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Neural Firing
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Multilayer Perceptrons
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Manifold of Multilayer Perceptrons
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Multilayer Stochastic Perceptrons
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Learning from examples
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Backpropagation ---gradient learningBackpropagationBackpropagation ---gradient learning ---gradient learning
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• Metrical structure

• Topological structure θθθθ





Geometry of singular modelGeometry of singular model
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Parameter Space S
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2  hidden-units
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Gaussian mixtureGaussian mixture
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Singular structure of  Gaussian mixture model
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Population Encoding
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• slow convergence----plateau---saddle

• local minima
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slow convergence : Plateaus

local minima

Boosting and Bagging

error



Steepest Direction ---Natural GradientSteepest Direction ---Natural Gradient
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Natural Gradient Learning :
         S. Amari ; H.Y. Park
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• Mackey-Glass time series prediction
–generation of time series

– input : 4 previous values ;

–output : 1 future value ;
– learning data : 500
– test data : 500
–Network Structure
   4 inputs  -- 10 hidden – 1 output

 x(t-18),x(t-12),x(t-6),x(t)

 x(t+6)
(t=200,…,700)

(t=5000,…,5500)



• Learning Curves of Mackey-Glass problem

OGL : Ordinary Gradient Descent (Backpropagation)
ANGL : Adaptive Natural Gradient Descent 



• Extended XOR problems
– 2 classes classification
– learning data : 1800
– test data : 900
– Network Structure
   2 inputs  -- 8 hidden – 1 output



• Learning Curves of Extended XOR problem

OGL : Ordinary Gradient Descent (Backpropagation)
SANGL : Adaptive Natural Gradient for Regression Model (Squared Error)
ANGL : Adaptive Natural Gradient for Classification Model (Cross Entropy Error)



• IRIS classification problem
– classify three different species of iris flower
– input : 4 attributes about the shape of the plant

         (4 input nodes)
– output: 3 classes of the flower (3 input nodes)
– learning data: 90 (30 for each class)
– test data: 60 (20 for each class)
– Network Structure
   4 inputs  -- 4 hidden – 3 outputs



• IRIS classification problem



An Error surface of Simple MLP







Random Gaussian Field (Cone Model)
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Learning Curves for Cone Model
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Singular structure of  Gaussian mixture model



Learning Trajectories for Gaussian Mixture Model



Learning Curves for Gaussian Mixture Model



Simple model 1.
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Regular statistical modelRegular statistical model
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Singular ModelsSingular Models

Gaussian mixture
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Learning, Estimation, and Model Selection
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