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Previous GCN Works
• Kipf의연구 [1]

▪ 수식
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Nodes with edges

node
edge

Schematic of depiction of multi-layer GCN

− Laplacian matrix 와유사한행렬
이용 => convolution 효과

−𝐻(𝑙+1) = 𝜎(෩𝐷−
1

2 ሚ𝐴෩𝐷−
1

2𝐻 𝑙 𝑊 𝑙 )

−𝐻(𝑙), 𝑊 𝑙 : feature map, weights of 

layer 𝑙

− 𝜎(∙): activation function

− ሚ𝐴 = 𝐴 + 𝐼𝑁, ෩𝐷 = 𝐷 + 𝐼𝑁



Previous GCN Works
• Kipf의연구 [1]

▪ 결과물

−각 node가어떠한 class에속하는지확인

−해당논문에서는 5%의 node에 label을
붙인후 training

−나머지 node가어떠한 label을가지고
있는지 feature와 edge를기반으로예측

▪ 의의및한계점

− GCN을 CNN의대체제로써제시

− GNN의 node간데이터흐름을
convolution의 영역에들여놓음

− Node 자체의특성을찾아내느라, node의
형태를 inference 끝까지유지하는수밖에
없음

− Undirected graph에 한정

҉ 현재는작가스스로간단한해결책을
제안한상황
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Visualization of hidden layer activations of two-layer

GCN trained on the Cora dataset using 5% of labels

Structure of dataset “Cora” [2]



Previous GCN Works
• Gesture recognition

▪ 사용예

−머리, 몸, 팔, 그리고다리관절의구분을통해 body 

gesture recognition

−손바닥과손가락의각관절의구분을통해 hand 

gesture recognition

▪ 원리

− Image로 부터 body 및 hand detect

− Body 및 hand의 관절을 node, 뼈를 edge로하는
skeleton 구성

−하나의 GCN의 channel에 같은시간에수집된
skeleton 정보를입력

▪ Skeleton action recognition 관련 best method 

사이트

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

action-recognition
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GCN on body gesture classification [4]

Hand detection and skeleton extraction [3]



Previous GCN Works
• 2D segmentation [5]

▪ Initialization

−원형배치된 initial node 형성후, 정확한형태를찾아감

▪ 연산

− Image를 encode하고, 이것을 predict된 boundary와 concatenate 시켜진행

− Boundary prediction을 진행하는 channel을 분류하여진행
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GCN을이용한 2D segmentation



Previous GCN Works
• Mesh-RCNN [6, 7]

▪ 구형의 mesh를입력된 image에맞게조각

▪ Image의 align을통해 initialization 진행

▪ Align된 graph를 GCN을이용해 refine진행
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Mesh-RCNN의진행도



Major Architectures - PoseNet

• 기초

▪ PoseNet은 3D pose 𝑷3𝐷 ∈ 𝑅 𝐽×3를 2D pose로부터생성

− 𝐽 : human joint(node)들의 개수

▪ 몸과손의 joint를 pelvis와 wrist로정의

• 2D pose input에서의 error synthesize

▪ 추출된 2D pose는 occlusion과 challenging pose에의해 error를함유할가능성상승

▪ Realistic error ground truth에더하여 2D input pose를 synthesize [8, 9]

− Training stage에진행

− Synthesize 된 2D pose를 𝑷2𝐷 ∈ 𝑅 𝐽×2로표현
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Pose2Mesh Network 진행도



Major Architectures - PoseNet
• 2D input pose normalization [8, 10]

▪ 𝑷2𝐷에서 mean subtraction 및 standard deviation division 진행 => ഥ𝑷2𝐷 생성

▪ 𝑷2𝐷의 mean, standard deviation은 subject의 2D location 나타냄

▪ 𝑷3𝐷의 𝑷2𝐷로부터의 scale 및 location 독립성으로인해해당과정은필수적

• Network Architecture [8, 11]

▪ Normalized 2D input pose ഥ𝑷2𝐷 가 fully-connected layer를통해 4096-dimension feature 

vector로변환

▪ 이후 2개의 residual block들에입력 [12]

▪ Residual block들의 output feature vector들이 fully-connected layer로인해 (3J)-

dimensional vector 𝑷3𝐷로변환

• Loss function

▪ 𝑷3𝐷의 ground truth 와비교

▪ 𝐿𝑝𝑜𝑠𝑒 = 𝑷3𝐷 − 𝑷3𝐷
∗

1
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Major Architectures - MeshNet
• Graph convolution on pose

▪ 기초

− ഥ𝑷2𝐷와 𝑷3𝐷 concatenate 시켜 𝑷 ∈ 𝑅 𝐽×5 형성

− 3D mesh 𝑴 ∈ 𝑅 𝑉×3을 𝑷로부터 estimate

҉ 𝑉: human mesh vertex들 의미

− Spectral graph convolution을 이용하여수행 [13, 14]

▪ Graph construction

−𝑷를근거로형성되는 graph, 𝑃 = ( 𝑃 , 𝐴𝑃)를 construct

҉ V𝑃 = 𝑷 = {𝒑𝒊}𝒊=𝟏
𝑱

: Set of J human joints

҉ 𝐴𝑃 ∈ {𝟎, 𝟏}𝐽×𝐽: Adjacency matrix

− Normalized Laplacian: 𝐿𝑃 = 𝐼𝐽 − 𝐷𝑃
−1/2

𝐴𝑃𝐷𝑃
−1/2

҉ 𝐼𝐽: identity matrix with 𝐽 dimensions

҉ 𝐷𝑃: diagonal matrix which (𝐷𝑃)𝑖𝑗 = σ𝑗(𝐴𝑃)𝑖𝑗

− Scaled Laplacian: ෪𝐿𝑃 =
2𝐿𝑃

λ𝑚𝑎𝑥
− 𝐼𝐽
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Major Architectures - MeshNet
• Graph convolution on pose

▪ Spectral convolution on graph: 𝐹𝑜𝑢𝑡 = σ𝑘=0
𝐾−1𝑇𝑘(෪𝐿𝑃)𝐹𝑖𝑛𝜃𝑘

− 𝐹𝑖𝑛 ∈ 𝑅 𝐽×𝑓𝑖𝑛 , 𝐹𝑜𝑢𝑡 ∈ 𝑅 𝐽×𝑓𝑜𝑢𝑡: Input, output feature maps

− 𝑓𝑖𝑛, 𝑓𝑜𝑢𝑡: Input, output feature의 dimension

− 𝑇𝑘 𝑥 = 2𝑥𝑇𝑘−1 𝑥 − 𝑇𝑘−2 𝑥 : 𝑘th Chebyshev polynomial [15]

҉ Graph coarsening을 위한장치

− 𝜃𝑘 ∈ 𝑅 𝑓𝑖𝑛×𝑓𝑜𝑢𝑡: 𝑘th Chebyshev coefficient matrix

҉ Element들이 학습가능한 parameter들임

▪ Convolution in detail

− Initial input feature map 𝐹𝑖𝑛 = 𝑷, 𝑓𝑖𝑛 = 5

−𝐾-hop neighbor까지 영향을받음 (K-localized) [12, 15]

҉ Laplacian의 K-order polynomial이기 때문

− MeshNet에서는 𝐾 = 3으로설정
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Major Architectures - MeshNet
• Coarse-to-fine mesh upsampling

▪ Upsampling과정

12

Upsampling 의진행도



Major Architectures - MeshNet
• Coarse-to-fine mesh upsampling

▪ Upsampling를위한정의

− 𝑴 = ( 𝑴 , 𝐴𝑴)를 construct

҉ 𝑴 = 𝑴 = {𝒎𝒊}𝒊=𝟏
𝑽 : Set of 𝑽 human mesh vertices

҉ 𝐴𝑴 ∈ {𝟎, 𝟏}𝑉×𝑉: Adjacency matrix defining edges of the human mesh

−그래프의 resolution에 따른수식: { 𝑀
𝑐 = 𝑴

𝑐 , 𝐴𝑴
𝑐 }𝑐=0

𝐶

҉ 𝐶 : coarsening step 개수

҉ 𝑀
𝑐+1의 𝑖th vertex : 𝑀

𝑐의 2𝑖 − 1th, 2𝑖th vertex들의 parent node

҉ 2 𝑴
𝑐+1 = 𝑴

𝑐

҉ 𝑖는 1에서부터시작

− MeshNet의최종 output: 𝑴

҉ Reshaping과 fully-connected layer 에의함
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Major Architectures - MeshNet
• Coarse-to-fine mesh upsampling

▪ 수반되는연산전개도

14

Pose2Mesh 전체진행도



Major Architectures - MeshNet
• Coarse-to-fine mesh upsampling

▪ Upsampling에수반되는연산

−각단계의 mesh마다 graph convolution 수행

҉ 𝐹𝑜𝑢𝑡 = σ𝑘=0
𝐾−1𝑇𝑘(෪𝐿𝑴

𝑐
)𝐹𝑖𝑛𝜃𝑘 연산

҉ ෪𝐿𝑴
𝑐
: 𝑴

𝑐의 scaled Laplacian

− Upsampling, 𝐹𝑐 = 𝜑(𝐹𝑐+1
𝑇)𝑇

҉ Parent vertex 𝑀
𝑐+1의 feature를 대응되는 children 𝑀

𝑐의 vertex들에 복사

✓ 𝑀
𝑐+1의 𝑖th vertex feature -> 𝑀

𝑐의 2𝑖 − 1th, 2𝑖th vertex들로 복사

҉ 𝐹𝑐 ∈ 𝑅 𝑴
𝑐
×𝑓𝑐: 𝑴

𝑐의첫 feature map, 𝐹𝑐+1 ∈ 𝑅 𝑴
𝑐+1

×𝑓𝑐+1: 𝑀
𝑐+1의마지막 feature 

map

҉ 𝜑: 𝑅 𝑓𝑐+1× 𝑴
𝑐+1

→ 𝑅 𝑓𝑐× 𝑴
𝑐

, nearest-neighbor upsampling function 의미

҉ 𝑓𝑐, 𝑓𝑐+1: vertex들의 feature dimension들
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Major Architectures - MeshNet
• Loss functions, 4가지 loss function들의이용

▪ Vertex coordinate loss

− 3D mesh coordinate들인 𝑴의 ground truth간 𝐿1 distance를최소화

− 𝐿𝑣𝑒𝑟𝑡𝑒𝑥 = 𝑴−𝑴∗
1

▪ Joint coordinate loss

− 3D pose ground truth와, 𝑴으로부터의 regression으로 형성된 3D pose간비교

− 𝐿𝑗𝑜𝑖𝑛𝑡 = 𝑴− 𝑷3𝐷∗

1

− ∈ 𝑅 𝐽×𝑉: joint regression matrix (defined in SMPL(몸체), MANO(손) model)

▪ Surface normal loss

−출력 mesh 표면의 normal vector들이 ground truth에 대해 consistent 하도록 supervise

− Surface smoothness와 local detail들을 개선 [16]

− 𝐿𝑛𝑜𝑟𝑚𝑎𝑙 = σ𝑓σ{𝑖,𝑗}⊂𝑓

𝑚𝑖−𝑚𝑗

𝑚𝑖−𝑚𝑗 2

, 𝑛𝑓
∗

− 𝑓, 𝑛𝑓
∗: Human mesh의 triangle face, ground truth unit normal vector of 𝑓

−𝑚𝑖, 𝑚𝑗: 𝑓의 𝑖th, 𝑗th vertex
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Major Architectures - MeshNet
• Loss functions, 4가지 loss function들의이용

▪ Surface edge loss

− Predicted edge와 ground truth edge간비교 [16]

− Vertex가촘촘하게위치해있는손, 발, 입의 smoothness를 recover하는데 effective함

− 𝐿𝑒𝑑𝑔𝑒 = σ𝑓σ{𝑖,𝑗}⊂𝑓 𝑚𝑖 −𝑚𝑗 2
− 𝑚𝑖

∗ − 𝑚𝑗
∗

2

− 𝑓, ∗ : Human mesh의 triangle face, ground truth unit normal vector of 𝑓

−𝑚𝑖, 𝑚𝑗: 𝑓의 𝑖th, 𝑗th vertex

▪ Total loss function

− 𝐿𝑚𝑒𝑠ℎ = λ𝑣𝐿𝑣𝑒𝑟𝑡𝑒𝑥+ λ𝑗𝐿𝑗𝑜𝑖𝑛𝑡+ λ𝑛𝐿𝑛𝑜𝑟𝑚𝑎𝑙+ λ𝑒𝐿𝑒𝑑𝑔𝑒

− λ𝑣 = 1, λ𝑗 = 1, λ𝑛 = 0.1, λ𝑒 = 20
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Implementation
• Datasets and evaluation metrics 

▪ Human3.6M

− Large-scale indoor 3D body pose benchmark [17]

− Ground truth가 제공되지않으므로, SMPLify-X [18]를이용하여 pseudo ground truth 생성

−두가지 metric을 이용하여 3D pose의 performance evaluate

҉ Mean per joint position error (MPJPE) [17]:  Estimated 수치와 ground truth의 joint 

coordinate들간 Euclidean distance (milimeter단위)

҉ PA-MPJPE [19]: 𝑴이이용되며, 총 17개의 joint중 14개이용

✓PA: Procrustes Analysis
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Implementation
• Ablation study

▪ Regression target and network design

− Settings

҉ Fully-connected(FC) 및 GraphCNN 두네트워크와 SMPL parameter (joint coordinate 

loss) 및 vertex coordintates 두 regression target에따른결과

−결과분석

҉ Vertex-FC와 vertex-GraphCNN간 성능의차이: 3D vertex estimation에서 human mesh 

topology exploitation의 중요성보여줌

҉ Vertex-GraphCNN이 두 SMPL parameter estimation 진행 network보다성능이높고, 

parameter 개수적음: 제안 loss function의 타당성보여줌

19

network

/target

FC GraphCNN

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

Regression target and network design result



Implementation
• Ablation study

▪ Coarse-to-fine mesh 

upsampling
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method GPU mem. fps MPJPE

direct 10G 24 65.3

coarse-to-fine 6G 37 64.9

Upsampling 방법에따른결과

− Direct upsampling

҉ middle layer까지 graph convolution 수행후최고 mesh까지 바로 upsampling 진행

҉ Graph convolution layer 개수는 coarse-to-fine method와 일치

−결과분석

҉ GPU memory: 절반가량이용, fps: 1.5배빠름

҉ 연산에성능향상이유: High resolution의 graph convolution이 시간과 memory를 더
필요로하기때문

architecture MPJPE

2D -> mesh 101.1

2D -> 3D -> mesh 103.2

2D -> 3D+2D -> mesh 100.5

Mesh 형성에쓰이는 pose data에따른결과
▪ Cascaded architecture analysis

− 3D pose만을이용하는것은오히려
performance가 떨어짐

− 2D pose에 3D pose를 concatenate 시켜
씀으로써 geometry information이 추가되어
연산이진행된것으로볼수있음



Implementation
• 정성적결과

21

Pose2Mesh를이용하여얻은정성적결과



Discussion and Conclusions
• Discussion

▪ 제안된 system이입력된 2D pose로부터다양한 domain을가진 geometric 

property들을이용하지만, 다양하게존재하는 3D shape를 pose만으로부터
복원하는것은쉽지않음

▪ 그럼에도불구하고, 2D pose는이에상응하는 3D shape를예측하는데필수적인
정보를가지고있음

• Conclusion

▪ Input 2D pose는시스템이 appearance domain gap issue에의한영향없이 3D data를
얻을수있도록해줌

▪ GraphCNN을이용한 model-free approach는mesh topology를완전히 exploit할수
있게해주고, 3D rotation parameter들로인한 representation issue를피할수있게함

▪ 추후더조밀한 key point들과 part segmentation을 Pose2Mesh에적용하여 shape를
enhance할예정
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