Sensitivity Analysis
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Sensitivity Analysis

Problem of Multi-Layer Perceptrons:

e The knowledge that is learned by a neural network
is encoded in matrices/vectors of real-valued numbers and
is therefore often difficult to understand or to extract.

e (Geometric interpretation or other forms of intuitive understanding are possible
only for very simple networks, but fail for complex practical problems.

e Thus a neural network is often effectively a black box,
that computes its output, though in a mathematically precise way,
in a way that is very difficult to understand and to interpret.

Idea of Sensitivity Analysis:

e Try to find out to which inputs the output(s) react(s) most sensitively.

e This may also give hints which inputs are not needed and may be discarded.
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Sensitivity Analysis

Question: How important are different inputs to the network?

Idea: Determine change of output relative to change of input.

(1)
Vu € Uy, : s(u) = w.

2. 2

|Lﬁxed‘ ZELﬁ ed UeUOU.t (9 eXtu

Formal derivation: Apply chain rule.

Jouty Ooutydouty  Oouty dnety 0 outy,

Oext, Ooutydexty  Onetydoutyexty

Simplification: Assume that the output function is the identity:.

0 outy,
0 exty,

= 1.
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Sensitivity Analysis

For the second factor we get the general result:

J nety, 0 d outy
— Z va Outp — Z va .
Jdout, Oouty pepred(v) peprod(v) 0 outy,
This leads to the recursion formula
Jdouty Ooutydnet,  0outy d outy
Douty  Onetydouty O net > wip O outy,
u v u (Y pEpred(U) U
However, for the first hidden layer we get
d nety, dout,  Oouty
= Wy, therefore — VU

= w
0 outy, Jout,  Onety

This formula marks the start of the recursion.
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Sensitivity Analysis

Consider as usual the special case with

e output function is the identity;,

e activation function is logistic.

The recursion formula 1s in this case

0 outy 0 outy,

— outy(1 — out el )
J outy, outy(1 — outy) Z vaﬁoutu

pepred(v)

and the anchor of the recursion is

0 outy
0 outy,

= outy(1 — outy)wyy.
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Sensitivity Analysis

Attention: Use weight decay to stabilize the training results!

Auw(t) = =3 Viwe(t) - Ew(t),

e Without weight decay the results of a sensitivity analysis
can depend (strongly) on the (random) initialization of the network.

Example: Iris data, 1 hidden layer, 3 hidden neurons, 1000 epochs

attribute

£=0

¢ = 0.0001

sepal length | 0.0216
sepal width | 0.0423
petal length | 0.1789
petal width | 0.2017

0.0399 0.0232
0.0341 0.0460
0.2569 0.1974
0.1356 0.2198

0.0515
0.0447
0.2805
0.1325

0.0367
0.0385
0.2048
0.2020

0.0325 0.0351
0.0376 0.0421
0.1928 0.1838
0.1962 0.1750

0.0395
0.0425
0.1861
0.1743
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Demonstration Software: xmlp/wmlp

File Actions Settings Help 0 File Actions Settings Help 0

@E E.532

-7.356

-6.881

@/ 7.873

Demonstration of multi-layer perceptron training:
e Visualization of the training process
e Biimplication and Exclusive Or, two continuous functions

e http://www.borgelt.net/mlpd.html
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Multi-Layer Perceptron Software: mlp/mlpgui

Multilayer Perceptron Tuuls__ )

( Format | Domains [ Neurons | Patterr |+

Multilayer Perceptron Tuuls -

Multilayer Perceptron Tu-uls__ Y

Execution |/Sensiti\riw About 1

Hidden neurons (ayer 1) 2

Hidden neurons dayer 2:

Hidden neurons (ayer 3

A multilayer perceptron conzists of an input layer,
an autput layer, and optianal hidden layers.

The number of input and output neurons is determined
from the data types of the input attributes and the target
as they are specified in the domains file.

The numbers of hidden neurons must be specified abowve.
If no number of hidden nedrons is specified for a layer,
the carrespanding layer is not added to the netwark.

Seed for random numbers: | |
If nowalue is given, the current time is used as a seed.

Params 1 |/Param52 Training | Exec 4|

Domains file: | Select | Edit |

naoname. dom |
The domains file may also be a netwark file containing the
descriptiaon of an already trained network. In this case the

training af this netwark is continued (ho reinitialization).

Target attribute: | |

If ho target attribute is specified, the one listed last inthe
domains file is used. The type of the target attribute and
thus the netwark type is determined from the domains file,

Multilayer Perceptron Tools
A osimple user interface for the MLP programs.

YWersion 1.1, 2007.07.05

written by Christian Borgelt
Eurapean Center far 5oft Computing
o/ Gonzalo Qutierrez QUirds s/n
33600 Mieres, Asturias, Spain
christian borgelt@softcomputing.es

This program is free software;

woul can redistribute it and/or modify it under

the terms of the QMU Lesser General Public License
as published by the Free Software Foundation.

This pragram is distributed in the hope that

it will be useful, but WITHOUT ANY WARRAMTY;

without even the implied warranty of MERCHANTABILITY
of FITHESS FOR A PARTICULAR PURPOSE. See the

GNU Lesser General Public License far mare details.

Execute || Close

Multilayer Perceptron Tools

Training data file: | Select | Yiew
[nonarme.tab |
Output network file: Select View |
[monarne. migp |
| Execute | Close

Multilawer Perceptron Tools

| Execute H Close

mMultilayer Ferceptron Tools

Software for training general multi-layer perceptrons:

e Command line version written in C, fast training

e Graphical user interface in Java, easy to use

e http://www.borgelt.net/mlp.html
http://www.borgelt.net/mlpgui.html
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