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Family of Cascade-correlation Learning Algorithm
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Abstract

The cascade-correlation (CC) learning algorithm of Fahlman and Lebiere is one of the most influential constructive
algorithm in a neural network. Cascading the hidden neurons results in a network that can represent very strong
nonlinearities. Although this power is in principle useful, it can be a disadvantage if such strong nonlinearity is not
required to solve the problem. 3 models are presented and compared empirically. All of them are based on variants of
the cascade architecture and output neurons weights training of the CC algorithm. Empirical results indicate the
followings : (1) In the pattern classification, the model that train only new hidden neuron to output layer connection
weights shows the best predictive ability; (2) In the function approximation, the model that removed input-output
connection and used sigmoid-linear activation function is better predictability than CasCor algorithm.
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« C implementation of the Cascade-Correlation learning algorithm, wfd

R. Scott Crowder, Il “lu
School of Computer Science *fJ

*  Written by:

Carnegie Mellon University sl
Pittsburgh, PA 15213-38%0 o

Phone: (412) 268-8139 wly
internet: rsc@cs.cmuedy o

/
/
!
I
/
/
/
+
/
4
/« This code has been placed in the public domain by the auther, As a matter of simple courtesy, — */u
I+ anyone using or adapting this code is expected to acknowledge the source, The author would like «/u
/% to hear about any attempts to use this system, successful or not. 2
/+ This cods is a port to C from tha original Common Lisp implementation written by Scott E. o
/» Fahlman, (Version dated June 1 1990) “{o
/+ For an explnation of this algorithm and soms results, see “The Cascade-Correlation Learning *{a
i+ Architecture” by Scott E, Fahlman and Christian Lebjere in D. S, Touretzky {ed.), “Advances in *y
+ Neural Information Processing Systems 2, Morgan Kaufmann, 1930, A somewhat longer version  +/u
/* is available as CMU Computer Scisnce Tech Report CMU-CS$-90-100. Instructions for Ftping *lu
/* this report are given at the end of this file, *u
/* An example of the network set up tfile is provided at the bottom of this file, =
/» This code has been successtully compiled on the following machines, “lu
! DEC Station 3100 using the MIPS compiler version 131 *a
/ Sun 4 using the gcc compﬂer version 123 */u

a3 3. ’é?ﬁ‘ﬂ] ey 22T o,
Fig. 3. Example of simulation program

l Wi
M [ ! 1‘1 o }
(a) Two- spirals (b} Mackey- Glass

a8 4. Agel A&d dlojH
Fig. 4. Simulated Data
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