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AoG (And-Or Graph)
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 Each Node / Edge has a feature vector

What is used as a NODE?

 RGB-D image: Line segment

 RGB image: Middle-level patch

 Video: SIFT points
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 OR node = Object part

 Terminal node = Local pattern of the part
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 Matching Probability / Energy  Matching Energy per each Node / Edge

AoG (And-Or Graph)
ARG
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 4 Objective functions

- Estimates the most probably object in each positive/negative image.

- Uniformly optimize its unary and pairwise attributes and the division of 
its terminal nodes.

- Extracting an AoG with the maximal number of OR nodes |V| by 
discovering new OR nodes and deleting redundant OR nodes.

- Use a linear SVM to train the matching parameters W, which is an 
approximate solution to the minimization of the generative loss.
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Advantages

 The AoG represents a hierarchical deformable template that has strong expressive power in modeling objects. 

 The AoG can be mined without labeling object positions. 

 We do not use sliding windows to enumerate object candidates for model mining.

Critique

Rule-based ARG construction  Can’t we switch it to another learning technique?
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• 작동순서

1. Code compile

2. Feature extraction

3. Model producing

4. Mining AoG

compile();

- Matlab 코드들을 compile한다.

produce_model(카테고리이름);

- 초기 graph template을라벨링해준다. 프로그램이사진들을띄워주면, 라벨링할사진에서 ‘y’를

입력하고마우스드래그로정사각형 box를그려 object의서로다른부위를 3~5개정도잡아준다.

- 지정해준 initial template과 feature extraction의결과들을바탕으로 ARG 그래프를생성한다.

featureExtraction(카테고리이름);

- Data path에저장된해당카테고리의이미지들에대해 feature extraction을진행한다.

- 실행결과로 mat/폴더에 RGs_category.mat, ARGs_net_category.mat, Clu_category.mat, 

FinalPatches_category.mat, FinalPatches_neg_category.mat, Final_PatchSet_category.mat,  

Kmeans_category.mat, PatchSet_category.mat, PatchSet_neg_category.mat 파일이생성된다.

main_aog(카테고리이름);

- Graph matching을통해위에서생성한 ARG들에대한 AoG를생성하고, 이 AoG를바탕으로 Test 

data에대해 Object discovery를시행한다.
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Initial template

Category: Bicycle
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• My github page

https://github.com/hogunkee/AndOrGraph.git

• Original project page

https://sites.google.com/site/quanshizhang/code_aog

• Original code download link

https://onedrive.live.com/?authkey=%21APR5TLc1r5vnFFk&cid=BBDCC5334B0B1B33&id=BBDCC5334B0B1B33%21203
&parId=BBDCC5334B0B1B33%21174&action=locate

https://github.com/hogunkee/AndOrGraph.git
https://sites.google.com/site/quanshizhang/code_aog
https://onedrive.live.com/?authkey=!APR5TLc1r5vnFFk&cid=BBDCC5334B0B1B33&id=BBDCC5334B0B1B33!203&parId=BBDCC5334B0B1B33!174&action=locate

