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Reading: 
•  Neural nets: Mitchell chapter 4 

Artificial Neural Networks to learn f: X  Y 

•  f might be non-linear function 
•  X (vector of) continuous and/or discrete vars 
•  Y (vector of) continuous and/or discrete vars 

•  Represent f by network of logistic units 
•  Each unit is a logistic function 

•  MLE: train weights of all units to minimize sum of squared 
errors of predicted network outputs 
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ALVINN 
[Pomerleau 1993] 
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•  Consider regression problem f:XY , for scalar Y 
y = f(x) + ε
 assume noise N(0,σε), iid 

deterministic 

M(C)LE Training for Neural Networks 

Learned 
neural network 

•  Let’s maximize the conditional data likelihood 

•  Consider regression problem f:XY , for scalar Y 
y = f(x) + ε
 noise N(0,σε) 

deterministic 

MAP Training for Neural Networks 

 Gaussian P(W) = N(0,σΙ) 

ln P(W)  ↔ c ∑i wi
2 
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from 
previous 

lecture on 
linear 

regression 
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xd = input 

td = target output 

od = observed unit 
output 

wi = weight i 
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xd = input 

td = target output 

od = observed unit 
output 

wij = wt from i to j 

(MLE) 
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Dealing with Overfitting 

Our learning algorithm involves a parameter  
 n=number of gradient descent iterations 

How do we choose n to optimize future error?  
(note: similar issue for logistic regression, decision trees, …) 

e.g. the n that minimizes error rate of neural net over future data 
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Dealing with Overfitting 

Our learning algorithm involves a parameter  
 n=number of gradient descent iterations 

How do we choose n to optimize future error?  

•  Separate available data into training and validation set 
•  Use training to perform gradient descent 
•  n  number of iterations that optimizes validation set error 

 gives unbiased estimate of optimal n 
    (but a biased estimate of future error) 

K-Fold Cross Validation 

Idea: train multiple times, leaving out a disjoint subset of data 
each time for validation.  Average the validation set 
accuracies. 

________________________________________________ 
Partition data into K disjoint subsets 
For k=1 to K 

 validationData = kth subset 
     h  classifier trained on all data except for validationData 

 accuracy(k) = accuracy of h on validationData 
end 
FinalAccuracy = mean of the K recorded accuracies 
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Leave-One-Out Cross Validation 

This is just k-fold cross validation leaving out one example each 
iteration 

________________________________________________ 
Partition data into K disjoint subsets, each containing one example 
For k=1 to K 

 validationData = kth subset 
     h  classifier trained on all data except for validationData 

 accuracy(k) = accuracy of h on validationData 
end 
FinalAccuracy = mean of the K recorded accuracies 

Dealing with Overfitting 

Our learning algorithm involves a parameter  
 n=number of gradient descent iterations 

How do we choose n to optimize future error?  

•  Separate available data into training and validation set 
•  Use training to perform gradient descent 
•  n  number of iterations that optimizes validation set error 

 gives unbiased estimate of optimal n 

How can we estimate the true error rate of the network 
trained with this choice of n? 
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Dealing with Overfitting 

n=number of gradient descent iterations 
Choosing n and obtaining unbiased est. of resulting true error: 

•  Separate available data into training, validation and test set 
•  Use training and validation sets to choose n 
•  Then use test set to obtain independent, unbiased estimate of 

the resulting true error rate 
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2

Original MLE error fn. 
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w0 
left strt right up 

Semantic Memory Model Based on ANN’s 
[McClelland & Rogers, Nature 

2003] 

No hierarchy given.  

Train with assertions, 
e.g., Can(Canary,Fly) 
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Humans act as though they have a hierarchical memory 
organization 

1.  Victims of Semantic Dementia progressively lose knowledge of objects 
 But they lose specific details first, general properties later, suggesting 
hierarchical memory organization 
   

Thing 
Living 

Animal Plant 

NonLiving 

Bird Fish 

Canary 

2. Children appear to learn general 
categories and properties first, 
following the same hierarchy, top 
down*.    

* some debate remains on this.


Question: What learning mechanism could produce this 
emergent hierarchy? 

Memory deterioration follows semantic hierarchy 
[McClelland & Rogers, Nature 2003] 
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ANN Also Models Progressive Deterioration  
[McClelland & Rogers, Nature 

2003] 

average effect of noise in inputs to hidden layers 
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Training Networks on Time Series 

•  Suppose we want to predict next state of world 
–  and it depends on history of unknown length 
–  e.g., robot with forward-facing sensors trying to predict next 

sensor reading as it moves and turns 

Training Networks on Time Series 

•  Suppose we want to predict next state of world 
–  and it depends on history of unknown length 
–  e.g., robot with forward-facing sensors trying to predict next 

sensor reading as it moves and turns 

•  Idea: use hidden layer in network to capture state history 
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Training Networks on Time Series 

How can we train recurrent net?? 

Training Networks on Time Series 

•  Training recurrent networks by unfolding in time is not 
very reliable 

•  Newer idea  
–  randomly create a fixed (untrained) recurrent network 
–  then train a classifier whose input is the network internal state, 

output is whatever you wish 
–  suggested [Maas, et al., 2001] as model of cortical microcolumns 
–  “liquid state” or “echo state” analogy to water reservoir  

–  NIPS 2007 Workshop on Liquid State Machines and Echo 
State Networks 
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Example: LSM classifying MEG time series 

•  Classify reading Vegetable words (e.g., corn) vs Body parts (e.g., arm) 
•  Input: 50 Hz, 100 fixed recurrent nodes in ‘reservoir’, train only outputs 

[courtesy D. Pommerleau] 

•  Vegetable_out – Bodypart_out  (green) 
•  Actual word type (blue) 

42 

Correct: 8/9 test cases 

[courtesy D. Pommerleau] 
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  An Analog Implementation 

         Transparent water tank on overhead projector 

Inputs: 8 motor-driven plungers (4 per side) 
Reservoir output: image projected by overhead 

projector, captured by camera at 5 frames/second  
LSM output: sum of outputs from 50 perceptrons trained 

to classify camera image 

[Fernando&Sojakka, 2003] 

Speech recognition: words “one” vs. “zero” 

inputs to liquid state machine: 

each motor a diff freq. band, updated every 500 msec 

[Fernando&Sojakka, 2003] 

4 “zero”s  
4 “one”s 
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Speech recognition: “zero” vs. “one” 
[Fernando&Sojakka, 2003] 

learned weights for linear 
classifier of output image 

typical output images 

An Analog Implementation [Fernando&Sojakka, 2003] 

Classifying individual output images (5/second, 20/word): 

- training set: 2% error,    test set: 35% error 

test set 
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Artificial Neural Networks: Summary 

•  Highly non-linear regression/classification 
•  Vector-valued inputs and outputs 
•  Potentially millions of parameters to estimate 
•  Hidden layers learn intermediate representations 
•  Actively used to model distributed computation in brain 

•  Gradient descent, local minima problems 
•  Overfitting and how to deal with it 

•  Many extensions  


