Mining And-Or Graphs
for Graph Matching and Object Discovery

Hogun Kee
Seoul National University



Input Image

Step 1.

Data:
ARGs

ARG (Attributed Relational Graph)

Subgraph| patte

V
\ AND ppde
W/

Pairwise attributes: Unary attributes: 12 1) (@) )
Fe® =1fiz" fiz o fin ]
local patterns)

2 K
F]} — [agl)'ag )'__,'ag )]

Learning
Graph mining

-

1 2 M
R = [0 £ D). pony

deformable spatial Cq
relationships ©®

6 ==

=t = oy

o Q

'C'Q

5 O %
”

i F{; _ [ag1),agz),.__,agk)] F];" _ [agn’agz)’_..’agk)]

g2 AoG (And-Or Graph)

S O Terminal

-

S E

&5
A

(G]
Inference OR
Step 2.
R = 10, )
F2 = [tV 67, t{]

H. G. Kee. SNU 5



ARG (Attributed Relational Graph)
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Graph Matching

AoG (And-Or Graph)
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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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Graph Matching
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Graph Matching
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Graph Matching

.
. @ Op.1 graph
& matching
_-'.?.. (using Obj.{a))

Op.2 modifies
attributes

(using Obj. (b))

Op.3 deletes a redundant OR
node [using O&Lic))

Operation 6, parameter training

H.

Op.4 discovers a new OR node
¥ with matching assignments

(using CHjs. ()]

=

Op.5 updates
terminals

(using CHbi (0]

Op.2 modifies
attributes
(using CH (B}

Op.6 trains
parameters

(using Obyj.(d))

H. G. Kee. SNU

Figure 4. Flowchart of an approximate solution to graph mining

Obj.(d): min|w|? + ;& ¥

+ N - —
TR =D DA

Yk=1,2,...N*, —[E(G=G}) + b >1-¢,
vi=1,2,..,N ,E(G—=G, ) +b>1-§

16



Graph Mining

Using the AoGs mined
from RGB-D images in
Experiment 1

Using the AoGs mined
from RGB images in
Experiment 2

Object discovery from
RGB images in the
SIVAL dataset (3"

row) and the Pascal07 - =Y
dataset (4" row) in r—

Experiment 3 5

Using the AoGs mined
from videos in
Experiment 4 \

Figure 9. Matching results based on AoGs. We draw edge connections of the frog and cheetah models to show their structure deformation.

Ours bMCL SD M3IC BAMIC UnSL MEC Pose aero. bicy.  boat bus horse moto. || Avg.
SIVAL1 | 89.0 95.3 804 393 38.0 270 450 = |MA | 16.1 185 10.6 429 11.3 27.7| 21.3
SIvaL2 | 93.2 840 71.7 400 333 353 333 . Ours | 73.2 64.6 29.8 71.4 58.1 809 || 63.2
SIVAL3 | 88.4 747 627 373 387 267 413 £ |MA [ 135 107 173 579 820 205
SIVAL4 | 87.8 94.0 86.0 33.0 37.7 273 53.0 % Qurs | 75.0 66.1 423 737 459 773

SIVALS | 92,7 753 703 353 377 250 48.3  Table 2. Average localization rate in PASCALO07-6 x 2 dataset
Average | 90.2 847 742 37.0 37.1 283 442

Table 1. Average purity of object discovery in the SIVAL dataset
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Conclusion

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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Code Implementation - 3#E 3E A2

compile();
N N
o EhZ= A - Matlab 2 =52 compileTtCt.

featureExtraction(ZtE| 22| 0| 2);

1. Code compile

- Data pathOff A& =l ST ZE| 2 2[2] O|O0|X|Z0f| CHSH feature extraction=

2. Feature extraction

|

SH
o

sht,

—

- AAZIE mat/ZH 0| RGs_category.mat, ARGs_net_category.mat, Clu_category.mat,

FinalPatches_category.mat, FinalPatches neg_category.mat, Final_PatchSet_category.mat,

3. Model producing

4. Mining AoG produce_model(7tH| 22 0] S);

1=
HU
1
o
i)
>
Rl
il
mjo

- &7| graph templateS 2} 2/ =L},

st D O A EfOZ FALZLE boxE 18 objecte| M2 CHE £2

main_aog(7tEH| 12| 0] -&);

- Graph matching= &3l ?/0|| A 45t ARGE0] LTt AoGE ‘5t 1D, 0| AoGE HIEH 2 Z Test
datail CH3l Object discoveryS A|SH Lt
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Kmeans_category.mat, PatchSet_category.mat, PatchSet_neg_category.mat Lt 0| 24 =IC}



Experiment Results - object discovery

Category: Bicycle

Figure 1
File Edit View Insert Tools Desktop Window Help

Neas 808 sE

Initial template
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Code Links

» My github page
https://github.com/hogunkee/AndOrGraph.qit

 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
&parld=BBDCC5334B0B1B33%21174&action=locate
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