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MR RO (3530) : We addressed a method to locate target objects and to learn object
recognition and detection models simultaneously from given large collection of images with
labels of target objects. The method does not require bounding rectangles or object regions
of training images but just object labels, which are easily prepared by manual annotation,
or easily obtained from Flickr or closed captioned videos. Object region localization
functionality enables image synthesis and more precise object recognition and detection.
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) Positive candidate selected by MI-SVM
() Positive candidate selected by our approach
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Pseudo code for heuristic algorithm

Initialize: for every positive bag B
Compute x; =3, ., xi/|f|.

SRy = zy.
REPEAT
- Compute QP sclution w,b for dataset with positive
samples {SH;:Y; =1} and negative samples {r,:Y;=-1}.
- Compute outputs f; = (w, x;)+b for all r, in positive bags.
- FOR (every positive bag Bj)
Bet xy = Xmm(r), mm(l)=argmax,c fi
SRy = FindSurround(x;. T)
- END
WHILE ({mm(/)} have changed)
OUTPUT (e, )
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MA GH mi-SVM MILISVM  Ours
Butterfly 76.7  76.7 53.3 86.7 93.3
Camera T0.0 B0.0 53.3 73.3 B6.7
Ceiling_fan  70.0 80.0 hid 66.7 80.0
Cellphone 80.0  90.0 63.3 33.3 90.0
Laptop 80.0 76.7 66.7 76.7 86.7
Motorbikes 73.3  93.3 63.3 80.0 90.0
Platypus 83.3 90,0 53.3 86.7 100.0
Pyramid 90.0 90.0 63.3 76.7 90.0
Tick 76.7 833 56.7 80.0 90.0
Watch 80.0 B80.0 hid 73.3 80.0
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