
SA-1 

Spatiotemporal 
Integration in Recurrent 
Deep Neural Networks  

Sven Behnke  
  
University of  Bonn  
Computer Science Institute VI  
Autonomous Intelligent Systems  

 



Performance of the Human 
Visual System  
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Psychophysics  

Â Gestalt principles  
 
 
 
 
 

Â Heuristics  
 

Â Context  
 
 

Â Attention  
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Computer Vision  
Â Data driven  

 
 
 
 

Â Model driven  
 
 
 
 
 
 
 
  

Â Interface problem  

Vectorization Structural analysis Structural match Classification 

Image sequence: 

World model 

Position estimate 

Parameterized models: 
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Observations  

In the world around us it mostly holds 
that:  

ÂNeighboring things have something to 
do with each other  

ÂSpatially  

ÂTemporally  

ÂThere is hierarchical structure  

ÂObjects consist of parts  

ÂParts are composed of components, é 
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Spatial Arrangement of Facial Parts  

 

[ Perona ]  
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Face Perception  
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Horizontal and Vertical 
Dependencies  
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Multi - Scale Representation  

Â Image pyramids are not expressive enough  
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Increasing Number of Features 
with Decreasing Resolution  

ÂRich representations also in the higher layers  
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Modeling Horizontal 
Dependencies  

Â 1D: HMM, Kalman Filter, Particle Filter  
Â 2D: Markov Random Fields  
Â Decision for level of description problematic  
Â Ignores vertical dependencies, flat models do not scale  
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Modeling Vertical Dependencies  

Â Structure graphs, etc.  
Â Ignores horizontal dependencies  

13  Sven Behnke: Deep Learning for Visual Perception  



Horizontal and vertical 
Dependencies  

Â Problem: Cycles make exact inference impossible  
Â Idea: Use approximate inference  
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Ventral  
path  

Dorsal  
path  

Human Visual System  
Dorsal 

(parietal) 

path Ventral 

(temporal) 

path 

What? 

Where? 

LGN 

V1 

Orientation column 

Ocular dominance stripes 

Blob 
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[Kandel et al. 2000]  
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Visual Processing Hierarchy  
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[Krüger et al., TPAMI 2013]  

Â Increasing complexity  

Â Increasing invariance  

Â All connections bidirectional  

Â More feedback than feed forward  

Â Lateral connections important  
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Deep  Learning Definition  

ÂDeep learning is a set of algorithms in 
machine learning that attempt to learn 
layered models of inputs , commonly 
neural networks.  

Â The layers in such models correspond to 
distinct levels of concepts , where  

Â higher - level concepts are defined from lower -
level ones, and  

Â the same lower - level concepts can help to 
define many higher - level concepts.  
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[Bengio 2009]  
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Layered  Representations  
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[Schulz and Behnke, KI 2012]  



Flat vs. Deep  Networks  

Â A neural network with a single  
hidden layer  that is wide enough  
can compute any function  
(Cybenko , 1989)  

Â Certain functions, like parity, may require 
exponentially many hidden units (in the number 
of inputs)  

Â Compare to conjunctive / disjunctive normal form 
of Boolean function  

Â Deep networks (with multiple hidden 
layers) may be exponentially more efficient  

Â Parity example:  

ÅAs many hidden layers as inputs  

ÅCompute carry bit sequentially  
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Convolutional Models  

Â Neocognitron: Fukushima 1980 

 

 

 

 

 

Â Supervised training of convolutional networks: LeCun 1989 
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Feed - forward Models Cannot 
Explain Human Performance  

Â Performance increases with observation 
time  

 

HMAX  
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Feed Forward  

Â Connectivity without cycles  

Â Composition of simple functions  

Â A node can only by computed  
if its inputs are available  

Â Reuse of partial results  

Â Order of computation  
determined by directed  
connectivity  

 

Â Connectivity with cycles  

Â Explicit modeling of 
computation  
time necessary  

Â Computation needs one unit of 
time  

Â Input at time t yields output  
at time t+1  

Â Order of computation not any 
longer determined by 
connectivity  

vs. Recurrent  
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Hopfield - Networks  

Â Fully connected binary units 

Â Symmetric weights 

Â Non-linear dynamic system minimizes 

energy 

 

Stored patterns  Iterative denoising  

[Hopfield 1982]  
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Completion  of  Patterns  

ÂAssociative memory  

Stored   
patterns  

Pattern  
completion  
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Hopfield - Networks with  
Continous  Activation  

w21  = w 12 = -1  

w11  = w 22  = 1   
 

ȅ1 = 0.5  

ȅ2 = 0   
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Oszillation and Chaos  

Â Behavior  depends  on choice  of  parameters  

y = a 1x -  a2 x2  

x0 = 0.1 

   

a2 = 2.5  

a2 = 3.2  

a2 = 3.8  



Neural Abstraction Pyramid  

- Grouping  - Competition  - Completion 

- Data-driven 

- Analysis 

- Feature extraction 

- Model-driven 

- Synthesis 

- Feature expansion 

Signals 

Abstract features 

[Behnke, LNCS 2766, 2003]  
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Iterative Interpretation  

Â Interpret most obvious parts first  
 
 
 
 
 
 
 
 

ÂUse partial interpretation as context to resolve 
local ambiguities  
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[Behnke, LNCS 2766, 2003]  
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Local Recurrent Connectivity  
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Less abstract  Projections 

Output 

Processor element 

Layer  

Layer  

 Layer  

Forward projection  

Lateral projection  Backward projection  
Hyper column  

Cell  
Feature map  

More abstract  

Hyper neighborhood  

[Behnke, LNCS 2766, 2003]  
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Contrast Normalization  
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Binarization of Handwriting  

240 x 96 x 2 120 x 48 x 4 60 x 24 x 8 

Edges Lines 

inhibitory 

excitatory 

Input 

Output 

Iterative  

refinement: 

[IJCNNô98] 
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Inverse of forward projection from Lines 

Inverse of forward projection from Edges 

Input: 

Lateral: 

Backw.: 

F: 

L: 

B: 

L: 

F: 

Original: 

Thresholded: 

Iterative 

Binarization: 
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Creating Shift Invariance  
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33  
Sven Behnke: Spatiotemporal Integration in Recurrent Deep Neural Networks  



Learning a Feature Hierarchy  

Step edges 

16x16 x 8 32x32 x 4 8x8 x 16 

Lines 

4x4 x 32 

Curves 

1x1 x 128 

Digits 

2x2 x 64 

Parts 

[Behnke, IJCNNô99] 
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Backpropagation Through Time  (BPTT)  

ÂUnfolding along time axis -> deep network  

ÂWeight -sharing -> Average updates  
 
 
 
 
 
 
 

Â  
 

t=1  

t=2  

t=4  

t=3  



Superresolution  

Output 

64x64 Input 

16x16 

Input Target Output 
Input Output 

[Behnke, IJCAIô01] 
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Digit Reconstruction  

Input 
Output 

Target 

Degradation 

! 

Input 
Output 

Target 

[Behnke, IJCAIô01] 
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Digit Reconstruction  

Degradation 

! 

1           2           4           7         11         16 

Input Output 
Target 

1           2           4           7         11         16 

[Behnke, IJCAIô01] 
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Binarization of Matrix Codes  

Original Degraded 

Target 
! 
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[Behnke, ICANN 2003]  

Output 

Hidden 
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Continous  Attractor  

Â Local  excitation  and global inhibition  

Â Stable  activity  blobs  can  be shifted  
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Face Localization  

Â BioID data set:  

Â 1521 images 

Â 23 persons 

 

 

 

Â Encode eye 

positions with 

blobs 
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Right 

 eye 

Left 

 eye 

48 x 36 

24 x 18 

12 x 9 

384 x 288 

[Behnke, KESô03] 
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Face Localization  
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Output 

Input 

Left eye 

Right eye 

Output 

[Behnke, KESô03] 



Auto - Encoder  

Â Try to push input through 
a bottleneck  
 

Â Activities of hidden units 
form an efficient code  

Â There is no space for 
redundancy in the 
bottleneck  
 

Â Extracts frequently 
independent features  
(factorial code)  
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Input vector 

Output vector 

Code 

Desired Output = Input 



Deep Autoencoders  
(Hinton & Salakhutdinov, 2006)  

Â Multi - layer autoencoders for 
non- linear dimensionality 
reduction  

Â Difficult to optimize deep 
autoencoders using 
backpropagation  

Â Greedy, layer wise training  

Â Unrolling  

Â Supervised fine - tuning  
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30   

1000  neurons 

28x28 

28x28 

linear 

units 



entirely 

unsupervised 

except for the 

colors 

MNIST Digits  
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GPU Implementations (CUDA)  

Â Affordable parallel computers  

ÂGeneral -purpose programming  

ÂConvolutional  
 
 

 
 
 

Â Local connectivity  
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[Scherer & Behnke, 2009]  

[ Uetz  & Behnke, 2009]  
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Image Categorization: NORB  

Â 10 categories, jittered -cluttered  

 

 
 

 

 

Â Max - Pooling , cross -entropy training  

 

 
 

Â Test error: 5,6% (LeNet7: 7.8%)  

 

 

[Scherer, M¿ller, Behnke, ICANNô10] 
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Image Categorization: LabelMe  

Â 50,000 color images (256x256)  

Â 12 classes + clutter (50 %)  
 
 
 
 
 
 
 

Â Error TRN: 3.77%;  TST: 16.27%  

ÂRecall: 1,356 images/s  
[ Uetz , Behnke, ICIS2009]  
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Multi - Column Deep 
Convolutional Networks  

Â Different preprocessings  

Â Trained with distortions  

Â Bagging deep networks  
 
 
 
 
 
 

Â MNIST: 0.23%  

Â NORB: 2.7%  

Â CIFAR10: 11.2%  

Â Traffic signs: 0.54% test error  
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[ Ciresan  et al. CVPR 2012]  
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