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ABSTRACT 

Two learning algorithms are described to train KSIM socioeconomic models. The 

algorithms are used to train KSIM cross-impact matrices from initially random weights to 

final values producing a model that will closely fit a given time series. The time series 

can be obtained by integrating a KSIM model or by using raw data from other sources. 

The technique can accommodate training of selected weights leaving preassigned weights 

unchanged, or training the entire matrix. 

KSIM modeling previously relied on insight, intuition or knowledge of KSIM 

modeling to find suitable parameters. The training algorithms provide an organized 

approach to the minimization of a suitable cost function. At the same time, any system 

knowledge can be incorporated into initial conditions with learning performed around 

solid physical foundations. 

The method and learning rules provide tools for the KSIM modeler which can 

assist in the determination of appropriate cross-impact matrices for systems analysis. 
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CHAPTER I 

INTRODUCTION 

Many techniques are currently in use to determine and predict the behavior of 

multivariate systems. Examples are neural networks, linear regression, KSIM models [1], 

Lotka-Volterra equations [2], and Forrester's system dynamics models [3]. While some 

are quite complex and inflexible, others are simpler and easily modified. Although the 

comparative accuracy of the simpler algorithms is less than that of their complex 

counterparts, when a qualitative understanding of the system dynamics is the primary 

concern, the use of a less complex algorithm is often justified. 

One of these algorithms, KSIM, is simple enough to be used by investigators with 

a variety of backgrounds. It has been used for the analysis of ecological and 

socioeconomic systems. 

The purpose of KSIM is to determine the properties of a system, based on 

assumed or known causal relationships between system quantities. By creating a 

cross-impact matrix of causal links, or interactions [4], and performing a numerical 

integration, a model of the system dynamics can be obtained. 

The usefulness of the KSIM algorithm has been demonstrated by policy-makers 

[5] and by the continued research being done in this field [6]. Examples ofKSIM 

models used for policy formulation can be found in Julius Kane's work on health care 
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delivery [7], transportation systems [1], water resource management [8] and by Holling 

[ 5] in a study on the economic growth of an Austrian village. 

Since data is often available, or might be obtained for a system of interest, a test 

of validity of any predictive algorithm would be to determine if a causal matrix could be 

recovered from raw data. Finding such a matrix by trial and error is generally difficult. 

In addition, most algorithms do not clearly display the causal links used to create the 

model, because the parameters are not presented in a concise matrix form. 

The causal matrix structure of KSIM creates an opportunity to explore the 

algorithm through some training techniques based on those of neural networks. 

It is possible to apply training algorithms based on gradient descent weight 

correction to a KSIM model. The resulting algorithm then trains a KSIM matrix to model 

time series data. Possible uses of this technique are elaborated on herein. 
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CHAPTER II 

DESCRIPTION OF THE KSIM ALGORITHM 

The KSIM algorithm is an iterative calculation. It is composed of simple 

mathematical relations (addition, multiplication and natural logarithms). The algorithm 

itself does not require a user to understand how to analytically solve differential 

equations. The following model properties are from Kane [1]. 

(1) The growth and decay of variables are logistic. They are self-limiting at 

both the lower and upper thresholds, formed by the open interval (0, 1 ). The limiting of 

the variables to values between zero and one is based on the bounded nature of most real 

world variables. Any bounded range can be mapped through an appropriate function into 

the range (0, 1 ). The user must appreciate the maximum and minimum values a state 

variable can attain to model catastrophic events. 

(2) The net impact of the other variables affecting a variable of interest will 

determine whether the value of the effected variable increases or decreases. 

(3) A variable's value will change less, approaching zero, as the variable 

comes closer to the upper or lower bound. This behavior is an example of sigmoidal 

growth. It is seen frequently in natural processes where physical limits on growth are in 

effect. Examples are: populations in a closed region, systems with finite, constant 

supplies of some parameter. 
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It has been proposed [9] that this resistance to change at the extremes of the range 

is due to structure organization at the beginning of growth, and saturation of the growth 

system at the end. One name coined for this type of s-shaped transition is the 

evolutionary step [9]. 

The KSIM modulation function produces a growth curve with this general shape 

that is similar to other commonly used growth functions including: logistic saturation, 

Gompertz growth model and the ecological growth function [9]. Variables that grow 

larger produce greater impacts on the total system, all other factors being equal. The 

KSIM algorithm is represented by the following set of relations and equations : 

Let 0 < x;(t) < 1; for all i= 1, 2, ... ,Nand all t 2: 0. be the descriptive system 

variables, 

then x;(t + llt) = x;(t)P; where p;(t) is given b 

N 
1 + ~ L <la!il-aij)XJ 

}=1 
p;(t) = -~N---

1 + ~ L <la!il+aij)Xj 
}=1 

and perhaps more clearly, 

1 + !lt lsum of negative impacts on X; I 

p;(t) = 1 + !l.t lsum of positive impacts on X; I · 
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The resulting differential equations for which the above equations describe a solution (for 

small ~t) is given equation (1). 

Note that equation (1) is the form of the KSIM algorithm used in the balance of 

this study: 

(1) 
dx N 
d/ = - Xi ln Xi ~ a ij Xj . 

j=l 

2.1 Past Research Of Ksim 

KSIM has been examined and extended by Burns and Marcy [4] in 1979. The 

topic of this research was a comparison of two techniques: Kane's KSIM and Forrester's 

system dynamics. The authors showed that the linear Forrester system dynamics model 

[3] could be transformed into a KSIM model and that a KSIM model (with certain 

restrictions on self loops and other factors) could be represented by a linear Forrester 

system dynamics model. 

The work of Bums and Marcy was examined in 1989 by Mohapatra and 

Vizayakumar [6]. This critique questions the correctness of the KSIM algorithm when 

certain conditions exist, and debates some assumptions about model construction. 
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2.2 Descriptions Of Causal Relations And Systems 

The philosophical nature of causality will be largely bypassed in favor of a more 

useful description of causality and causally related systems for this research. 

Given a system of n interacting objects, such that the system is so complete as to 

include all relevant quantities, causality can be defined as follows: 

A change in the state of object j produces (causes) effects in objects 

i ( i = J ... n) in proportion to some interaction function flj,i). 

The functions fG,i) for this study contain a constant which represents a causal link 

between objects j and i. 
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CHAPTER III 

THE PROBLEM 

KSIM models continue to be used by policy makers and those interested in the 

exploration of the dynamics of systems. This is due primarily to the ease with which 

these models can be approached. The risk inherent in this situation is that misleading and 

perhaps outright erroneous conclusions may be reached through inadequate 

understanding of the modeling requirements of KSIM. The repetitive application of 

different parameters to obtain a set of curves that "matches" observed data can obfuscate 

the analysis process and lead to unfounded conclusions about causality. 

By using an "actual data" training algorithm to provide a parameter matrix that 

fits the data curves, the user will be supplied a well fitting structure from which to 

continue with the analysis and what-if study desired. From this starting point, knowledge 

of the system can be applied to the initial structure to perhaps obtain a more causally 

coherent model. 
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CHAPTER IV 

TRAINING THE KSIM MODEL 

4. 1 The OMB 1 Trainin~ Al~orithm 

Based on the simplest gradient descent principles [10] frequently seen in neural 

network algorithms, a single-pass learning rule is proposed to train a KSIM cross-impact 

model. Training in this context is meant to express that a cost function is minimized 

through an iterative procedure adjusting the cross-impact matrix elements, i.e., the ail's. 

A training rule then, is a procedure to adjust the weights. This algorithm is described by 

the equations: 

11aiJ = 11 x (x;- d;) x; ln(x;) x1 i,j = 1 ... n, 

where eta is an adjustable parameter referred to as the learning rate, ~ is the desired 

output, xi is the value of the i'th variable and xj is the value of the j'th variable. It is 

useful, as will be seen in the following discussion, to think of the variables as being 

represented by a node in a network such that the elements of the a matrix are the 

interaction weights of the network. That is a iJ is the connection strength of the 

connection from xj to xi. xi is represented by the i'th node. A variable that is affected by 

other variables has connections from those nodes to it. 
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4.2 Usin~ The OMBI Trainin~ Al~orithm 

KSIM models require that the set of differential equations in equation (1) be 

integrated over the number of steps desired at the assigned step size. The training rule 

can be added to the end of the integration routine. The integration routine and the 

training rule are then placed within an update loop structure that evaluates an error 

function of the desired values versus the current values for all data points xi (t). As the 

weights are updated, the global error decreases until, after a number of passes through the 

update loop, the error is relatively small. Initially, the matrix to be trained is filled with 

small random values in the range ( -0.05 , 0.05). The initial values of the time series must 

also be supplied. 

Three examples are shown of trained KSIM cross-impact matrices, obtained by 

exercising the training algorithm. The initial data is calculated by the integration of 

simple KSIM matrices. The Runge-Kutta fourth-order integration method is used to 

integrate the differential equations. The values of the time series are shown along with 

the associated weights before and after training. 

Figure 4.1 shows the training results corresponding to a set of data generated by 

integrating the KSIM equations with the impact matrix as the identity matrix. The initial 

values of the xi's were assigned x1 = 0.1, x2 = 0.3, x3 = 0.5. Note that the final set of 

curves and the priming data curves are superimposed, i.e., the two sets of curves are 
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indistinguishable at this resolution (the average error per point is 9 x I o-s ). The time 

series xlt) before training are almost constant. 

Notice that the final weight matrix values (Table 4.1) are slightly different than 

those in the priming matrix. With continued training this difference will become smaller, 

though the training time may be prohibitive. Adequate training is important, early phases 

of training usually produce time series that closely match the priming series; however, the 

training matrix values at this point can be quite different from the priming matrix. 

Additionally, the achieved results are a function of the initial weight assignments. As 

with all gradient descent algorithms, getting stuck in local minima is a hazard. It is 

necessary to try a number of different initial weight matrices to achieve good results. 

Figure 4.2 shows the relationship between total error and the training weights 

versus the number of epochs required to train the matrix. By examining the error (shown 

by a thick line), it can be seen that while the error difference between the black vertical 

line and the rightmost edge of the graph is small, the weight difference (w[2][3], w[2][2]) 

is great. 

Figure 4.3 shows another set of data generated by the integration of a KSIM 

model with some interesting dynamics, along with the data generated by the trained 

model. This model displays both positive and negative slope values for the time series 

with x(to)= 0.3. The nearly constant valued lines are the time series produced by the 
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initial weights, while the trained weights output is overlaid on the priming matrix time 

series. The weight matrix values are shown in Table 4.2. 

4.3 Systems OfHi~her Dimension 

To show that the OMB 1 method is effective for a larger dimensioned problem, a 

sample six-variable matrix is shown in Figure 4.4 This model shows both positive and 

negative growth time series. The weight matrix values are shown in Table 4.3. 

For another example of a larger dimension problem we obtain one of the cases 

found in Kane's original work [1]. An interaction matrix is described for a public/private 

transportation system model which is intended to show the effect of excessive taxation on 

automobile use. For this example the descriptive system variables represent the named 

quantities shown in Table 4.4. The example from Kane uses a system variable labeled 

"outside world." This variable was set to a constant~ = 1.0 to account for the impact of 

this unchanging value. The values from Kane's original matrix are shown in Table 4.5 

along with the weight values produced during training. Figure 4.5 shows the data 

generated by integrating the KSIM equations using the weight matrix values in 

Table 4.5. As can be seen, the differences between the two curves for a given variable are 

very difficult to distinguish. The average error per point is 9.9 x 10-5 
• The trained 

weight values are significantly different than the original weight values. This indicates 

that alternate weight matrices can produce very similar associated time series. 
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4.4 OMB 1 Leamin~ A~ajnst Raw Data 

As an example of the OMB 1 learning method being applied to raw data, a simple 

set of Lotka-Volterra differential equations is analyzed. The set of differential equations 

is as follows: 

This set of differential equations was chosen due to the rich dynamics which can 

be exhibited [11]. To generate a time series using the differential equations, the usual 

integration is performed and the data at each time step is collected. Since the domain of 

the x1 and x2 values is greater than (0,1), the data must be scaled to fit into this interval 

(that ofKSIM variables). 

For the example shown in Table 4.6 and Figure 4.6, starting values of 

x1 = 0.165, x2 = 0.165 and x3 = 1.0 were used. The values ofthe parameters ofthe 

differential equations were A=l.O, B=0.5, C=l.O and D=l.O. 

The training was performed on a matrix of small random values using the data 

from the differential equations scaled to KSIM space. No priming matrix is required for 

this type of training. 

Figure 4.6 shows the raw data values as dashed lines and the trained data curves 

as solid lines. Note that the OMB 1 training rule was unable to completely match the 
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original data, the average error per point is 0.053. This is perhaps due to the limits 

imposed by the structure of the KSIM algorithm itself, i.e., the -xiln(xi) modulation 

function. 

4.5 The OMB2 Advanced Trainin~ Al~orithm 

A second, more powerful algorithm is proposed. The technique derivation is 

m 
based on the minimization of a global cost function, i.e., E = f! L (x; - x;) 2 dt . 

to i=l 

Consequently, the weight derivatives are found with respect to the cost function which is 

a function of the error over the total path of available data. The network of n nodes is 

assumed to be fully connected, and nodes I. .. m are output nodes and nodes m+ 1.. .n are 

not (see Figure 4.7). Only the output nodes are used to determine the error function. The 

method uses functional minimization via the method of Lagrange undetermined 

multipliers [12] to achieve training through weight adjustment. 

The resulting equations are presented, one for the system variables xi in a forward 

integration, and one for the undetermined multipliers 1Ij found in a backward integration. 

The backward integration results because the "initial" conditions for the 1Ij differential 

equations are known only at the end of the time range C1tinai)· Note that the differential 

equations for the undetermined multipliers are linear differential equations and are the 

adjoint equations to the linearized forward differential equations. 

13 



The learning rule and its derivation are very similar to one developed by 

Pearlmutter [ 13] for a time-dependent recurrent backpropagation neural network and is as 

follows: 

The KSIM equations with the unknown weight matrix au are 

x; = -x; ln (x;) (L au x1), i = l ... n. 

We define a function G(x;,x;, u;, au), i,j = l. .. n such that 

wheree;=X;-d;for i= l ... mand e;=Ofor i=m+l ... n. 

For i = l ... m the x;(t)1 s are identified as output nodes 

and the nodes i = m + 1 .. . n are not. 

Here the u;(t)1 s are the Lagrange undetermined multipliers. 

The function to be minimized, J. is given by 

J = ftJ G (x;,x;, u;, au) dt. Jto 

Now treating X;, X;, U; and the au's as independent variables, 
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we want 8 J = 0. 

Forming the differential of J we have 

f/ L(~ 8x,. + ~? 8.X,. + ~ 8u,. + L ~. 8aiJ)dt = o. 
0 j I 'XI I ij I) 

Integrating the second term by parts we obtain 

~ aa 1 
1! rr1 (~ ( d aa aa) s:.: ~ aa s:.: ~ aa ~ ox; X; to + j 10 ~ - dti3x; + iJx; uX; + ~ iJu; uU; + ~ Oa.y·· 8aiJ)dt = 0. 

I I I lJ 

We now want to set the coefficients of the distinct variations to zero. 

From the first term in the integral, we obtain 

This yields by performing the indicated differentiations 

-u; + e; + u; ~a (x; In (x;)L aiJ x1) = 0 ux, . ' 
1 
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which can be written as 

u = -e; + u; [a ;;X; In x; + In(x; + 1 )(L a iJXJ)] , which is the differential 
j 

equation for the undetermined multipliers. 

Setting the second term to zero sets ~ = 0. This yields the original equations of 

motion, i.e., 

x; = x;In(x;)L aiJx1. 
j 

Defining u;(lJ) = 0, we want to then adjust aiJ such that 8J = 0. 

This requires that 

8J = ffo (~ ~y·· 8 a iJ) dt = 0 and we get the weight update rule 
ij 

8aiJ = -11 f/o ~dt. 

Here, 11 is a learning rate parameter that must be adjusted. The indicated 

differentiation gives 

:~ = u; x; x1 In (x;). 
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Here, we get the final form of the update rule 

Day= -rt ffo u; X; x1 ln (x;) dt. 

The algorithm can be summarized as follows: 

(1) Randomly select a weight matrix, Uy i,j = l ... n . 

(2) Integrate the differential equations 

X;= -x; ln {x;) (L Uij x1) forward from to to ~naJ for i=l...n 

using known initial conditions for the x/s, i.e., xi( to). 

(3) Calculate the error ei(t) from xi(t)-~(t) for i=l...m. 

( 4) Integrate the differential equations 

u = -e; + u;[a;;x;lnx; + ln(x; + l)(L ayx1)] 
j 

from ~naJ to to using the calculated ei values i= 1 ... n, and using the initial condition 

Uj(tr) = 0. 

1m 
(5) Calculate the total square error 2 L(e;)2 and compare to a preselected 

i=l 

threshold. If the error criterion is met then save the weights and stop. If not, 

continue. 

6) Carry out the integration 

8a · · = _, flJ u · x · x · ln (x ·) dt lJ • 1 J 10 z z 1 z 

to obtain the weight changes. 

(7) Update the weights and return to step 2 for the next iteration. 
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4.6 Usin~ The OMB2 Learnin~ Rule 

Learning data that does not possess the usual sigmoidal shape of a KSIM curve is 

difficult. The OMB2 rule does a good job of learning this type of data. Raw data 

forming three straight lines is used to train the model. Results of the training session is 

shown in Table 4.7 and Figure 4.8. As in the case of the Lotka-Volterra system, the 

KSIM differential equations has a difficult time fitting these curves exactly. The OMB2 

learning rule will reveal a least squares solution consistent with the limits of KSIM 

dynamics. 

To indicate the increased capabilities obtained by using the OMB2 learning rule, 

the Lotka-Volterra system used for the OMB 1 rule (Figure 4.6) is used in a training 

example using OMB2. The weight values before and after training are listed in Table 4.8. 

The resulting time series' are shown in Figure 4.9. As can be seen from the graph, the 

curves match the original data better than the time series obtained from the OMB 1 

training exercise. The average error per point has been reduced from 0.059 (OMB1) to 

0.026 (OMB2) an improvement of over 50%. 
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Table 4.1. Identity Matrix Weight Values 

Priming 

0.000 0.000 

1.000 0.000 

0.000 1.000 

50 

Initial 

0.031 -0.022 

-0.044 -0.008 

0.009 -0.031 

100 
Steps 

-0.016 1.000 

-0.027 0.079 

-0.047 -0.062 

150 

Final 

0.000 

0.976 

0.023 

200 

-e- A 1 - A2 -e- A3 -6- 11 -- 12 ~ 13 -Er T1 ....s;;L- T2 -e- T3 

Figure 4.1. Xi Values for the Identity Matrix Model 
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Figure 4.2. Effect of Training on Weights and Error 

Table 4.2. Test Matrix 1 Weight Values 

Priming Initial Final 

-0.125 2.000 -0.004 0.041 -0.039 0.000 -0.123 

0.000 -0.800 -0.030 -0.045 -0.036 0.250 -0.001 

0.100 0.000 0.011 0.014 0.032 -0.500 0.082 
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Figure 4.3. Xi Values for Test Matrix 1 Model 

Table 4.3 . Six-Variable Matrix Weight Values 

Priming Final 

0.000 0.000 0.000 0.000 0.000 0.993 0.013 -0.007 -0.074 0.006 

1.000 0.000 0.000 0.000 0.000 0.136 0.820 0.093 0.007 -0.002 

0.000 1.000 0.000 0.000 0.000 -0.187 0.232 0.883 0.017 0.027 

0.000 0.000 -1.000 0.000 0.000 0.015 -0.033 0.013 -0.231 -0.192 

0.000 0.000 0.000 -1.000 0.000 0.007 -0.026 0.020 -0.279 -0.291 

0.000 0.000 0.000 0.000 -1.000 -0.017 0.043 -0.024 -0.279 -0.360 
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Figure 4.4. Xi Values for the Six-Variable Model 

Table 4.4. Transportation System Variables 

XI Cost 

x2 Use 

x3 Comfort and Conveience 

x4 Freedom 

Xs Speed 

~ Outside World 
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Table 4.5. Test Matrix 2 (Kane) Weight Values 

Priming Initial 

-2.00 2.00 1.00 1.00 9.00 0.00 -1 .23 4.11 3.82 -0 .3 I 

1.00 2.00 2.00 2.00 1.00 2.03 1.00 1.29 1.28 1.35 

-2.00 0.00 0.00 0.00 1.00 0.56 -0.06 0.00 -0.15 -0.18 

-3.00 0.00 0.00 0.00 2.00 0.33 -0.02 -0.08 0.00 -0.29 

-3.00 0.00 1.00 0.00 2.00 0.26 0.12 0.05 0.08 0.00 

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

1 

0.8 

0.4 

0.2 l!til----+---+----+---+----+---+----+-----1 
0 50 

~ A I .....,._ A2 -<>-- A3 

100 
Steps 

150 
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Figure 4.5 . Xi Values for Test Matrix 2(Kane) Model 

23 

200 

6.08 

2.17 

-0.30 

-0.07 

0.16 

0.00 



1 

0.8 

0.6 ,......, 
.......... 

>< 0.4 

0.2 

0 

0 

Table 4.6. Lotka-Volterra System Weight Values 

0.03 

-0.04 

0.01 

Initial 

-0.02 

-0.01 

-0.03 

50 

-0.02 

-0.03 

-0.05 

100 
Steps 

-0.52 

3.56 

-0.03 

~ Tl .- T2 -o- AI -o- A2 

Final 

-2.64 1.00 

0.35 -0.67 

-0.04 -0.02 

150 

Figure 4.6. Xi Values for the Lotka-Volterra Model 

Figure 4.7. OMB2 Node Arrangement 
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Table 4.7. Lines System Weight Values 

Initial Final 

-0.024 0.001 0.037 -0.220 0.121 0.428 

0.001 -0.016 0.037 0.024 0.091 0.212 

-0.009 -0.030 -0.027 0.049 0.086 0.137 

0.8 

0.6 

>< 0.4 

0.2 

0 50 100 150 
Steps 

~ T I _.... T2 -<>- T3 --6- A 1 -- A2 -e- A3 

Figure 4.8. Xi Values for the Lines Model 
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Table 4.8. Lotka-Volterra Model Weight Values (OMB2) 

Initial Final 

0.038 -0.032 -0.018 0.217 -2.345 0.719 

-0.012 -0.021 -0.026 4.309 0.055 -0.706 

0.000 0.000 0.000 0.000 0.000 0.000 

1 .-------------------------------------~ 

0.8 
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>< 0.4 
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0 50 100 
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~TI _._T2 -o-AI -&-A2 

150 200 

Figure 4.9. Xi Values for the Lotka-Volterra Model (OMB2) 
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CHAPTER V 

EXAMINATION OF THE ERROR-WEIGHT SPACE 

The training of KSIM models is based on a gradient descent of the error surface 

relative to weight matrix values. It is illustrative to examine these surfaces in detail to 

provide a visual indication of the training process. 

5 .I Describin~ the Error-Wei~ht Sur[ace 

One method of determining a three-dimensional error surface is to begin with a 

known KSIM coefficient matrix. When integrated, the differential equations (using the 

associated matrix values) define a series of data values at each time step for each node. 

Using these time series' as the desired quantities, additional integrations of the 

differential equations can be performed while perturbing the individual values of the 

original matrix. Since the values of the time series will be different, an error in some or 

all of the data points will be induced. To obtain an error surface, one simply chooses two 

matrix coefficients (WI and W2) and systematically perturbs the initial weight values in a 

delta-weight grid with arbitrary step size. This concept is shown in Figure 5 .I. 

Performing an integration for each combination of weight values for WI and W2 yields 

a total error term for each combination. By plotting each error term on an WI-W2 plane, 
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the error surface is graphically presented. An example from Test Matrix I is shown in 

Figure 5.2. 

The error surface displays the nature of the "terrain" that the learning rule must 

work through to obtain a solution (point with relatively low error) for the area defined by 

the WI-W2 plane. Note that similar surfaces also exist for each pair of matrix 

coefficients and each affects the difficulty or ease with which a set of time series can be 

learned. The use of these three- dimensional surfaces is primarily a useful aid in 

visualization, in reality, the true error surface has one point that corresponds to every 

point in weight space. 

Contour maps are an alternative to three-dimensional error surfaces. A contour 

map defines regions of a particular height (error) value. The WI-W2 plane is divided 

into ranges of error values and the regions are displayed as the labeled boundaries of each 

range. Contour maps are used in the following experiment. 

5.2 Trackin~ Wei~ht Chan~es Throu~h An Error Surface 

By recording the values of selected weight matrix coefficients during the training 

process, a chronological "path" is defined for each coefficient versus the epoch in which 

the value occurred (refer to Figure 4.2). When the recorded weight values are plotted on 

a corresponding error contour plot, the path taken by a particular pair of matrix weights 

can be visualized. 
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Test Matrix 1, used earlier (Table 4.2), will serve to demonstrate the concept of 

weight tracking through an error surface. Having the exact matrix values needed to 

create the KSIM model, allows us to create the error surface contour maps. Two maps 

will be used in this example, the first map (Figure 5.3) corresponding to the weights 

W[1][1] (0.00) and W[1][3] (2.00) and the second map (Figure 5.4) corresponding to the 

weights W(l)(2) (-0.125) and W(1)(3) (2.00). Defining a 21 x 21 position grid, 10 

decremented and 10 incremented weight values (plus and minus 0.200) surround the 

actual values. This describes a perturbation matrix with the actual value of the weight 

plus and minus 2.0 on each axis. The contour map data was produced by integrating the 

KSIM equations at each matrix value and recording the sum of the absolute value of the 

error at each time step for each node. 

Using Test Matrix I as a priming matrix, a normal training exercise was 

performed using OMB 1. The weight matrix values for row 1 were collected for the first 

50 epochs and thereafter at intervals of 100 epochs. The training was allowed to continue 

for 14400 epochs at which time the absolute error was 0.089 yielding an average error per 

point of 1.48 x 1 0-4 . The data were sampled at intervals of 1 0 data points and plotted on 

the appropriate contour map. The results are shown in Figures 5.3 and 5.4. 

As can be seen, the weight values move nearly perpendicular to the contours of 

the steep portions of the maps, and then move with the contours in the flatter portions. In 

the steeper regions, the component of the gradient is relatively large. This provides a 
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strong signal for the learning algorithm. In the more level regions, the gradient 

component is much smaller and the learning rule has less input. 

It would appear from the experiment that the direction of weight value changes 

proceeds in a nearly straight line under the influence of steep contour surfaces, seemingly 

ignoring the location of the true minimum. Only upon reaching a region of relative 

flatness, do the weight changes bend significantly toward the minimum error value local 

to the contour map. This can be explained by the fact that each two-weight map 

describes only a component of the true gradient. If the entire weight space could be 

visualized, the path would be approximately perpendicular to contour of the true gradient. 
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Wl-2dw 

Wl-dw 

WI WI 

Wl+dw 

Wl+2dw 

W2-2dw W2-dw 

W2 

W2 W2+dw W2+ 2dw 

Figure 5.1. Weight Perturbation Template 

Figure 5.2. Three-Dimensional Error-Weight Surface 
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Error Surface M1(12)(13) 
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Figure 5.3. W(1,2)-W{l,3) Error-Weight Map 

Error Surface M 1 ( 11 )( 13) 
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Figure 5.4. W(l,l)-W(1,3) Error-Weight Map 
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CHAPTER VI 

CONCLUSIONS 

The learning algorithms provide the KSIM modeler with useful tools to develop 

coherent causal matrices. By providing matrices trained to data representative of the 

target system, OMB learning rules can reduce the uncertainty of KSIM model 

development. By exercising the training algorithms with experimental data or data that is 

similar to the desired system response, OMB can significantly reduce the time required to 

develop a model that fits the data well. This is due to the elimination of the haphazard 

"plugging in" of matrix parameters usually associated with KSIM model development. 

In addition, the ability of OMB training to accommodate user specified causal 

interactions is important in that it allows knowledge and insight into system structure to 

be integrated while achieving training goals. A KSIM modeler can gradually integrate 

knowledge of the system gained through experience, intuition or experimentation into the 

matrix structure. The OMB algorithms will modify the remaining parameters to match 

the original data, incorporating casual information into the resulting structure. 

The research has also pointed out a serious problem inherent in KSIM (or similar 

types of) modeling, and that is near-equivalent alternative causal structures. The 

tendency of the training routines to produce matrices different than those used to prime 

them indicates the presence of local minima that can produce time series which match the 
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priming series quite closely. To a casual observer two curves with significantly different 

matrices will appear to be identical. Only by continued training will the priming matrix 

be recovered. The final error will become much lower through prolonged training through 

the relatively flat channel of the error surface. This raises the concern that determining a 

given structure to be physically realizable solely on the basis of time series similarity is 

unwarranted. Only by the careful integration of known valid causal interactions and 

diligent training can physical causality be assumed. 

The OMB methods provide the necessary tools to define well fitting models of 

time series data, incorporate causal interaction knowledge, and examine causal 

assumptions. 
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