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Perceptual inference
object detection/scene parsing!

!
3D configuration, shape!

!
dynamics!



David Marr: isolating different inference mechanisms

perceptual 
inference



The robustness of vision



Robust vision
Robust vision ultimately denotes the task-
independent ability to transform image 

information into a new representation which 
makes the different physical/causal sources 

explicit that underly the pixel variations across 
different images. !

!
As such it allows vision systems to generalize 
across varying conditions and to achieve stable 

interpretations across time.!



(e.g., Holmes and Gross, 1984; Horel, 1996; Schiller, 1995; Wei-
skrantz and Saunders, 1984; Yaginuma et al., 1982). While these
deficits are not always severe, and sometimes not found at all
(Huxlin et al., 2000), this variability probably depends on the
type of object recognition task (and thus the alternative visual
strategies available). For example, some (Schiller, 1995; Wei-
skrantz and Saunders, 1984), but not all, primate ventral stream
lesion studies have explicitly required invariance.
While the human homology to monkey IT cortex is not well es-

tablished, a likely homology is thecortex in andaround thehuman
lateral occipital cortex (LOC) (see Orban et al., 2004 for review).
For example, a comparison of monkey IT and human ‘‘IT’’
(LOC) shows strong commonality in the population representa-
tion of object categories (Kriegeskorte et al., 2008). Assuming
these homologies, the importance of primate IT is suggested by
neuropsychological studies of human patients with temporal
lobedamage,whichcansometimesproduce remarkably specific
object recognition deficits (Farah, 1990). Temporary functional
disruptionof parts of thehumanventral stream (using transcranial
magnetic stimulation, TMS) can specifically disrupt certain types
of object discrimination tasks, such as face discrimination
(Pitcher et al., 2009). Similarly, artificial activation of monkey IT
neurons predictably biases the subject’s reported percept of
complex objects (Afraz et al., 2006). In sum, long-term lesion
studies, temporary activation/inactivation studies, and neuro-
physiological studies (described below) all point to the central
role of the ventral visual stream in invariant object recognition.
Ventral Visual Stream: Multiple, Hierarchically
Organized Visual Areas
The ventral visual stream has been parsed into distinct visual
‘‘areas’’ based on anatomical connectivity patterns, distinctive

anatomical structure, and retinotopic mapping (Felleman and
Van Essen, 1991). Complete retinotopic maps have been re-
vealed for most of the visual field (at least 40 degrees eccentricity
from the fovea) for areas V1, V2, and V4 (Felleman and Van Es-
sen, 1991) and thus each area can be thought of as conveying
a population-based re-representation of each visually presented
image. Within the IT complex, crude retinotopy exists over the
more posterior portion (pIT; Boussaoud et al., 1991; Yasuda
et al., 2010), but retinotopy is not reported in the central and
anterior regions (Felleman and Van Essen, 1991). Thus, while
IT is commonly parsed into subareas such as TEO and TE (Jans-
sen et al., 2000; Saleem et al., 2000, 1993; Suzuki et al., 2000;
Von Bonin and Bailey, 1947) or posterior IT (pIT), central IT
(cIT), and anterior IT (aIT) (Felleman and Van Essen, 1991), it is
unclear if IT cortex is more than one area, or how the term
‘‘area’’ should be applied. One striking illustration of this is recent
monkey fMRI work, which shows that there are three (Tsao et al.,
2003) to six (Tsao et al., 2008a) or more (Ku et al., 2011) smaller
regions within IT that may be involved in face ‘‘processing’’ (Tsao
et al., 2008b) (also see Op de Beeck et al., 2008; Pinsk et al.,
2005). This suggests that, at the level of IT, behavioral goals
(e.g., object categorization) (Kriegeskorte et al., 2008; Naselaris
et al., 2009) many be a better spatial organizing principle than
retinotopic maps.
All visual cortical areas share a six-layered structure and the

inputs and outputs to each visual area share characteristic
patterns of connectivity: ascending ‘‘feedforward’’ input is
received in layer 4 and ascending ‘‘feedforward’’ output origi-
nates in the upper layers; descending ‘‘feedback’’ originates in
the lower layers and is received in the upper and lower layers
of the ‘‘lower’’ cortical area (Felleman and Van Essen, 1991).

Figure 3. The Ventral Visual Pathway
(A) Ventral stream cortical area locations in the macaque monkey brain, and flow of visual information from the retina.
(B) Each area is plotted so that its size is proportional to its cortical surface area (Felleman and Van Essen, 1991). Approximate total number of neurons (both
hemispheres) is shown in the corner of each area (M = million). The approximate dimensionality of each representation (number of projection neurons) is shown
above each area, based on neuronal densities (Collins et al., 2010), layer 2/3 neuronal fraction (O’Kusky and Colonnier, 1982), and portion (color) dedicated to
processing the central 10 deg of the visual field (Brewer et al., 2002). Approximate median response latency is listed on the right (Nowak and Bullier, 1997;
Schmolesky et al., 1998).
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Neocognitron (Fukushima, 1980)/H-Max  
(stacking S- and C-cells)

(figure from scholarpedia)

just pattern recognition?

There is no simple trick that will miraculously 
solve the vision problem.

It’s not important which “religion” you pick but!
how much you can contribute to the  
specific problems in your area.

http://ilab.usc.edu/retina/
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Redundancy reduction can be interpreted as a flexible  
density estimation method

Density estimation  
via redundancy reduction
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Statistical models of natural image patches



I. Linear models 
 

(receptive field modeling)
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Optimal linear redundancy reduction: 
Independent Component Analysis (ICA)



II. Nonlinear (  -spherical) models 
!

(contrast gain control modeling)



Different types of sparsity: 
factorial vs spherical

factorial density spherical density

Zetzsche et al (1999). The atoms of vision: Cartesian or polar? J.Opt.Soc.Am., A 17(6), 1554-1564.

identical kurtotic (“sparse”) marginals

z1 z2 z2
z1



Gauss
spherical density

Maxwell (1860). Taylor's Phil. Mag. 19: 19-32., 1860. 

Radial Gaussianization
(Lyu & Simoncelli, 2008)

! !

radial cdf inverse   -cdf�

z1 z1 z2z2

Nonlinear redundancy reduction  
of spherical data

Radial Factorization

 
 (Sinz & Bethge, 2008)



Cartesian but not factorial

factorial density

z1 z2

spherical density

z2
z1

ground truth

x2
x1

Use Lp-spherical distributions

[Sinz & Bethge, NIPS, 2008.]



Family of Lp - spherical distributions

p-generalized Normal distributions

factorial distributions Lp-spherical distributions

L  -spherical
distributions

2

Normal distribution

p(x) =
�

k

pk(xk)

density      contours

p�⇥

p = 2

p = 1

p = 0.5

[Sinz, Gerwinn & Bethge, Characterization of the p-generalized Normal distribution,  
Journal of Multivariate Analysis, 100(5): 817-820, 2009.]

p(x) = p(||Wx||p)

(= ICA with marginals from the exponential power family)

Gaussian scale mixture (GSM) models

Fabian Sinz



ICA vs radial factorization

Radially factorized 
coefficients

ICA coefficients
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representations in capturing the higher-

order correlations of natural images?



Lp-nested symmetric distributions

p(x) = p(||Wx||p)

p(x) = p(⌫(Wx))

Fabian Sinz



Lp-nested symmetric distributions

p(x) = p(||Wx||p)

p(x) = p(⌫(Wx))

[Sinz & Bethge (2010).  
JMLR, 3409-3451.]

⌫(y)

Fabian Sinz



LpFnested'symmetric'distribu-ons

[Sinz et al, NIPS 2009]

Fabian Sinz



Multi-layer ICA

Hierachical Models of Natural Images
Reshad Hosseini and Matthias Bethge

1Max Planck Institute for Biological Cybernetics,Tübingen

Background/Motivation

Results
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Conclusion

•The universal approximation property of the deep hierarchical architecture in the
first approach does not pay o↵ for the task of density estimation in case of natural
images.

•Finding e↵ective neural architechture (i.e. nonlinearity) is critical.

Method

Quantitative evaluation
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Background/Motivation

Results

1 3 5 7 9 11 13 15 17 19 21 23

10−4

10−3

10−2

10−1

#layers

!
 I 

[b
its

/p
ix

el
]

1 3 5 7 9 11 13 15 17 19 21 23
0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5

#layers

!
 I 

[b
its

/p
ix

el
]

 

 Lp radial factorization
Bio−inspired Approach
Multilayer ICA

Conclusion

•The universal approximation property of the deep hierarchical architecture in the
first approach does not pay o⇤ for the task of density estimation in case of natural
images.

•Finding e⇤ective neural architechture (i.e. nonlinearity) is critical.

Method

Quantitative evaluation

•Multi-information:

I [X1, ..., Xk] =
Pk

i=1 H(Xi) � H(X1:k)

•Averaged Log-loss measure:
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Theis, et al. (2011). In All Likelihood, Deep Belief Is Not Enough. JMLR 12, 3071-3096.

Quantitative model comparison
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Likelihood comparison
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MCGSM: a directed mixture of experts  
model of natural images

Key advantages: 1.) Built-in translation invariance 
!
2.) Model if you can and ignore if not

Lucas Theis



Seeing as a Turing Test

Mixture of conditional GSMs (MCGSM)
covariance  
class,label

scale 
class,label

Ga;ng:

Predic;on:

Theis et al, PLoS One, 2012.
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Synthesized images from the MCGSM
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class,“diagonal,upwards”
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Stacking MCGSMs?
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What information is encoded in the 
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What information is encoded in the 
class labels?



Multi-scale MCGSM

Theis et al (2012). PLoS ONE 7,7.

Lucas Theis



MCGSM MCGSM + multi-scale

MCGSM trained on natural images (van Hateren)

Theis et al (2012). Mixtures of Conditional Gaussian Scale Mixtures Applied to Multiscale Image 
Representations. PLoS ONE 7,7.



Unsupervised Learning      Likelihood
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Why care about likelihoods? What does it 
take to build useful image representations?



Why care about likelihoods? What does it 
take to build useful image representations?

Ultimately, we seek for universal image 
representations that are not overfit to specific 

tasks or datasets and thus robust under changing 
conditions.



Bag of features



• simplest example:  
sum over white pixels

Bag of features
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• simplest example:  
sum over white pixels

• classification of MNIST digits 
1 against 2 yields an average 
error rate of 6%

• highly invariant

• but not robust (relies on an 
epiphenomenon)

Bag of features



Bruna & Mallat, 2011 0.09%

MCGSM 0.29%

Broadhurst, 2005 0.78%

Crosier & Griffin, 2008 1.4%

Hayman et al., 2004 1.54%

Varma & Zisserman, 2009 1.97%

Zhang et al., 2006 4.7%

Dana et al., 1999

Texture Classification

Lucas Theis



Q✓(“missing pixels” | “known pixels”) =
Q✓(“all pixels”)
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Summary

Thanks!


