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i 7 Example Motivation:
M Ot I vat I o n “We propose an ‘analysis by synthesis’ strategy where lowlevel

cues, combined with spatial grouping rules (similar to Gestalt
laws), make bottom-up proposals which activate hypotheses
about objects and scene structures. “

(a) (b)
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Image
Feature extraction Proposals Synthesis and verification
Preselection Recurrent Recognition

... this strategy is kind of well established.
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A - Example Motivation:
M Ot I vat I o n “We propose an ‘analysis by synthesis’ strategy where lowlevel

cues, combined with spatial grouping rules (similar to Gestalt
laws), make bottom-up proposals which activate hypotheses
about objects and scene structures. “

Further examples:

“[The anatomy of the cortex provides] a large-scale

computational hypothesis on visual recognition, which includes
both, rapid parallel forward recognition, independent of any
feedback prediction, and a feedback controlled refinement system.”

Preselection + Recurrent Recognition — > faster inference

... sounds like an approximate inference scheme.
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, A generative model
AN
S §~p(5]0)
?j ~ p(?ﬂ 5', 6)

We start by considering a generative model
with hidden variables s and observed
variables .

Our general strategy will be to restrict the
hidden space for learning with only small
losses for the accuracy. With this strategy
we will come back to preselection only later.
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A generative model
S Q §~p(§O)
y~pyls,0)
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Idea 1: Define a set K that

contains most prior mass.

This defines a truncated
generative model:

§~p(s]0)
reject § if SZK
g~ p(y]5,0)
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Idea 1: Define a set K that

P
/ contains most prior mass.
This defines a truncated
generative model:
§~p(s]0)
reject § if SZK
y~pyls,0)
L/f
. MOPt | ..
The truncated generative model K

Generates data points in M°P
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Idea 1: Define a set K that

contains most prior mass.

This defines a truncated
generative model:

§~p(s]0)
reject § if SZK
g~ p(y]5,0)

|}
.
-

1 Lie) = ) log(p@™|c=1,6)

The truncated generative model ne Aopt

Movt”

Generates data points in M°P
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L
opt ~ t

The truncated generative model

Generates data points in M°P
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,..-//r
e O* = argmaxg{L(O)}
The truncated generative model
Generates data points in M°P" = 0" ~ argmaxg{L(0)}
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i T Problem: We do not know MOPt

But: We can efficiently estimate it.

> log(p(y™]©)

ﬂ_l,...,ln'lir
> log(p(™ = 1,6)
iRy ne MoPt
—ee—— O* = argmaxg{L(O)}
The truncated generative model
Generates data points in M°P" = 0F ~ Elrgﬂlaxa{ﬁl(@]}
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O* = argmaxg{L(O)}
= 0% ~ argmaxg{L1(0)}
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O* = argmaxg{L(O)}
= 0% ~ argmaxg{L1(0)}
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ET Algorithm O* = argmaxg{L(©)}

£0) = 3 logp@@™ |c=1,0) = O argmaxe{L1(O)}

ne Mept
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ET Algorithm O* = argmaxg{L(©)}

£,(0) = Z log(p(7™ | ¢ = 1,0) = 0" =~ argmaxg{L(0)}

ne Mopt

Fig.0) = 3% ¢"(5;0%) mg((gi?r(}) p(519) )+H(q)

neM ek srecP(5" | ©)

p(s|g™ U‘ﬂd)
> srexc P(87 |G, ©01d)

... this is a variational approximation.

g™ (5;0°4) = 0(5 € K)
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ET Algorithm O* = argmaxg{L(©)}

£,(0) = Z log(p(7™ | ¢ = 1,0) = 0" =~ argmaxg{L(0)}

ne Mept
_ . o p(5]O)
Fi(q,0) g™ (5;0°4) lﬂg( (5™ 5,0) 7 ) + H(q)
n;«f sezﬁ D _zexc P8 0O)
{}01{1
g™ (5;0°4) = p(E1 7, 07 0(5 € K)

> srexc (87 |7, ©01d)

Algorithm 1: Expectation Truncation (step 1)

Initial: select a state space volume /C
Data classification: find a data set M that approximates M°Pt

p(3, gt | e°)

E-step: compute ¢\ (§;0%) = : for all ¥ and € K
step pute ¢/ (53 0) S p(3, 500 |60 Y 5
M-step: find parameters © such that
d - - p(s]0)
“ (n)yz. oold —(n)
. q"(55:0) log (p(™ |5, ©) )
d® n;,fg,; 2_sex P51 O)
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Example
=1{5| X;5; <7}

Binary Sparse Coding (BSC):

Hﬂ' (1—m )i*n

p(i7]5,0) = N, sn Wi, o 1)

Henniges et al., 2010
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Example
K=1{5] 28, <7}

Truncated generative model ¢ =1 Criginal data
p(5|m) = [1;Bemoulli(sy; )

(F|m) ifFe X
0 f5¢ X

1
BlEle=1,m) = { 34

p(¥|3, W, 6) = N (¥, 75,0 1)

generates

-

Truncated
data, c=0

Truncated
data, c=1

{yt)

}u 1.8 E
neM data point nE M ﬂ
classification

Extracted basis functions W

LA . . . . .

AR
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Example
K=1{5] 28, <7}

Truncated generative model ¢ =1 Criginal data
p(5|m) = [1;Bemoulli(sy; )

(F|m) ifFe X
0 f5¢ X

1
BlEle=1,m) = { 34

p(¥|3, W, 6) = N (¥, 75,0 1)

generates

-

Truncated
data, c=0

Truncated
data, c=1

(m
I o E
neM data point nE M ﬂ
classification
%

Extracted basis functions W

LA . . . . .

AR

—’% FIAS Frankfurt Institute £
. for Advanced Studies &%

Jorg Lucke



Example Sparse Coding

\
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Preselection ..
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Preselection .. dea 1 Define a set K. tha

\ contains most prior mass.
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PreseIeCtlon e | PEIZ9) 1dea 1: Define a set K that

contians most prior mass.
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PreseIeCtlon e PEIZ9) 1dea 1: Define a set K that

contians most prior mass.

e L= ‘
\ Idea 2: Define a set K, that
Lo contains most posterior mass.
."; !r/. o
0
‘-}f,:'!
;
1/ \ . “"'\\
=
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Preselection
P

/

\ o(F1570) Idea 1: Define a set K that

contians most prior mass.

Idea 2: Define a set KC n that

contains most posterior mass.

!,": \/ rd
( a
i NS e Mopt .
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Presglectionuﬁ_ o \ PMV o) Ideat: Define a set K that

- contians most prior mass.

/ N

Idea 2: Define a set KC n that

contains most posterior mass.

PE.7"|©%)

~(n) (z. @oldy _ -
775,07 Ysex, P8,y |©°1) S
j;" ) ﬁ Within K n this variational distribution is
,/, / | proportinal to the posterior in K.
& " "'Mopt

Jorg Lucke
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PreseIeCtio n-—uﬂm— \ P(r 1370) Idea 1: Define a set K that

- contians most prior mass.

/ N

Idea 2: Define a set KC n that

contains most posterior mass.

/( | (—» =(n) |®old)
~(n)(=.@oldy _ P\S, Y 5(5 ¢
77507 Ysex, p(s, ¥ | @) bt
) ﬁ Within /C n this variational distribution is
,/, / | proportinal to the posterior in K.
i - "'Mopt

Idea:

Find K ,, by fast preselection!
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ET Algorithm O* = argmaxg{L(©)}

£,(0) = Z log(p(7™ | ¢ = 1,0) = 0" =~ argmaxg{L(0)}

ne Mopt

0 (3@ = __PEIV 0%

E n
2 E'J(n ( I’J_/’(H) |®01d) (SE ?( )

Algorithm 2: Expectation Truncation (step 1 + 2)

Preselection: select a state space volume K ,, for each data point ¥ (n)
Data classification: find a data set M that approximates MOP!
p(ga gﬂ[n) | (;}old)

) . . "(?’1) -+, ;G].d . . — . =
E-step: compute ¢/ (5;07) = > e P& 7] 6ol) for all 7 and §¢€ K,
M-step: find parameters © such that

L(n) | = ¢ p(s]9)
(7;©° mg( g0 ) ):n
do n;—'f sEg (y | ) ZEFEK:I)(SI | {_))
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Example BSC

Binary Sparse Coding (BSC):

(51©) = Hﬂsh (1—7 )i=sn

p(715,0) = N@: X2, s Wh,o* 1)

Henniges et al., 2010

K =15 2.5 <7}
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Example BSC

K= 28 =7
Ky =15 2;s;<vyand (Vi¢gl:s;=0)}

ﬁlﬂlllfgﬂuld]

tal ¥

59 0 1 0 0 0 1 1 1 0 0 0

53 0 0 1 0 0 1 0 0 1 1 0

states 5= K,
0 0 0 1 0 0 1 0 1 0 1 sp="0 for all other h
0

0 0 0 1 0 0 1 0 1 1
E=EINEz=E=mEar:

COMpanson
| II l I .F[I?]
computation of .

7 3 7 9 h selection functions

33

57

selection of
H'=4 candidates

_'_
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Example BSC

K= 28 =7

Binary Sparse Coding (BSC): K = {5 EJ' s; < Yand (Vig1:s;=0)}
(51©) = Hﬂsh (1—7 )i=sn
p(F15.0) = N(F: >, 51 Wi, o 1)

Henniges et al., 2010

Exact EM updates

ST

ND

mn
fuev. — Z |S
ND \
H
with |s| = Z Sh
h=1
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Example BSC

K =15 2.5 <7}

Binary Sparse Coding (BSC): Kn = {S ‘ 2}' 5j < Yand (vx Qf I:si= 0)}
7| ©) Hw% (1—q )t
p(F15.0) = N(F: >, 51 Wi, o 1)
Henniges et al., 2010
Exact EM updates ET-EM updates

d o —1
Woew: — (Z y(n’) ) ( Z <SST> ) Wnew — (Z y(n} ) ( Z <"?S )
n b neM nteM 4
: 1 2 : 1 2
oheV — Yy (n) _ W s D Lo y (n) __ W s
75 5 (v -walP) [ 3, (I - welF)

T
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Example BSC

K= 28 =7

' N . ' - - ol
Binary Sparse Coding (BSC): An = {S ‘ EJ Sj S Yand (vz Z1:si= 0)}
(710) = Hw% .
p(F15.0) = N> 81 Wy, o” 1)
Henniges et al., 2010
Exact EM updates ET-EM updates
d o —1
Whew — (Z y(n) ) ( Z <SST> ) Whew — (Z y(n} ) ( Z <SST>q !)
n b nemM nfe M h
1 2 1 2
new __ ) _ A7 new __ (n .
o \/ND ; <||y< ) — W s > o \/u DneM<Hy ) — W s >
i 1 |
,Tuev. - = ~’\|S‘} new _ fl(?T m 1 ¢
N ; P " B(m) |M n;“s”qﬂ'
H
with |s| = Z Sh
h=1
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Example BSC

K= 28 =7

Binary Sparse Coding (BSC): Kn = {S ‘ 2}' 5j < Yand (vx Qf I:si= 0)}
(7]©) H T (1 — 7 )tsn
p(F15.0) = N(F: >, 51 Wi, o 1)
Henniges et al., 2010
Exact EM updates ET-EM updates

£ s ¥
) e (get) (5o
neM nre M

new 1 " —r new 1 . _—
: —\/ND ;<nyw—1—uu b o = fwrn 3 (v -wlF),

Fq
,"_.-""_""-u,\
ii'.‘i
\.""'l-._—-r"'/
f..rl"_"'h..\\
*[]
~~
n
o

'REJM
. 1 _ &
?Tue“ — {|S > new __ A(ﬂ-) ) l [
Np 2 (0, L DI
" ’ Ble) Ml
H

with |s| = Sh " /H\ ., | . o
§ sz—l e Z( )”WI“‘W’H“‘ B(r) = Z’F""(’}'; (1 — ) H
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Example BSC

K =15 2.5 <7}

Binary Sparse Coding (BSC): K = {5 EJ' s; < Yand (Vig1:s;=0)}
(51©) = Hﬂsh (1—7 )i=sn
p(F15.0) = N(F: >, 51 Wi, o 1)

Henniges et al., 2010

ET-EM updates

> pls,yt6°) g(s) whew = (Z y™ (s ) (Z (557, )

(g(S))q<n) _ seEX, neM nre M

@old :
Z p ) ghew _ \/ 1 <|[y (n) _ W S‘ |2>

8 ey

5 H ; /! ' L H (- /
A(m) =) (ﬁ“) ' (1-mHE"  B(m)=)_ qf-z(qlf)ﬂ’r (1 —m)H=
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Example BSC

Binary Sparse Coding can now be scaled up
and can, e.g., be applied to image patches:

2 A A AR 75 Iy'/ 3 ";{ ol = ' W .«ﬂr"."l “” )J i \‘h. ;

RANERNSIZNZEESTNANEZF0O2ENES
: .W\*_-.-?‘r.ln = v N J 4 =/As~/4m ,",'*I =

NV N ST S 1 o O L ,-.-..._.u-, i ]
ZENE=ZENIINNZS I QTN = T

4 5 VR 5 O
200 N N N o T 0 )
R AN A NSEP RN PR SR

-

Random selection of 200 of 700 basis functions if Binary Sparse Coding is applied to natural
image patches (Henniges et al., Proc. LVA/ICA 2010).
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Complexity of BSC

E-step complexity

; IR Y A b v
A i ‘ ]

ob R

mlﬂé

10° E

108

107 E

100

exact EM

O(e™)
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Complexity of BSC

E-step complexity

" e " 73 Lucke, Eggert,
ET(15.10 77 1 UMLR 2010;
= ’} E
Ik ET(H H) ET(L 4)/
10 (exact E-step) ; I{_}{,-" ;,f’j
1019 =
10” E
10% E
107 £
10° =
5 10 20 50 100 200 500 H
approx. EM

O(H*)
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E-step complexity

Complexity of BSC

10!!

1019 =

L T T T LI B | f —
ET({5. 16 —2)}”
i ;
ET(H,H) R ET({5.4)7
(exact E-step) 7 r'l _f_.f

i Lucke, Eggert,
1 UMLR 2010:

ET-EM

O(H)

A

for Advanced Studies
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E-step complexity

Complexity of BSC

z 7 T iy 77 Liicke, Eggert
; ET(iG, 15 —2)/-” 1 IMLR 2010
L ’}‘f";— "..i' o
1k ET(H,H) s 1 ET({5.4)7
10 (exact E-step) ,"'/ r'l _{..-f ;,f"fj
10 | B8, 7 / s ;"f
10 %— / f// II_." f{/fa .f_/. ?
[ / ad [y /_,-’ET(%,B}
10° £ / I Y R
. / d ,-"'} r S EL(9,7)
108 -
107 E
E
10 ' ' ' UG
5 10 20 50 100 200 500 H

ET-EM

- O(H)

Expectation Truncation

ET allows to optimize prior parameters

Puertas et al., NIPS 2010;

Henniges et al., LVA/ICA 2010;

Licke, Eggert, JIMLR 2010;
FIAS Frankfurt Institute
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Example Sparse Coding

= G M - _-LH)
& - Qv a (5' }\ / @)
oqp=ip §
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Relation to Other Approximations
p(15™,0)

latent space

data p&g(n)

optimal case
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Relation to Other Approximations
p(15™,0)

latent space

g(ﬂ) ate p&g"(n)

deterministic optimal case
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Relation to Other Approximations
p(15™,0)

(n) 77

deterministic ET optimal case

g(ﬂ)

S|
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Relation to Other Approximations _(n)
p(s1g™",0)

MAP:  ¢,(5,0) = §(5— §M%)
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Relation to Other Approximations _(n)
p(517",0)
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Relation to Other Approximations

exact: dn (5: @)

|
i
o~
W
|
s
D
o S

MAP: qn(g’;@) — 5(§_§ma><)

Laplace: q;rz( C)) — ..a"\-r( ; g max ?)

factored: qn(S: O H ; (s1,:©)

h
truncated: @, (57 0) = % p(s] f(n) O)i(se ,)

_’%@v\\ FIAS Frankfurt Institute £
. for Advanced Studies &%

Jorg Lucke



0 an(550) = |] 4,5 (51:©)

h

exact factored (mean-field)
g R

g (3:0) = p(3|7"™,0) minimize KL(q, p)

truncated (ET)

Laplace
@) expectation propagation

minimize KL(p, ¢)

qn(5: ©) = N(s; §M* %)
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Conclusion

Problem:
Exact inference is intractable.

- P(sly)

L

Recognition System
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Conclusion

Problem:

Approx. inference is intractable. Preselection /
Classification

discriminative part

p(sly)

7

generative part

>

Recurrent Recognition
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Conclusion

generated interpretations

i obis

comparison
with input

input

s most likely interpretation

s

)

'

select
object

candidates

generate
inter-
\ pretations

m@a“

|
e

o
?i”?
1P
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Conclusion

generated interpretations _-most likely interpretation

L8

M o By

é..&;}.j'i'

comparison
with input

, generate
' inter-
\ pretations
—_—
'a soect | G | @.\
objem
ove' 1 -

=
'*‘ ?VT
YT

input

Thanks!
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