_LO(I) = _Zl 1W1110gp(01|1)

:'= Cross-entropy loss for object classification with target probability one-hot vector w°(I) =
(Wit Wing)

- A,, A3: hyperparameters to balance different loss terms
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1) Wen'Y, Pan H, Yang L, Pan J, Komura T, Wang W. Hierarchical Temporal Transformer for 3D Hand Pose Estimation and Action Recognition from egocentric RGB Videos. CVPR 2023

HTT"

» Experiments
- FPHA, H20 5 H|O|E{ Ml 2 & Hand Pose Estimation0j A =2 458 E¢
- 3D PCK(Percentage of Correct Keypoints), 3D PCK RA(root-aligned), MEPE(Mean End-

1.0
Point Error)
0.9 0.9
0.8 0.8
0.7 0.7
- %06 élo.s
3§ 1.0
R 0.5 § 0.5
0.9 =)
0.9 M4 g 0.4
0.8 0.8
o 0.3 H20-L 0.3
g 0.7 0.2 H20-R 0.2
0.6 § 0.6 o1 e Qurs-L(AUC=0.614) o1 == Ours-L(AUC=0.674)
:2 ) m— Qurs-R(AUC=0.604) : = Ours-R(AUC=0.648)
R0.5 Q0.5 0.0 0.0
= A 0 10 20 30 40 50 60 70 80 90 o 10 20 30 40 50
0.4 a 0.4 Error Threshold/mm Error Threshold/mm
0.3 0.3
H+0(AUC=0.653) . . . .
0:2 02 Collaborative Figure 5. 3D PCK(-RA) of hand pose estimation on the test split
H+0 ACE-Net(AUC=0.731) 7 - 1 .
0.1 e s 0.1 i i of H20 [27]. We repm:t the 3D PQK( RA) versus different er:
00— o 5 T So ror thresholds by respectively evaluating in the camera space (Left
Error Threshold/mm Exrror Threshold/mm figure) and the root-aligned space (Right figure).

Figure 4. 3D PCK(-RA) of hand pose estimation on FPHA [14]. i
MEPE in Camera Space MEPE-RA

We report the 3D PCK(-RA) versus different error thresholds by HrO 7] | LPC L] | H20 ] | Ours s
respectively evaluating in the camera space (Left figure) and the o ) 42' 3956 1145 1 35.02 T 5‘9
root-aligned space (Right figure). Right | 38.86 41.87 3721 | 35.63 | 1791

—

< FPHA | O| E{ A ©| Hand Pose Estimation &3 Z 1} >
Table 2. MEPE and MEPE-RA of hand pose estimation on the test

split of H20 [27], the unit is mm.
< H20 O|O|E{ Al ©] Hand Pose Estimation A& Z 1t >
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1) Wen'Y, Pan H, Yang L, Pan J, Komura T, Wang W. Hierarchical Temporal Transformer for 3D Hand Pose Estimation and Action Recognition from egocentric RGB Videos. CVPR 2023

HTT"

 Ablation Study
- T=1 & t=16: temporal cueE O|-&S}H occlusionO| Lt truncationOl| & 2t

- T=16 & t=128: long-term temporal cue= X A3} 7| 0|25 H distant frames%i| over-
fitting =] = A2 2f 1, sharp local motion 2%t

MEPE: 10.62 _ MEPE : 10 45 MEPE: 18 47 MEPE: 31.00

MEPE: 26.02 MEPE 8 27

~
L3 2% .
4
MEPE 12.11 MEPE: 10.53 MEPE 7.44 .
L B :
0.0 9
MEPE 10 8 MEPE: 18.59 _MEPE: 12. 43 .' MEPE ke
~
‘\/ ‘\/ N
O.OQ)
< FPHA IZ1|0| E1 A1|9| 3D Hand Pose Estlmatlon01| EH?_F qE™ A "f >
y “—'MEPE 38. 24/23 63 = MEPE 38, 55/21 85 .’r MEPE 38. 29/26 09 , A TMEPE: 38.52/22.07
~
MEPE 32 29/19 45 N T MEPE: 27 43/16. 64 -~ MEPE 28 14/21. 79 f -~ MEPE 27 53/21 58 03 -
L R 0.0 &
' "*MEPE 33 10/32 13 ~~ TMEPE: 37.86/33.36 ," ) N MEPE 41 99/33 82 X -~ MEPE 41 12/31 91 03 'IT
L R R o @
< H20 G| O|E{ Al ©] 3D Hand Pose Estimat|0n01| CHot d 89X Z1t >
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1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

2)
HaMuC O : Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning

Training Phase Testing Phase

Assembly101

Multi-View
Images E
j g

2D Psendo Label
————

Smgle View Estimation Multi-\'iew Estimation

« Self-supervised learning framework that learn single-view hand pose estimator
from multi-view pseudo 2D labels

- Alleviating the label-hungry limitation

R A% T8k VDS
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1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

HaMuCo’

* Overview . .0 o .@
Psiﬁdu Image Image Psﬁfﬂn [ j j A

Lahel Lahel

=i
— Pred Pred = ( VSGFE )

Modules for Inference

e | meer [ per @I | oo =] )|
View View D Learnable Modules v 3

Feature Feature
Beli Self I' ______ 5 ;‘ M; <®> M; ‘.
Supervision Supervision 1 5 %
Interacted Non-learnable Modules
1 I 5
Results Mo o ’
i
\ Cross-view Interaction Networl/ M
Ours KCross-View Interaction Netwony

« Single-View Estimation
- To extract 3D hand mesh on each view using MANO from multi-view
 Cross-View Interaction Network

- To capture cross-view features and utilize several consistent losses

g AU ) | VRS |
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1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

HaMuCo’

* Architecture
- Single-View Estimation
- Extracting 3D hand mesh M;(6;, ;) on each view from multi-view synchronized hand images
;- Backbone: for extracting features H (after j residual blocks, j=1,2,3,4) from ResNet
;' Regressing Head: for regressing the MANQO parameters
' MANO: for parameters decoding to obtain hand mesh
-MANO reduces the adverse effects of using poor pseudo labels

3D Hand Mesh Regression Head
t —
MANO Layer ) CFCD
t
Regression Head ) @@
f
Backbone ) CFCD
G G,
W ( DCVI —— ) ®) ( car )
;= (1) b5
o
l Figure B. The details of our single-view estimation network.

W-Wew Interaction Netwoxy

g HE TSR 3 | VDS |
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1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

HaMuCo’

« Architecture

- Cross-View Interaction Network: CVI-Net
-View-Shared Graph Feature Extraction: VSGFE
;- Graph features G; = |6} ® GZ Q@ G| &5
vJoint embeddings G}

- explicit geometric informationE X2 2tSH= joint location features &

- location embedding(LE) uses MLP to map single-view 3D joints locations P and pose
parameter 6

f

|

: » Feature Maps

|

| vy
Hi : JFS > Gi
M;

> 3D Joints
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1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

HaMuCo’

« Architecture

- Cross-View Interaction Network: CVI-Net
-View-Shared Graph Feature Extraction: VSGFE
;- Graph features G; = |6} ® GZ Q@ G| &5

vJoint-wise high-level image features G}
- Spatial-Aware Initial Graph Building(SAIGB) uses MLP with H* and reshape it to get G/
- Spatial structure information of H* =2 7} %! global image features ==

vJoint-aligned features G}

- Local image features =

- Joint Feature Sampler(JFS) projects joints onto multi-level image feature maps {Hl.j }le
using camera intrinsics

A Level of
Feature Maps

v

A Level of
Joint-Aligned Features

2D Hand Joints /

Rﬂ STngka | / . |VDS|
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1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

HaMuCo’

« Architecture

- Cross-View Interaction Network: CVI-Net

- Dual-Branch Cross-View Interaction: DCVI

:': Complementary information from other views on multi-view graph feature G

. Cross-View Attention branch: CVA

vmulti-view informationa Z &St = £ cross-view transformer F, O| &

M; H; —]

M; Hy —

R 447 T8

SOGANG UNIVERSITY

Cross-View Interaction Network

f Dual-Branch Cross-View Interaction (DCVT)
|
|
|

i
It
2 i 7 L
> —
2 !
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1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

HaMuCo’

« Architecture

- Cross-View Interaction Network
- Dual-Branch Cross-View Interaction: DCVI
= View-Shared Feature branch: VSF

vadaptive-GCN F, & 0|35} canonical feature space C; = F,(G;) &=

- Node: the hand joints, Edge: joint feature correlation

vMulti-view C={C;}V_, %l max-pooling= & &30 2 & joint2| max activated
features& L2 St= wew—shared features C' 2=

v'View specific feature G* = G + F;(G) + C'

N7 5 et ) ~
e .-=""|" View-Shared Feature (VSF) \l
\ -
( Dual-Branch Cross-View Interaction (DCVI) | . g | | |
M e | A |
@\ R |

g I e N |
My Hy —] « H > g —I_’E /,f’ | | ( FeaturiRepeat ) :

w v -
C) N f’ | | " |
S ' i ~ 2 .?_ : L C Max Pooling |
iy 1= | L Adaptive-GCN )|
—/ = | : N t 1 J :
N N B 3 )
_________________________________ -
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1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

HaMuCo’

« Architecture

- Cross-View Interaction Network: CVI-Net

R_t.s,  Procrustes

- Parameters regression o Analysis
(PA)

== View specific feature G*

- DecoderE &= MLP E.£ 0| &5t0] pose parameter 8* = E.(G;)E regression
== Hand mesh M (6, 8;"), corresponding joints P;" = JM

M ==YV AM))

vA:. align mesh to a canonical view

. align with camera pose or Procrustes Analysis @ ‘
v

Cross-View Interaction Network ( = )
( Dual-Branch Cross-View Interaction (DCVI) \1 [ Parameters Regressmn\ +
) 1 T ' et | BN i~
| =N | | | g ! 1 >, My <
: | | I T ¥ X2 T
— Q . — 4 VSGFE
Myt — oS i E — M " N
8 : T ! = o l G G,
> -/ | | Q I
= ' % 11 £ | G
' & 1 E | :
M2 HZ ] I < [ t — "~ —> M; :
|
» 2 |
_/ : = 1 |
N ) L |—|
n 6" C“ Q!.-_D_ Cross-View Interaction Network VDS
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1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

HaMuCo’

« Total training loss
« L :LC+Ld+L2D+Lp
-L; = 2D consistency loss L., + Fusion consistency loss L, £
‘ 1 * *
Ly, = 75 Nier Xj=g N TIMD) = TICA:(M))) Iy

v L1 loss to utilize the 2D predictions in every single view to supervise other views

e, =520 M - A7) Q"
S L e

vL1 loss to use the fused results to supervise each view

~Lg = X0 I My — A7) Iy

v v v v
e M1 Hl Hz Mz =
= L1 loss to use the multi-view fusion results to supervise P —t—t— =N
. . . . . VSGFE
the single-view outputs to achieve self-distillation v v
Gy G,
1 * y
-Ly ==X a(l 6; 1y +106; Il +y 1l Bi 1) @I v = )|
= L1 loss to regularize the MANO parameters PO
va, v . to balance the loss scale
. M
ﬂ -L,p: L1 loss to supervise the results from 2D pseudo labels  Govme viox Nt ]
& venso i o~ L




1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

HaMuCo’

» Experiments on single-view
- HanCo, FreiHAND HIO|E{Al R = £E2 Hs52 B¢
-PA-MPJPE(PA-JE), PA-MPVPE(PA-VE), NMPJPE(N-JE)
H

- & A A| camera extrinsics AlE G| £2f 2t G0 2 HutE E ¢

== I | A SE2 d | oo
-Backbone S/0| 2 A E&= K| K3 50 s
Method Input  N-JE| PA-JE| 19.7 I 111152
Fully-Supervised Method.: . .
MobRecon [¢] image 9.9 5.7 0 -
EpipolarPose [10]  image 105 61 EpipolarPose  CanonPose ours
Self-Supervised Method: - >
EpipolarPose [30]  image, B3 19.7 93 } === Himage w. camera extrinsics
CanonPose [56] 2D pose, @ 30.9 12.6 -— . / insi
[T— . i S Image W/0. camera extrinsics
EpipolarPose [30] image So L
CanonPose [36] 2D pose S < HanCo E‘” Ol E‘i §1J2| N-MPJPE 7E:|J__'|' Al 7_||'_<2|- >
QOurs image ~
~
- - L ~
< HanCo G| O|E{ 29| Hand Pose Estimation &% A1t > ~« 40
Method Data  Backbone PA-JE| PA-VE| F@5f S < 235
Fully-Supervised Method ~
YoutubeHand i ‘ S 20 12.612.8
YoutubeHand [31]  Frei. Res50 8.4 8.6 0.61 .
IELI?\gHan‘:lrlldel[ ] F: R:.\SO 6.7 6.9 0.71 S ~ 9.3 7 7.7
MobRecon [#] Frei. Res507 6.1 6.2 0.76 ~ .
Ours-SV Frei.  ResS0 7.5 75 068 A 0 - [ |
\.‘:\...‘-u‘_\ ised Method i
S?HAND [10] Frei.  EffiNet-b0 118 119 048 EpipolarPose CanonPose Ours
Ours-SV Frei.  EffiNet-b0 116 1.7 049
Ours-SV Frei.  Res50 119 120 047 ® image w. camera extrinsics
Ours-SV HanCo EffiNet-h0 113 14 051
Ours-SV HanCo Res50 11.6 11.8 0.48 image W/O. camera eXtrinSiCS
Ours HanCo  EffiNet-b0 6.3 6.8 0.71
Ours HanCo Res50 6.2 6.7 0.72

< HanCo H|O|E{All9| PA-MPJPE A1} A|Zt5} >

< FreiHAND [Cf| O| E{ 4! ©] Hand Pose Estimation &% Z 1} >
AT TSR VDS
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1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

HaMuCo’

» Experiments on multi-view
- Fully-Supervised method2t H| i El 8 &= 2 Self-Supervised method2| 0| 3|

St
- Opt-Center, RANSAC: for triangulating pseudo labels
- Opt-Center= 2 C} J 25t root-relative resultsE XS5t | I 20f PA-MPIPEZL RS
~-RANSAC+ joint-wise accuracyE % 0|7| I 20| MPIPEZ} &

2D 2D
Psendo Image Image IFseudn
Method MPJPE | PA-MPIPE | Label Label
Ttraditional Triangulation Method (w/o training):
DLT [27] 16.8 132 Method MPIPE | PA-MPIPE |
Pictorial [12] 13.5 10.2 Self-Supervised Method:
RANSAC [28] 123 98 EpipolarTrans [24] 11.2 9.0
P — LT-Algebraic [2¢] 10.3 7.8
“utly-dSupervised Method: P — Pred Pred [—
) . LT-Volumetric [2£] 10.6 8.0
EpipolarTrans [ 2] 6.2 4.2 LT-Volumetric* 28] 9.5 72
LT-Algebraic [28] 3.5 3.6 CanonPose™t [6] 21.6 10.5
gg‘)i”metr?‘: Ll i'g gg EpipolarPose t [30] 17.2 8.3 e =1 N
. - olur;etrli [[_]] s A Ours (Opt-Center) 8.8 53 ew View
p1polartose - 17 ' ' Ours (RANSAC 8.5 5.6 i -
Ours (Opt-Center) 6.0 32 __ : i
Ours (RANSAC) 5.8 3.4 tteracted
. . - i
< HaMuCoZ2| Hand Pose Estimation & & 44} > \ Cross-vicw Insecaction Networ
Ours
R AW s VDS|
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1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

HaMuCo’

« Experiments on single-view

- Comparisons between HaMuCo, EpipolarPose, and CanonPose

- More accurate 3D joints with different gestures, backgrounds, viewpoints, occlusion, object
in hands

s’z green: ground truth, red: predicted 3D joint keypoints

Input Image Ours EpipolarPose CanonPose Input Image Ours EpipolarPose CanonPose
|_ N am- | @ T
2
- L | &
1 N
& . (a i
\/ 2
B mil mE- s = s s
~ - -

y
@
G

View-1

View-2

_ Ee el SO
< HaMuCo, EpipolarPose, CanonPose2| 3D Hand Pose Estimation0f| Ci ot H-d % A4} >
P A8 nda PP °rE VDS
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1) Xiaozheng Z, Chao W, Zhou X, Pengfei R, Jingyu W. HaMuCo: Hand Pose Estimation via Multiview Collaborative Self-Supervised Learning. ICCV 2023

HaMuCo’

» Experiments on multi-view
- Training A| LE £ O|O|H B2 AHE
A

~20| 5 2 = 10 occlusionO] M MY E £E2 s EY

View-1 View-2 View-3 View-4

< Assembly101 G| O] E{ A1 2| 3D Hand Pose Estimation0il CHeH A& H Znt >
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