Multilayer Perceptron Neural Network
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Example - Using fat & salt content to

predict consumer acceptance of cheese
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Figure 11.2: Neural network for the tiny example. Circles represent nodes, w; ; on arrows
are weights, and ¢; are node bias values.

- /




Example - Training Data

Obs.  Fat Score  Salt Score  Acceptance

I 0.2 0.9 1
2 0.1 0.1 0
3 0.2 0.4 0
4 0.2 0.5 0
S 0.4 0.5 1
6 0.3 0.8 1
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Figure 5.5 Geomestrical view of the error function F{w) as
a surface sitting over weight space. Point w4 is
a local minimum and w gz is the global minimum.
At any point w, the local gradient of the error
surface is given by the vector VE,
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Gradient Descent on MLP
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Gradient Descent on MLP
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* Meaning of §
+ How to compute the § of hidden/inner neuron j ?
* Repeat of Forward phase and backward phase
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Online vs offline  E=1i@-y)’
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e online learning (cf. batch)

e See one training data, change w, see another and
change w, etc.

e “Stochastic” Gradient descent (or SGD)
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Synaptic weight
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A 8k Overfitting

e With sufficient hidden nodes and training iterations,
neural net can easily overfit the data
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Avoiding Overfitting & 21 | A

1. Too many hidden nodes (220| U =&)
Limit complexity of network
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FIGURE 6.15. The error per pattern for networks fully trained but differing in the num-
bers of hidden units, my. Each 2 — ny — 1 network with bias was trained with 90 two-
dimensional patterns from each of two categories, sampled from a mixture of three
Gaussians. and thus n = 180. The minimum of the test error occurs for networks in the
range 4 = ny < 5, i.e., the range of weights 17 to 21. This illustrates the rule of thumb
that choosing networks with roughly n/10 weights often gives low test error.




Avoiding Overfitting

1. Too long training (22 2| S & T E 100% AtE)
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Figure 5.12 An illustration of the behaviour of training set error (left) and validation set error (right) during a
typical training session, as a function of the iteration step, for the sinusoidal data set. The goal of achieving
the best generalization perfoarmance suggests that training should be stopped at the point shown by the vertical
dashed lines, corresponding to the minimum of the validation sat error.
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e Single layer perceptron
e Radial basis function networks
e Probabilistic neural network
e Recurrent network
e HuA S5 0EZA 2EE2
e Self Organizing Map network
e Hopfield network , Boltzmann Machine
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Signif- Factor Nermal Update NN
icance level Range freque-ncy con-
(%) trol-
ler
19.9 Hot zone properties (height) | 180+5cm 1 min
12.9 Windbox temperature profile | 400+20°C 1 min O
12.4 Bed height 550-10mm | constant
8.7 Quick lime ratio 1.540.2% 10 days O
8.2 Main Blower air pressure 1525+25 1 min O
mmH,0
6.3 Main Blower power 2.9MW+ 1 min O
0.1IMW
6.1 Coke size 1.40mm= 10 days
0.2mm
5.9 Sl 91+0.5% 4 hours
5.2 Return fine ratio 13+2 % 10 days
3.7 Screening ratio 17.5+2.5% | 10 days
35 Blending material 6.0+0.3% | 1 min O
moisture
2.3 Coke ratio 3.710.1% 10 days
2.3 Feeding density 1.955+0.05t | 2 ~ 3 days
on/m?
1.2 RDI 33.2+2.0% | 8 hours
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Test Result - stand #5
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FIGURE 6.30 General structure of the optical character recognition (OCR) network.
(From E. Sackinger et al., 1992a, with permission of I[EEE.)
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FIGURE 6.31 Example for the states of the OCR network with a number four as input.
(From E. Sackinger et al., 1992a, with permission of IEEE.)
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