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GNN(Graph Neural Network)
• What is Graph data?

▪ Graph data

− Edge and Vertex

▪ GNN’s task

− Node classification

− Link prediction

− Clustering

− Anomaly detection
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Vertex Edge

G = (V, E)



Graph Representation
• Graph representation?

▪ Graph의각 node를 feature로표현하는것

− Graph를벡터나벡터의집합으로표현

− Embedding을통해 low-dimension space에각 node를 mapping하여낮은차원의 latent matrix 생성
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Graph Representation
• Why we need graph representation?

▪ 기존의 Deep Learning 기법을직접적용하는데한계가존재

− CNN, RNN 등을위해고안된기존의방법들은대체로 Euclidean 데이터타입(ex. Grid)

҉ Grid의경우근접한픽셀들끼리연관이있다는(Locality) 가정가능

− Graph 구조는위상적구조에따라구분되기때문에복잡한데이터타입

҉ 이미지의경우회전, 왜곡등을통해변형되지만, Graph의위상적인구조는변하지않음

− Embedded Latent vector 를통해기존의 deep learning 기법적용가능

▪ Low-Dimension 으로의 node feature mapping 을통해연산량감소

− Graph 의 Node 수가많아지거나, Node feature 의수가많을경우연산량이기하급수적으로
증가

− 임베딩된 vector 끼리의연산으로간단하고빠른연산가능
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Graph Representation
• Challenge of Graph Representation

▪ Embedding 이 Graph 의성질을잘나타내야함

− GCN 전체성능이 embedding 자체의성능에큰영향을받는경우가많음.

− Graph 의연결상태, 주변구조표현

− Original Graph 에서의 similarity 가 Embedding space 상에서도유사하여야함.
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Graph Representation
• Graph Representation Method

▪ Node Embedding

− Random-walk[1]

− Node2Vec[2]

− Variational Graph Autoencoder[3]

− Graph Projection – Reprojection structure[4]

▪ Graph Embedding
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Graph Representation

• Node Embedding – Variational Graph Auto-Encoder[3]

▪ Variational Auto-Encoder(VAE) 구조를 Graph에적용

▪ 입력으로 Node feature X와 Adjacency Matrix A를사용하여 Node 의분포를학습

− 2 layers 구조로첫번째 layer 에서 𝜇를추출하고, 두번째 layer에서 𝑙𝑜𝑔𝜎2을추출하여 latent 

vector Z 생성

− 생성된 Z를 inner product 하여 Adjacency Matrix 로 decoding
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Graph Representation

• Node Embedding –Variational Graph Auto-Encoder

▪ Graph Auto-Encoder  

− Variational Graph Auto-Encoder(VGAE) 와는다르게 1 layer 구조로 latent vector Z를 GCN 을
통해바로추출
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VGAE architecture

VAE architecture



Graph Representation

• Node Embedding –Variational Graph Auto-Encoder

▪ Experimental Result  

− Input feature 를함께사용하였을때성능이훨씬높아지는것을확인
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Graph Representation

• Graph Convolutional Auto-encoder with Bi-decoder and Adaptive-sharing Adjacency

(BAGE)[5]

▪ VGAE 의 Decoder 에서 Adjacency Matrix와 Node feature X까지 decoding 하도록변형

▪ Adaptive-sharing Adjacency Matrix 적용
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Graph Representation

• Graph Convolutional Auto-encoder with Bi-decoder and Adaptive-sharing Adjacency

(BAGE)[5]

▪ Node feature 까지 decoding 하게학습함으로써정확한 Latent vector 추정

− Overfitting 방지

▪ Adaptive-sharing Adjacency Matrix 

− Latent vector 로부터 Adjacency matrix 를추정하여 update 하여사용

҉ Prior Adjacency Matrix 가정확하지않은연결관계를나타내는등의오염된부분이있을
때이를 optimization 할수있음

҉ 네트워크가 prior adjacency information 에대해높은의존도를갖지않도록학습가능

− Adaptive-sharing Adjacency Matrix 는 Backpropagation 하여추정하지않음

҉ Backpropagation 을통한 adjacency matrix 추정은오히려 meaningless 한 matrix 생성

҉ 추정된각 node latent vector 의 distance 에 Lagrange equation 과 KKT(Karush-Kuhn-Tucket) 

condition 을적용하여 adjacency matrix 추정
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Graph Representation

• Graph Convolutional Auto-encoder with Bi-decoder and Adaptive-sharing Adjacency

(BAGE)[5]

▪ Experimental Results
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Graph Representation

• Node Embedding – Graph Projection – Reprojection structure

Beyond Grids: Learning Graph Representations for Visual Recognition[4]

▪ 이전의 GCN은 Graph 구조의 data 를위한구조

− ex) Semi-supervised clustering, Unsupervised clustering …

▪ 이미지와같이 Pixel 단위로이루어져있는 data 에대해 GCN 구조적용이어려움

▪ Pixel로구성되어있는 data를 Graph space 로 projection 하고, 이 data 를 GCN을통한
계산후다시 pixel domain 으로 reprojection

▪ 기존네트워크대비 semantic segmentation, object detection, object instance segmentation 

에서 SOTA 달성

− Local region 의 information 만활용하였던기존의 CNN models와달리 global region 에대한
information 활용가능
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Graph Representation

• Node Embedding – Graph Projection – Reprojection structure

Beyond Grids: Learning Graph Representations for Visual Recognition
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Graph Representation

• Node Embedding – Graph Projection – Reprojection structure

Beyond Grids: Learning Graph Representations for Visual Recognition

▪ Graph Projection

− Pixel-to-vertex assignment

҉ 비슷한 Feature 를가진 pixel 들을하나의 vertex 로 assign

− Encoding

҉ 각 vertex 에서 assign 된 pixel information 을 latent vector 로 encoding

− Adjacency Matrix

҉ Encoding 된 latent vector Z에서 Adjacency Matrix 추출
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Graph Representation

• Node Embedding – Graph Projection – Reprojection structure

Beyond Grids: Learning Graph Representations for Visual Recognition

▪ Graph Convolution Network

−일반적인 GCN 적용

▪ Graph Reprojection

− Vertex-to-pixel 

҉ Graph projection 시에구하였던 assignment matrix Q를이용하여 reprojection
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Graph Representation

• Node Embedding – Graph Projection – Reprojection structure

Beyond Grids: Learning Graph Representations for Visual Recognition

▪ Experimental Results

− Semantic segmentation
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Graph Representation

• Node Embedding – Graph Projection – Reprojection structure

Beyond Grids: Learning Graph Representations for Visual Recognition

▪ Experimental Results

− Object instance segmentation
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Graph Representation

• Node Embedding – Graph Projection – Reprojection structure

Graph-Based Global Reasoning Networks [6]

▪ Pixel to Vertex Projection 방법을 CNN을적용

− 1x1 Conv 을통해 projection matrix 추정

҉ 추정된 projection matrix 를이용하여 projection 및 reprojection 진행
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Graph Representation

• Node Embedding – Graph Projection – Reprojection structure

Graph-Based Global Reasoning Networks [6]

▪ Experimental Results
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Graph Representation

• Node Embedding – Graph Projection – Reprojection structure

Edge-aware Graph Representation Learning and Reasoning for Face Parsing [7]

▪ Face Parsing 에 GCN 적용

▪ Backbone feature 에서 face parsing feature map 과 edge 를각자추출하고, 이를 Attention 

mechanism 을적용한 graph projection 알고리즘에적용하여성능향상
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Graph Representation

• Node Embedding – Graph Projection – Reprojection structure

Edge-aware Graph Representation Learning and Reasoning for Face Parsing [7]

▪ Edge-aware Graph Reasoning module 

− Edge pixels 에더큰 weight 적용
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Graph Representation

• Node Embedding – Graph Projection – Reprojection structure

Edge-aware Graph Representation Learning and Reasoning for Face Parsing [7]

▪ Experimental Results
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개인연구주제
• Pose Refinement with GCN

▪ Human pose estimation 은대표적인 graph structure 의 data

− CNN 기반의 Pose estimation model 에서추정된 Keypoints 를 Node feature 로하여 GCN 적용후
성능향상을목표로함.

҉ 인접한 Keypoints 정보를 aggregation 하여잘못추정된 Keypoints 위치수정
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개인연구주제
• Pose Refinement with GCN

▪ Graph Projection – Reprojection 구조적용

− Pixel 단위로표현되어있는 human pose heatmap 을 Graph space 로 projection

− Reprojection 시 Ground Truth heatmap 과의 L2 loss를통해 [5]와같이 Node feature reconstruction 

까지학습
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개인연구주제
• Pose Refinement with GCN

▪ Graph Auto-Encoder 를통한 Adaptive adjacency matrix 적용

− Human pose 는 prior adjacency matrix 가존재하지만 pose estimation 시 prior adjacency matrix 가
아닌 dynamic adjacency matrix 를적용하였을때성능향상확인(DGCN[8])

҉ Edge 는실제물리적인연결뿐만아니라연결되지않은 Edge 를통해서도 Keypoints 에
영향을줄수있음.

҉ 실제 inference 시 image 내에존재하지않는 Keypoints 가있어기존의 prior adjacency 

matrix 는 [5] 에서말한 Polluted adjacency matrix 라고할수있음.

27



개인연구주제
• Pose Refinement with GCN

▪ Adaptive adjacency matrix 적용

− GAE 를통한 latent vector 로 adaptive adjacency matrix 를적용하여실제 image 내에존재하는
human object 에맞는 adjacency matrix 구축

− Bi-decoding 시 Adjacency matrix 의 GT는 prior adjacency matrix 에서 GT 상에존재하지않는
point에해당되는값만 0으로가정

▪ 추정된 Adaptive adjacency matrix 기반 Attention mechanism 적용

− Node 간의 feature 를 aggregation 하기적합하게추정된 adaptive adjacency matrix를통해 node 

feature 의 weighted summation 진행
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