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Previous GCN Works node
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Previous GCN Works

« KipfQ| &+t [1]
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Visualization of hidden layer activations of two-layer
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Previous GCN Works

 Gesture recognition

AHE O
-M2|, =, &, 22|2 ofe| 22l 2= Sl body
gesture recognition
- &HPEE 74O 2y A9 25 SOl hand
gesture recognition

TR

- ImageE £ E body 5! hand detect Hand detection and skeleton extraction [3]
- Body %! hand2| 2= 2 node, £ edge = St=
skeleton T
- StLEC| GCN2| channeld| &2 A|ZHO]| =% =
skeleton S EE Y=
- Skeleton action recognition £ Z best method
AFO|E

- https://paperswithcode.com/task/skeleton-based-

action-recognition
GCN on body gesture classification [4]
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Previous GCN Works

» 2D segmentation [5]
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Previous GCN Works

* Mesh-RCNN [6, 7

]
- TE2| meshE /U E imagelf| XA =2t
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- Image 2| align= &} initialization 7/ H

- AlignEl graphE GCN= O| &9 refine T/ H

Cubified Mesh

> Box/Mask Branch = box, class, 2D mask
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Major Architectures - PoseNet

PoseNet

g 4 '\J
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2D pose 3D pose coarse 3D mesh intermediate 3D mesh fine 3D mesh

Pose2Mesh Network ZIH T
. 7| =

- PoseNet= 3D pose P3P € R/*3E 2D poseE £ H 44

~ J : human joint(node)= 2| i
- =2} 22| jointE pelvis2f wristE ‘32|
* 2D pose mputoﬂ M 2| error synthesize

- =& =l 2D pose= occlusiond challenging poseQl 2|5l errorE 27

- Realistic error ground truthO| 5/ SF0| 2D input pose= synthesize [8, 9
- Training stageOi| T
- Synthesize Zl 2D pose=S P?” € R/?2 B
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Major Architectures - PoseNet

2D input pose normalization [8, 10]

- P2P 0| A mean subtraction 3! standard deviation division 2/ => p2P 44

- P?P 9| mean, standard deviation= subject2| 2D location Lt E}'

- P3P0l p2P 2 B E{ 9] scale A location = &2 = QIdl off T npd = HX
» Network Architecture [8, 11]

- Normalized 2D input pose P?P 7} fully-connected layerS & oll 4096-dimension feature
vector= H=l

- 0| = 27K 9] residual blockS | & = [12]

- Residual block= 2| output feature vector= 0| fully-connected layer= QI5H (31)-
dimensional vector P3P 2 Hgt

* [oss function
- P3P 9| ground truth 2f H| 1!

. Lpose — ||P3D . P3D*
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Major Architectures - MeshNet

» Graph convolution on pose
e
- P2P 2} P3P concatenate A|7{ P € R /X5 &M
- 3D mesh M € RV*32 PE £ H estimate
:'+ V: human mesh vertex= 20|
- Spectral graph convolution= O|&5t0] =3l [13, 14]
- Graph construction
-PE ZHE HJE[&= graph, Gp = (Up, Ap) S construct
s p =P = {pi}]izl: Set of J human joints
= Ap € {0,1}/: Adjacency matrix

- Normalized Laplacian: Lp = I; — D, 1/2 APD_l/ 2

¢ I, identity matrix with / dimensions
¢ Dp: diagonal matrix which (Dp);; = X.;(4p);;

- Scaled Laplacian: Lp = 2~ — | ’

}“max
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Major Architectures - MeshNet

» Graph convolution on pose
- Spectral convolution on graph: F,,; = X223 T, (Lp)F;,, 0
- F;, € RJin F_ . € R/*fout: Input, output feature maps
~ fin» foue: Input, output feature2| dimension
- T (x) = 2xTj_1(x) — Tj_,(x): kth Chebyshev polynomial [15]
;s Graph coarsening= #/2F & X|
- 6, € R Jin*Jout: kth Chebyshev coefficient matrix
:': Element= 0| St& 7hs 8t parameter= &
- Convolution in detail
- Initial input feature map F;, = P, fi,, =5
~ K-hop neighbor7tX| B S 22 (K-localized) [12, 15]
:'+ Laplacian@| K-order polynomialO| 7| [ =

- MeshNetO| A= K =322 47
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Major Architectures - MeshNet

 Coarse-to-fine mesh upsampling

- Upsampling 18
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Major Architectures - MeshNet

 Coarse-to-fine mesh upsampling
- UpsamplingE ¢/2 H 2|

-Gy = (Vy, Ay)E construct
s+ Uy = M = {m;}}_;: Set of V human mesh vertices
2 Ay € {0, 1}V Adjacency matrix defining edges of the human mesh

- 22 Z O resolutiond| [HE F=4]: {5, = (UyS, An)}eo
;' C : coarsening step ZH=r
:+ G St 9| ith vertex 1 Gy, €2 2i — 1th, 2ith vertex=2| parent node
I
cie 10| A BB A%

- MeshNet2| Z|F output: Uy

o|sh

'« Reshapingdt fully-connected layer Of 2
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Major Architectures - MeshNet

 Coarse-to-fine mesh upsampling
e = G HI e

—" —"
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- JI
G

3D mesh
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»
R S5 Th &;.Il. 14 vr
SOGANG UNIVERSITY L AB



Major Architectures - MeshNet

 Coarse-to-fine mesh upsampling
- UpsamplingOf| =8| = AH At
~ 28 THA[ O] meshOtC} graph convolution =&
Fout = XA23 Te(Lm IFin At

Ly’ Gy 2l scaled Laplacian

- Upsampling, F, = ¢(Feys' )"
;= Parent vertex &7, "1 2| featureE TS T|= children &, 2| vertex= 0| S Al

vy “TO| ith vertex feature -> &7, 2| 2i — 1th, 2ith vertex& & S A}

«F. €R Uy xe. G2l A feature map, F.,; € R U™ e, &S| OFX| B feature

map
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Major Architectures - MeshNet

« Loss functions, 47} X| loss function=2| 0| &

» Vertex coordinate loss

i
bt
>
ot

- 3D mesh coordinate= 2| M 2| ground truth?t L1 distance
= Lyertex = [IM — M*||4

- Joint coordinate loss
- 3D pose ground truth®}, M2 22 E{ 9| regression2 2 &S =l 3D pose?t H|

- Ljoine = ||2M — P3P”

1
-7 € R7*V: joint regression matrix (defined in SMPL(& A|), MANO(Z) model)

» Surface normal loss

- =% mesh E™2| normal vector=0| ground truthOf| CH3H consistent St =5 supervise

- Surface smoothness®@} local detail= = 704 [16]
mi—mj

= Lnormar = Zf Z{i,j}cf |<m;nf*>

- f, ng": Human mesh@| triangle face, ground truth unit normal vector of f

-my, m;: f2 ith, jth vertex
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Major Architectures - MeshNet

« Loss functions, 47} X| loss function= 2| O| &

- Surface edge loss

- Predicted edge®} ground truth edge?t H| 1! [16]
- o

- Vertex/} SESH| X6l U= &, &, 22| smoothnessE recoverot= | effective ™

- Ledge = Zfz{i,j}Cf ”ml - mj”z o ”ml* 2

- f, * : Human mesh®| triangle face, ground truth unit normal vector of f
-my, m;: £ 2| ith, jth vertex

- Total loss function
= Linesn = M Lyertex™ AjLjoint™ MiLnormait MeLeage

“hp=1,% =1,4, = 0.1, %, = 20
]
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Implementation

» Datasets and evaluation metrics

- Human3.6M
- Large-scale indoor 3D body pose benchmark [17]
~ Ground truth/} XS = X| 28 2 SMPLIify-X [18]& O|&25}0{ pseudo ground truth 44 /S
- 5 74K] metric2 O 835X 3D posel| performance evaluate

:'+ Mean per joint position error (MPJPE) [17]: Estimated <=X| 2} ground truth®| joint
coordinate= 7t Euclidean distance (milimeter TH¢|)

;' PA-MPJPE [19]: 7MO| O| & k|, & 1770 2| joints 147l O &
v'PA: Procrustes Analysis

»
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Implementation
 Ablation study

- Regression target and network design
- Settings
:'t Fully-connected(FC) % GraphCNN &+ | E {3 2F SMPL parameter (joint coordinate
loss) H vertex coordintates 5 regression targetO]| [FE 21}
-1t 2

L—

;' Vertex-FC2} vertex-GraphCNNZF 52| Xt0]: 3D vertex estimationO| A] human mesh
topology exploitation?| S8 H0 &

:'t Vertex-GraphCNNO| 5= SMPL parameter estimation 2! 3 network 2 Cf &0 =1,
parameter 7= & &: K[ CF loss function2| EtEd HO &

Regression target and network design result

network GraphCNN

/target MPJPE  PA-MPJPE no.param. @ MPJPE  PA-MPJPE no. param.
SMPL param. 72.8 55.5 17.3M 79.1 59.1 13.5M
vertex coord. 119.6 95.1 37.5M 64.9 48.0 8.8M
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Implementation Upsampling 2H10f 12 23}

« Ablation study method GPU mem. fps MPJPE
« Coarse-to-fine mesh diI’eCt 10G 24 653
upsampling coarse-to-fine 6G 37 64.9

- Direct upsampling
 middle layer”7t X| graph convolution =3 & X311 mesh7tX| HFE upsampling £

Graph convolution layer 7l == coarse-to-fine method2} & X|
s

:'* GPU memory: A2t 7}2F O &, fps: 1.5 WS
o2 AL s 2Fet O] 7: High resolution®| graph convolutionO| A|ZtdF memoryS O
2RE 5| M2 N
. _ Mesh &’d0]| 220]= pose dataOf| }= Z 1}
- Cascaded architecture analysis

- 3D pose2t2 0| 83t= HE 23| architecture MPJPE

7} & o] &l
performance’} & 0] & 2D -> mesh 101.1
- 2D poseOl| 3D poseE concatenate *| 7
B2 EM geometry informationO| =7}Hk[Of 2D -> 3D -> mesh 103.2
Aol B E Re 2 =+ Us 2D ->3D+2D ->mesh  100.5
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Implementation
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Discussion and Conclusions

» Discussion

2D pose= FE CIY ot domain= 72! geometric
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=G5 22 2% 98
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- 30| = =5}t
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0jo

e Conclusion

- Input 2D pose= A| A& 0| appearance domain gap issue®| 2|2t E2F 910| 3D datas

e UAEEA =

F

Mot

- GraphCNN= O| 28t model-free approach = mesh topologyS 2t 35| exploite ==
UA S22, 3D rotation parameter= = 9!t representation issueE LS = UA| &

- =2 O =%t key point= 1} part segmentation= Pose2Mesh0f| &350 shapeE
enhance 01|7H
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