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How many animals?





Critical Features: System Identification

•“Determining the features of natural stimuli that are most useful for specific natural tasks is 
critical for understanding perceptual systems” (Geisler, Najemnik & Ing, Journal of Vision, 
2009, 9(13)17: 1-16.

•In neurophysiology, we want to determine what features of a stimulus make a neuron spike.

•In psychophyics, we want to find the features that determine the decisions of an observer.

•Approach: Reverse engineering an algorithm mimicking human behaviour—inverse machine 
learning!

•First: Demonstrate how regression techniques can be used to extract the features which are 
predictive of the decisions of human observers in a classification task.

•Second: Use non-linear kernel extension to find the features which are predictive of human 
fixation target selection in a free viewing task (visual saliency).

•Third: Show the importance of sparse regularization in a human auditory task.



Gender Categorization of Human Faces

•We eliminated “obvious” cues such as
mean and variance
size of faces
texture (i.e. facial hair)

•In what ways are (perceived) “female” faces different to 
“male” faces?

•Can we find statistical quantities that differentiate one class of 
images from the other class?

f : all images → R
f(image) > 0 if female
f(image) < 0 if male



• ω, the normal to the decision hyperplane, is 
called the decision image.

♂

♀
• We restrict ourselves to linear functions:

f(x) = ω�x + b

f(x) < 0

f(x) > 0

Linear Decision Rules



• ω, the normal to the decision hyperplane, is 
called the decision image.

♂

♀
• We restrict ourselves to linear functions:
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Linear Decision Rules



• ω, the normal to the decision hyperplane, is 
called the decision image.

♂

♀
• We restrict ourselves to linear functions:

f(x) = ω�x + b

P (female < 0.5)

P (female > 0.5)

• By modelling decision probabilities, we get 
additional information about the location of 
the boundary:
P (female|x) = g(f(x))

• ω is found by likelihood optimization: 
regularized logistic regression

Linear Decision Rules



Distribution of residuals
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How Good is the Prediction?
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Predictability and Reaction Times
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The Decision Images ω

Logistic regression Prototype classifier



Evaluating Decision Images with Optimized Stimuli

i. change quickly orthogonal to boundary.

ii.do not change within boundary.

•Recipe for generating optimized stimuli!

♂

♀

♂ ♀

Decision probabilities



Evaluating Decision Images with Optimized Stimuli

i. change quickly orthogonal to boundary.

ii.do not change within boundary.

•Recipe for generating optimized stimuli!
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Interim Conclusions (1)

•Machine learning techniques (CV, regularization) can be used to fit predictive models 
with minimal assumptions about the stimulus statistics.

•It is possible to predict response probabilities in classification tasks from stimulus 
features using natural images.

•Need to test whether extracted features go beyond rediscovering the class-structure of 
the stimulus!

•The obtained decision images can be used to generated optimized stimuli for 
subsequent experiments.

•While the methods used here were linear, the approach can be extended to nonlinear 
decision images using kernels. 



Scientific Question

•What is special about the local image structure at fixation points? 

•Does p(fixation) depend on local image statistics? (Bottom-up visual saliency)



Previous Work (1)

Center pixel “more different” to surrounding pixels
 in fixation patches (Reinagel & Zador, 1998)

Correlation coefficient of RMS and
model output: 0.69



•“The saccadic selection system avoids image regions which are dominated by a single 
oriented structure. Instead, it selects regions containing different orientations, like 
occlusions, corners, etc.” (Krieger et al., 2001)
Third order statistics, “energy distribution is more circular”:

Previous Work (2)



Previous Work (3)



Saliency Maps



Machine Learning Approach

Previously: Top-Down modeling approach developing “biologically inspired” models built 
using “neurophysiological-hardware” like Gabor filters, …

Many more or less ad-hoc choices have to be made, e.g. exact filter types, sizes, numbers, 
combination strategies, …

Machine Learning approach: construct a model from the data, i.e. …

i. Use a very general model class that does not “know” about the problem, but can adapt 
very well to a large class of problems.

ii. Numerically optimize (= learn) its parameters such that data is explained best.



Data Representation

For each data point (i=1...36,000), store local pixel values in a feature vector xi and 
associate a label yi=1/-1 (fixation/bg)

xi

xi+1



Background Examples

Generate background examples with same spatial distribution as fixations (Reinagel & 
Zador 1998).

      Fixations                                        Background



Machine Learning Method (1)

Overall strategy: make the model class as general as possible

The model is a radial basis function (RBF) network with one basis function centered on 
each training example. (“Nonparametric” as its complexity grows with the number of data 
points.) 

General? Universal approximation property, no preference for any image structure, no 
knowledge about shape or size of receptive fields.



Machine Learning Method (2)

We compute the weights (αi) using hinge loss + L2-regularizer (= SVM)—finding αi is 
convex, i.e. efficient and guaranteed to find the global optimum.

We use accuracy (0/1-loss function) to analyze our results—every misclassified image 
patch gets error “1”.

We find the design parameters λ, γ, and patch size d via exhaustive grid-search, using 
cross-validation estimates of accuracy—feasible, as problem only 3D (and you have access 
to Bernhard Schölkopf’s MPI Compute Cluster in Tübingen!).



Weights Patch size: d

Smoothness

Kernel bandwidth

>24,000 weights 
and
3 design parameters

2

Radial-Basis-Function Support Vector Machine (RBF-SVM)



f(x)
+

x1 x2 x3 x4 xm-3 xm-2 xm-1 xm
d=5.4

�=0.5

��=1.0 1.2 0.4 -0.8 2.1 -1.1 -2.3 0.7 0.5

RBF-SVM after Optimization (“Learning”)

Predicitivity (area under ROC): 0.64±0.010



Randomly Selected vs. Fixated Image Patches



Randomly Selected vs. Fixated Patches: PCA Basis



Randomly Selected vs. Fixated Patches: ICA Basis  
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Critical Control 1: Ground Truth Test



Critical Control 2: Generalization to Novel Data Set

ML-model:   0.62 ± 0.012 s.e.m.
Itti-Koch:     0.57 ± 0.020 s.e.m.

ML-model: 0.64 ± 0.010 s.e.m.
Itti-Koch:   0.62 ± 0.020 s.e.m.



Interim Conclusions (2)

•Bottom-up saliency can be inferred from data, without prior assumptions regarding the 
computational architecture. 

•The most relevant regularity in local image structure at fixation is a simple center-
surround configuration. (Biologically plausible but learned from the data not assumed!)

•Assembled into a small network with only four standard, linear receptive fields followed 
by a static nonlinearity and contrast gain-control, the prediction performance of the full 
RBF-SVM is obtained—this model is very simple compared to previously suggested ones.

•System identification via reverse-engineering a non-linear kernel machine!

•This analysis can be seen as an extended psychophysical receptive or perceptive field 
analysis, recovering perceptive field networks.

•Unlike classification images or the bubbles technique this method can be used under 
natural viewing conditions, i.e. no image distortion is needed (noise, “bubbles”).
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