
Classifica(on problems 
•  Glasses vs. no‐glasses 

•  Cars vs. no‐car 

•  Time series 

Global vs. local sta(s(cs 

Tradi(onal solu(on: classifica(on based on subregions 

•  Require ground truth manual selec9ons: 
o  Time consuming 
o  Inconsistent 
o  Non‐op9mal 

Weakly supervised discrimina(ve localiza(on and classifica(on:  
a joint learning process 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Mo(va(on  Proposed method  Experiments 
Images – Localiza(on results 

Images – Quan(ta(ve results 

Synthe(c (me series data 

Mouse ac(vity classifica(on 

Mul(ple Instance Learning: 

Localiza(on‐classifica(on SVM: the formula(on 

Op(miza(on 
•  Two itera9ve loops 
•  Outer loop – coordinate descent: alternate between op9mizing (w, b) and 
the instances of posi9ve bags that maximize the SVM scores.  
•  Inner loop – constraint genera9on: add the most violated constraints into 
the constraint sets. 
•  Each itera9on requires 

Representa(on & Efficient localiza(on 

Pos9ve images  Nega9ve images  

Pos9ve 
patches 

Nega9ve 
patches 

Classifier 

At least  
one 

posi9ve 

All 
nega9ve 

Posi%ve bags  nega%ve bags 

Maron‐Ratan‐ICML98, Yang‐Lozano‐Perez‐ICDE00, 
Andrews‐et‐al‐NIPS03, Chen‐Wang‐JMLR04 

minimize
w,b
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wT ϕ(x) + b ≥ 1 ∀i

max
x∈Bag(d−i )

wT ϕ(x) + b ≤ −1 ∀i

x̂ = argmax
x∈Bag(d)

wT ϕ(x)

all possible  
subwindows  Bag( ) =

Bag( ) = At most k  
disjoint intervals { {

Efficient search using branch‐and‐bound  
Average 100ms/image (480*640 pixel) 

Efficient search using dynamic programming 
Average 10ms/signal (15000 frames) 

Histogram of  
visual words 

ϕ(x) =

max # of disjoint  
intervals allowed  Using global sta9s9cs: ROC: 0.577, Acc: 66.5% 

Failure cases 

Caltech‐4 
datasets 

•  Human labels ogen are not op9mal 
•  Tight bounding boxes ogen are not 
op9mal; contextual informa9on is 
important. 
•  Segmenta9on does not always help. Our 
method determines automa9cally the 
op9mal support region for classifica9on   

Several Conclusions 

•  Segmenta9on does help. 
•  Mul9ple disjoint intervals are necessary.  
•  Classifica9on performance is not too 
sensi9ve to the number of maximum 
disjoint intervals allowed. 

Several Conclusions 

F1 =
2×Recall × Precision

Recall + Precision

F1 score 

Overview 

•  Joint localiza9on & classifica9on 
•  Training requires class labels 
but not region selec9ons 

d+
i Bag(d+

i )

Bag(d−i )d−i

Histograms of  
the whole images 

Histograms of  
foreground segments 


