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A Generation Example 

Numerical Experiments 
  Selection of data points: 

The Learning Algorithm 
The learning algorithm aims to maximize the data likelihood. The following 
update rule is derived by using exact EM. 

E-step: 

M-step:!

Abstract 
We study unsupervised learning in a probabilistic generative 
approach that explicitly addresses the translation invariance of 
objects in visual data. The investigated generative model 
autonomously learns from unlabeled data with object identity and 
position.  

Model features: 
•! object translation explicitly defined as a hidden variable 
•! object mask defined as binary hidden variables 
•! learning multiple objects by a mixture model 
•! maximum likelihood with exact EM on a GPU cluster 

Our algorithm successfully extracts desired objects from both 
synthetic and real image sequences.  
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Discussion 
We studied unsupervised learning with translation invariance in visual 
data. Future work aims at: 
•! learning more objects by using approximate EM 
•! learning multiple objects per scene with occlusion!

Graphical Model 

object mask MAP* 

* In red channel it is the mask at the MAP      position.    

 

! x 

Reference 
ABD'P8'Q$R1":'S8T8'U1(",:'(")'Q8'V-K-1:'"#$%&!$'!()))!*+",:'WXYBZ[:'CZZ[8'
ACD'\8']+$0$"315$%:'(")'98'O-,,+-:'-./0#1!-10#$2%314%15'CBB?'BZBWYBZC^:'BWWW8'
AGD'V8_8'M*03(10$":'R8U8'_")$%0-":'(")'`8R8'N("'a00$":'6$0#4.7!$'!-10#$2%314%15!BG?'[XZZY[XBW:'BWWG8'
A[D'\8'Q()$0:'T8'R8'N-%5%b,,$":'T8'V13.("":'T8'Q(",$:'R8'/-"')$%'\(*051%,:']8'O8'cb%2d:'(")'c8'e-"$":'
''''''()))!8#.42&!*$9:0/1#25'[C?GZZHGBB:'BWWG8'
A^D'T8'Qb&4$:'R8'e$&4:'(")'R8'/-"')$%'\(*051%,:'-10#.7!*$9:0/.;$45!CZ?'C[[BYC[fG:'CZZI8'
AfD'g8'U+"2-":'"#$%&!$'!(6*<(:'C:'fIGYfI^:'BWIB8'
AXD'h8'T-F+&'(")'V8'S%$7:'"#$%&!$'!*+",5'BWWHCZf:'CZZB8'
AID'R8e8!8'c+**+(.0'(")'\8e8'9+20+(0:'-10#.7!*$9:0/.;$45'Bf?'BZGWHBZfC:'CZZ[8'

"#$%&'()*+),)%-./'c$',%(2$#1**7'(&4"->*$),$'#1")+",'57'23$'g$%.("']$0$(%&3'S-1")(<-"'@`SgE'+"'23$'
;%-F$&2'Qi'BBWfj[HB'(")'57'23$'g$%.("'S$)$%(*'\+"+02%7'-#'a)1&(<-"'(")']$0$(%&3'@V\VSE'+"'23$';%-F$&2'
ZBgkZI[Z'@VSh9'S%("4#1%2E8'S1%23$%.-%$:'>$',%(2$#1**7'(&4"->*$),$'01;;-%2'57'23$'S%("4#1%2'R$"2$%'#-%'
l&+$"<&'R-.;1<",'(")'57'23$'Nl!'-#'S%("4#1%2'i"+/$%0+27'#-%'%$&-%)+",'/+01(*'0$m1$"&$08''

Σ�d =





(�σ
(1)
�d

)2

(�σ
(2)
�d

)2

. . .

(�σ
(F )
�d

)2




,�σ2

�d
=





(�σ
(1)
�d

)2

(�σ
(2)
�d

)2

...

(�σ
(F )
�d

)2





p
(n)
Θ (m�i|�x, c) = p(m�i|�x, c, �y(n), Θ) p

(n)
Θ (�x, c) = p(�x, c|�y(n), Θ)

πc =
1

N

∑

n

∑

�x

p
(n)
Θ (�x, c) αc

�i
=

∑
n

∑
�x

p
(n)
Θ (�x, c)p

(n)
Θ (m�i = 1|�x, c)

∑
n

∑
�x

p
(n)
Θ (�x, c)

�Ac
�i

=

∑
n

∑
�x

p
(n)
Θ (�x, c)p

(n)
Θ (m�i = 1|�x, c)�y

(n)

(�i+�x)

∑
n

∑
�x

p
(n)
Θ (�x, c)p

(n)
Θ (m�i = 1|�x, c)

(�σc
�i
)2 =

∑
n

∑
�x

p
(n)
Θ (�x, c)p

(n)
Θ (m�i = 1|�x, c)(�y

(n)

(�i+�x)
− �Ac

�i
)2

∑
n

∑
�x

p
(n)
Θ (�x, c)p

(n)
Θ (m�i = 1|�x, c)

�B =

∑
n

∑
c

∑
�x

p
(n)
Θ (�x, c)

∑
�i

p
(n)
Θ (m�i = 0|�x, c)�y

(n)

(�i+�x)

∑
n

∑
c

∑
�x

p
(n)
Θ (�x, c)

∑
�i

p
(n)
Θ (m�i = 0|�x, c)

�σ2
B =

∑
n

∑
c

∑
�x

p
(n)
Θ (�x, c)

∑
�i

p
(n)
Θ (m�i = 0|�x, c)(�y

(n)

(�i+�x)
− �B)2

∑
n

∑
c

∑
�x

p
(n)
Θ (�x, c)

∑
�i

p
(n)
Θ (m�i = 0|�x, c)

�m�i

�D

�x

�B

�σ2
B

�y�d �D

C Cαc
�iπc

c

�Ac
�i

(�σc
�i
)2

�D × C

log p(�x|c = 0, �y, Θ)

position variable 
class variable 

mask variables 
observed datum 

image feature resolution 
mixture parameters 

mask prior parameters 
mean and variance for object c 

mean and variance for background 
the parameter set    
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