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(57) ABSTRACT 

A method and system for training an artificial neural net­
work ("ANN") are disclosed. One embodiment of the 
method of the present invention initializes an artificial neural 
network by assigning values to one or more weights. An 
adaptive learning rate is set to an initial starting value and 
training patterns for an input layer and an output layer are 
stored. The input layer training pattern is processed in the 
ANN to obtain an output pattern. An error is calculated 
between the output layer training pattern and the output 
pattern and used to calculate an error ratio, which is used to 
adjust the value of the adaptive learning rate. If the error 
ratio is less than a threshold value, the adaptive learning rate 
can be multiplied by a step-up factor to increase the learning 
rate. If the error ratio is greater than the threshold value, the 
adaptive learning rate can be multiplied by a step-down 
factor to reduce the learning rate. The value of the weights 
used to initialize the ANN are adjusted based on the calcu­
lated error and the adaptive learning rate. The training 
method of the present invention is repeated until ANN 
achieves a final trained state. 
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METHOD AND SYSTEM FOR TRAINING AN 
ARTIFICIAL NEURAL NETWORK 

TECHNICAL FIELD OF THE INVENTION 

The present invention relates generally to neural network 
training systems and their operation. More particularly, the 
present invention relates to an improved neural network 
training method and system having the ability to change its 
learning rate in response to training performance, to auto­
matically select a representative training dataset, to reini­
tialize the neural network to achieve a preset error goal, and 
to automatically optimize the neural network size for a given 
training dataset. 

BACKGROUND OF THE INVENTION 

Artificial neural networks ("ANNs") are well known in 
the prior art. The role of an ANN is to perform a non­
parametric, nonlinear, multi-variate mapping from one set of 
variables to another. ANN 10 of FIG. 1 illustrates such a 
mapping by operating on input vector 12 to produce output 
vector 14. To perform this mapping, a training algorithm is 
applied to deduce the input/output relationship(s) from 
example data. Such ANN training algorithms are also well 
known in the prior art. 

Prior to training, an ANN is initialized by randomly 
assigning values to free parameters known as weights. The 
training algorithm takes an unorganized ANN and a set of 
training input and output vectors and, through an iterative 
process, adjusts the values of the weights. Ideally, by the end 
of the training process, presentation of a vector of inputs 
from the training data to the ANN results in activations 
(outputs)at the output layer that exactly match the proper 
training data outputs. 

The basic unit that makes up an artificial neural network 
is variously known as an artificial neuron, neurode, or 
simply a node. As depicted in FIG. 2, each ANN node 16 has 
a number of variable inputs 15, a constant unity input 19 
( also known as a bias or a bias input), and an output 17. The 
variable inputs correspond to outputs of previous nodes in 
the ANN. Each input to a node, including the bias, is 
multiplied by a weight associated with that particular input 

2 
the k-th layer and node i in the previous layer, and cp 
represents the transfer function. 

A basic feedforward artificial neural network incorporates 
a number of nodes organized into layers. Most feedforward 

5 ANNs contain three or more such layers. An example ANN 
is illustrated in FIG. 3. ANN 10 consists of an input layer 18 
communicatively connected to one or more hidden layers 
20. Hidden layers 20 can be communicatedly connected to 
one another, to input layer 18 and to output layer 22. All 

10 layers are comprised of one or more nodes 16. Information 
flows from left to right, from each layer to the next adjacent 
layer. 

The nodes in the input layer are assigned activation values 
corresponding to the input variables. The activation of each 

15 of these nodes is supplied as a weighted input to the next 
layer. In networks involving three or more layers, the 
interior layers are known as hidden layers. After one or more 
hidden layers, the final layer, known as the output layer, is 
reached. The activations of the nodes of the output layer 

20 correspond to the output variables of the mapping. 
The interior layers of the network are known as hidden 

layers to distinguish them from the input and output layers 
whose activations have an easily interpretable relationship 
with something meaningful. The hidden layers perform an 

25 internal feature detection role, and thus harbor an internal 
representation of the relationships between the inputs and 
outputs of the mapping, but are usually not of use to and are 
generally "hidden" from the attention of the user. 

As previously mentioned, transfer functions help the 
30 mapping by thresholding the activations of nodes. This is 

desirable as it forces the ANN to form distributed relation­
ships and does not allow one or a few nodes to achieve very 
large activations with any particular input/output patterns. 
These requirements and restrictions upon the behavior of the 

35 ANN help to ensure proper generalization and stability 
during training and render the ANN more noise-tolerant. 
However, a consideration raised by transfer functions is that 
they generally cause ANN outputs to be limited to the ranges 
[0,1] or [1,1]. This necessitates a transformation to and from 

40 the ranges of the output variables and the transfer function. 

of that particular node. All of the weighted inputs are 
summed. The summed value is provided to a nonlinear 
univariate function known as a transfer or squashing func- 45 

tion. The purpose of a squashing function is two-fold: to 
limit (threshold) the magnitude of the activation (output) 
achievable by each node, and to introduce a source of 
non-linearity into the ANN. The most commonly applied 
transfer functions for continuous mappings include the 50 

hyperbolic tangent function or the sigmoid function, which 

In practice, a network is trained with example inputs and 
outputs linearly scaled to the appropriate range-just within 
the tails of the transfer function. When the network is 
deployed, the inputs are again scaled, but the outputs of the 
network are usually "descaled" by applying the inverse of 
the scaling function. The de-scaling provides real-world 
units and values to the otherwise unit-less fractional values 
generated by the ANN. 

When a network is generated or initialized, the weights 
are randomly set to values near zero. At the start of the ANN 
training process, as would be expected, the untrained ANN 
does not perform the desired mapping very well. A training 
algorithm incorporating some optimization technique must 
be applied to change the weights to provide an accurate 

is given below: 

1 
q,(x) = 1 + e-= • 

Equation (1) 
55 mapping. The training is done in an iterative manner as 

prescribed by the training algorithm. The optimization tech-

As expressed in Equation 2 below, x/, the output of node 
number j belonging to a layer k, is simply the transfer 
function cp evaluated at the sum of the weighted inputs. 

Equation (2) 

In equation (2) x/- 1 is the activation of node number i in the 
previous layer, wij represents the weight between node j in 

niques fall into one of two categories: stochastic or deter­
ministic. 

Stochastic techniques include simulated annealing and 
60 genetic-algorithms and generally avoid all learning insta­

bilities and slowly locate a near global optimum ( actually a 
minimum in the error surface) for the weights. Deterministic 
methods, such as gradient descent, very quickly find a 
minimum but are susceptible to local minima. Whichever 

65 category of optimization is applied, sufficient data represen­
tative of the mapping to be performed must be selected and 
supplied to the training algorithm. 

IPR2026-00273 
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Training data selection is generally a nontrivial task. An 
ANN is only as representative of the functional mapping as 
the data used to train it. Any features or characteristics of the 
mapping not included ( or hinted at) within the training data 
will not be represented in the ANN. Selection of a good 5 

representative sample requires analysis of historical data and 
trial and error. A sufficient number of points must be selected 
from each area in the data representing or revealing new or 
different behavior of the mapping. This selection is generally 
accomplished with some form of stratified random 10 

sampling, i.e., randomly selecting a certain number of points 
from each region of interest. 

Most training algorithms for feedforward networks incor­
porate one form or another of a gradient descent technique 
and collectively are known as back-propagation training. 15 

The term back-propagation describes the manner in which 
the error gradient calculation propagates through the ANN. 
The expression for the prediction error C\ at some node J in 

4 
to 1. This corresponds to the ANN taking bold steps through 
the weight space. For the next 10,000 presentations, a might 
be set to 0.7. As the ANN trains, the reduction continues and 
the ANN takes more timid and refined steps. This learning 
rate schedule assumes that large steps are appropriate at the 
start of training and that very small steps help find the very 
bottom of the local area at the end of training. 

SUMMARY OF IBE INVENTION 

Therefore, a need has arisen for an artificial neural net­
work training method and system having an adaptive learn­
ing rate with the capability to take progressively larger or 
smaller steps in a subsequent training iteration based on the 
error in previous training iterations. 

A further needs exists for a method and system for 
training an artificial neural network having the capability to 
quickly and efficiently minimize prediction error without the 
susceptibility to local minima in the error surface experi­
enced by current neural network training systems and meth-the output layer is simply the difference between the ANN 

output and the training data output. 20 ods. 

Equation ( 4). 

The expression for the error at some node i in a previous 
(to the output) layer may be expressed in terms of the errors 
at the subsequent nodes to which node i is connected. 

Equation (5) 

These error terms, along with neuron activations through­
out the net and an additional training parameter a called the 
learning rate (which takes a positive value generally less 
than unity), provide the necessary information to adjust the 
weights throughout the ANN. The following expression for 
the weight update between node i in one layer and node j in 
the next is known as the general delta rule (GDR). 

Equation (6) 

The weights throughout the network are updated as above 
each time a training pattern is presented to the ANN. To 
avoid learning instabilities when different patterns are pull-

A still further need exists for a neural network training 
method and system that can automatically select a repre­
sentative training dataset from among a large group of data 
records and adaptively increase the size of the training 

25 dataset as needed to better represent the system being 
modeled. In the event the training method achieves an 
intermediate error goal with respect to the representative 
training dataset but does not achieve the intermediate error 
goal with respect to the remainder of the data records, the 

30 training method can add additional representative data 
records to the training dataset. Once the intermediate error 
goal is achieved with the entire set of data records, a lower 
error goal can be set and the method repeated until the error 
goal corresponds with the training termination criteria. This 

35 method of adaptive representative data selection during 
training results in fast learning, balanced, and more accurate 
artificial neural networks. As a result, training data require­
ments are generally only a fraction of percent of those 
necessary with existing systems and methods for training 

40 artificial neural networks. 

ing the weights back and forth, and also to generally 45 

converge faster, the cumulative delta rule (CDR) is fre­
quently employed. The CDR uses the same expression for 

An even further need exists for an artificial neural net­
work training method and system that can automatically 
optimize the architectural characteristics of a neural network 
to increase training efficiency by adaptively adding nodes 
and layers during the training process. Additional nodes and 
layers can be added when the neural network training 
method and system fails to accomplish a predetermined 
error goal. 

the weight update as the GDR, but all weight updates are 
accumulated and implemented at the same time each time 
the entire training dataset is presented to the ANN. 50 

In order to help avoid learning instabilities known as local 
minima, which are concave areas on the weight surface 
where the gradient goes to zero, a term is usually added to 
either the general or cumulative delta rule that sometimes 
helps carry the weights outside the local minima. The 55 

resultant expression, equation (7) below, is called the gen­
eral or cumulative delta rule with momentum. The parameter 
~ associated with the momentum term is set to a value of 
(0,1) and is referred to simply as the momentum. 

Equation (7). 
60 

Further still, a need exists for a multiply connected 
artificial neural network that can automatically create more 
sophisticated hierarchies and hybrid artificial neural network 
systems without the need for a dedicated ANN researcher to 
train and tune individual artificial neural networks. 

In accordance with the present invention a method and 
system for training an artificial neural network is provided 
that substantially eliminates or reduces disadvantages and 
problems associated with previously developed artificial 
neural network training methods and systems, including the 
problems of extensive training expert support, susceptibility 
to local minima in the error surface, non-adaptive learning 
rates, inefficient training dataset selection and non-optimal 
neural network size. 

The back-propagation learning rules expressed above 
must be applied many times in the weight optimization 
process. Sometimes the value of the learning rate is not held 
constant throughout the training but is instead allowed to 
vary according to a schedule. For example, for the first 
10,000 presentations of the training dataset, a might be set 

More specifically, the present invention provides a 
65 method and system for training an artificial neural network 

with a training algorithm having an adaptive learning rate. 
The method of the present invention initializes an artificial 

IPR2026-00273 
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neural network by assigning random values to one or more 
weights. An adaptive learning rate is set to an initial starting 
value and training patterns for an input layer and an output 
layer are stored in the artificial neural network. The training 
method of the present invention processes the input layer 5 
training patterns in the ANN to obtain output patterns. An 
error is calculated between the output layer training patterns 
and the output patterns. Based on this error a new value for 
the adaptive learning rate is calculated. The method of the 
present invention calculates an error ratio equal to the ratio 

10 
of the output pattern error of a current processing iteration 
to the output pattern error of the immediately preceding 
processing iteration. 

Following the first iteration the error ratio is undefined 
and the adaptive learning rate is left unchanged. However, in 15 
subsequent iterations if the error ratio is less than a prede­
termined threshold value, the adaptive learning rate can be 
multiplied by a step-up factor to increase the learning rate. 

6 
A still further embodiment of the present invention pro­

vides a system and method for automatically optimizing the 
architecture of an artificial neural network by adaptively 
adding nodes and layers during the training process. Auto­
mated optimization is accomplished by adding nodes and 
layers during the training process when learning progress 
has stalled. Nodes are added first to the smallest layer of the 
ANN. In the event of a tie for smallest layer, the smallest 
layer closest to the input layer gets the new node. After 
several nodes have been added, a hidden layer of one node 
can be added just prior to the output layer. The ANN weights 
are reindexed appropriately after each node or layer addition 
so that all nodes receive the same inputs and play the same 
roles in the mapping. The method of this embodiment of the 
present invention can create several new nodes and/or 
several new layers and choose the best candidate from 
among them (i.e., the one that results in the least error). 

As a technical advantage the method of the present 
invention provides a neural network training method and 
system having an adaptive learning rate with the capability 
to take progressively larger or smaller training steps in 
subsequent training iterations based on the error encountered 
in previous training iterations. 

Another technical advantage of the present invention is 

If the error ratio is greater than the threshold value then the 
adaptive learning rate can be multiplied by a step-down 20 
factor to reduce the learning rate. The value of the weights 
used to initialize the ANN are adjusted based on the calcu­
lated error and the adaptive learning rate. The training 
method of this embodiment of the present invention is 
repeated until the ANN reaches a final trained state. 

An alternative embodiment of the ANN training method 
and system of the present invention provides a hybrid 
training algorithm incorporating aspects of both determin­
istic and stochastic optimization techniques. This alternative 
embodiment incorporates an adaptive learning rate which 30 
can be reset to a new initial value upon the training algo­
rithm reaching a local minimum in the error surface. If a 
local minimum is reached, the method of this alternative 
embodiment of the present invention creates several sets of 
new weights by adding a small random change to the values 35 
of the weights used to first initialize the ANN and creates 
several new prospective neural networks that can be initial­
ized with one of these new sets of weights. An input training 
pattern is processed through each of the initialized new 
prospective neural networks using the new value for the 40 
adaptive learning rate. The input training pattern is pro­
cessed for a preset number of iterations to determine which 

25 
that it provides an ANN training method having the capa­
bility to quickly and efficiently minimize prediction error in 
the neural network output with less susceptibility to local 
minima in the error surface than current ANN training 
methods. 

of the new prospective neural networks resulted in the least 
error. 

A further technical advantage of the present invention is 
that it provides an ANN training method and system that can 
automatically select a representative training dataset from 
among a group of data records and adaptively increase the 
size of the training dataset to achieve a desired error goal. 
This method of adaptive representative data selection during 
training results in a fast-learning, balanced, and more accu-
rate artificial neural network having training data require­
ments only a fraction of a percent of that necessary with 
existing neural network training systems and methods. 

A still further technical advantage of the present invention 
is that it provides a neural network training method and 
system that can increase training efficiency by automatically 
optimizing the architectural characteristics of an ANN by 
adaptively adding nodes and layers to the neural network 

The method of this embodiment of the present invention 
replaces the original neural network with the new prospec­
tive neural network that resulted in the least error. If the new 
neural network falls into the same minimum, the training 
method of this embodiment of the present invention repeats 
with a greater number of prospective networks generated 
from a wider distribution. If after a set number of repetitions 
the replacement neural network continues to fall into the 
same minimum in the error surface, the weights and the 
adaptive learning rate are reinitialized and the training 
algorithm is processed anew. 

45 during the training process. 
Still another technical advantage of the present invention 

is that it provides for a multiply-connected artificial neural 
network that can automatically create sophisticated hierar­
chies and hybrid artificial neural network systems without 

50 the need for a dedicated neural network researcher to train 
and tune individual artificial neural networks. 

BRIEF DESCRIPTION OF THE DRAWINGS 

A more complete understating of the present invention 

Yet another embodiment of the present invention provides 
55 

and the advantages thereof may be acquired by referring to 
the following description, taken in conjunction with the 
accompanying drawings in which like reference numbers 
indicate like features and wherein: 

a method and system for selecting and processing a repre­
sentative training dataset from a group of data records. The 
method of this embodiment of the present invention adap­
tively increases the size of the training dataset during 60 

training if the training algorithm fails to reach an interme­
diate error goal with respect to the entire set of data records. 
Once the intermediate error goal is reached with respect to 
the entire data record set, a lower error goal is set and the 
training algorithm is repeated until the set error goal corre- 65 

sponds to the final training state criteria for the neural 
network. 

FIG. 1 is a simplified block diagram representation of an 
artificial neural network; 

FIG. 2 is a simplified representaion of an artificial neural 
network node; 

FIG. 3 is an expanded view of an artificial neural network 
showing individual nodes and layers; 

FIG. 4 is a graphical comparison of the training progress 
achieved with and without the adaptive learning rate of one 
embodiment of the present invention; 
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FIG. 5 is a graphical comparison illustrating the measur­
able benefits of the adaptive learning rate of an embodiment 
of this invention; 

8 

FIG. 6 is a graphical comparison of a gradient descent 
technique incorporating momentum versus the same tech- 5 

nique without momentum; 

FIG. 1 is a block diagram view of an artificial neural 
network 10 receiving as an input "x" input vector 12 and 
outputting f(x) output vector 14. The role of artificial neural 
network 10 is to perform a non-parametric, non-linear 
multivariate mapping from one set of variables (inputs) to 
another (outputs). Output vector 14 is the result of the 
mapping performed on input vector 12 by artificial neural 
network 10. 

FIG. 7A shows the distribution from which weight 
changes can be selected when "jogging" the weights in an 
embodiment of this invention; The training algorithm applied within artificial neural 

10 
FIG. 7B shows a possible result of two successive weight network 10 is comprised in part of a parameter called the 

learning rate. The learning rate usually takes a positive 
value, generally near or less than unity, and determines the 
rate at which training steps are taken as the training algo­
rithm trains ANN 10. One embodiment of the ANN training 

jogging trials; 
FIG. 8 illustrates how data points are selected to obtain a 

representative training dataset in an embodiment of this 
invention; 

FIGS. 9A and 9B are a conceptual representation con­
trasting the efficient data selection method of an embodi­
ment of this invention with the prior art; 

FIGS. lOA, lOB, and lOC illustrate the adaptive node and 
layer adding capability of an embodiment of this invention; 

FIG. 11 illustrates a possible deployment of the artificial 
neural network training method of an embodiment of this 
invention in a real-time system; 

15 method of this invention incorporates an adaptive learning 
rate to increase the training efficiency of ANN 10. An 
adaptive learning rate allows ANN 10 to reach a final trained 
state orders of magnitude faster than with using a constant 
learning rate or presuming in advance of training what the 

20 learning rate needs to be during a particular training iteration 
( a training schedule). 

FIG. 12 illustrates one way in which the various embodi-
25 

ments of this invention can be implemented; 

The mechanism for adaptive learning rate adjustment is a 
simple heuristic-"if progress is being made with the cur­
rent learning rate, then take slightly larger steps, else take 
smaller steps." Thus, if the error of the outputs is either 
smaller, is the same as, or is even slightly larger than the 
error of the outputs prior to the last weight update, then the 
ANN training method of the present invention can multiply 

FIG. 13 is a block diagram representation of the imple­
mentation of the weight trimming procedure of an embodi­
ment of this invention; and 

FIG. 14 is a simplified block diagram illustrating some of 30 

the roles that an artificial neural network trained with an 

the learning rate by a step-up factor slightly larger than one 
(for example, 1.1). If, on the other hand, the ratio of the error 
at the outputs of the present interation and the previous 
interation, known as the error ratio, exceeds a threshold 
value slightly larger than one ( e.g., 1.05), the method of the 
present invention multiplies the learning rate by a step-down 

embodiment of this invention can play in sample applica­
tions. 

DETAILED DESCRIPTION OF IBE 
INVENTION 

Preferred embodiments of the present invention are illus­
trated in the figures, like numerals being used to refer to like 
and corresponding parts of various drawings. 

The present invention provides the capability for using an 
adaptive learning rate in a neural network training algo­
rithm. An adaptive learning rate allows an artificial neural 
network to automatically take the correct size steps through­
out a training process. The ANN can thereby reach a final 
trained state orders of magnitude faster than with a learning 
schedule or constant learning rate such as those used in 
current artificial neural network training methods and sys­
tems. 

The present invention additionally provides the capability 
to "jog" the weights used in training an artificial neural 
network to avoid local minima. By using a hybrid 
optimization/training algorithm incorporating aspects of 
both stochastic and deterministic training methods, the 
present invention can provide both the speed of the deter­
ministic techniques (such as backpropagation) and the resis­
tance to local minima of stochastic techniques (such as 
simulated annealing). 

Furthermore, the present invention provides the capability 
for automatically and rapidly selecting a representative 
training dataset from a group of data records (which can be 
a quite large group )to increase the training efficiency of the 
neural network. The present invention can also automati­
cally optimize the architecture of the neural network by 
adaptively adding nodes and layers during the training 
process as required to increase the training speed and 
precision. 

35 factor slightly less than one (for example, 0.9). 

This heuristic allows ANN 10 to automatically take the 
correct size training steps throughout the training process. 
ANN 10 thereby reaches a final trained state orders of 

40 
magnitude faster than with a learning schedule or constant 
learning rate. In addition to arriving at a final trained state 
faster, the adaptive learning rate also can usually reach a 
much lower error than might be obtained otherwise. An 
adaptive learning rate allows the network to avoid many 

45 
learning instabilities that the constant or scheduled learning 
rate delta rules (with or without momentum) do not address. 
These instabilities include relatively flat spots, inclined 
valleys, and saddle points on the error surface. Also, it is 
fairly easy to envision situations in multiple dimensions 

50 
where a small learning rate is necessary to wriggle through 
a tight spot or hole in the error surface, only to emerge on 
a long slope or other arrangement where a larger learning 
rate is then appropriate. 

FIG. 4 consists of graph 24 and graph 26 that illustrate 

55 how the adaptive learning rate of this embodiment of this 
invention is superior to a constant or scheduled (step-wise 
constant) learning rate. Graph 24 shows, in dashed lines, the 
training progress with a constant ( or a scheduled) learning 
rate. Graph 24 also shows, in solid lines, training progress 

60 with the adaptive learning rate of the ANN training method 
of this invention. Graph 24 illustrates one of many possible 
occasions when a large step-size through the weight space is 
appropriate. 

The ability of the adaptive learning rate of the ANN 
65 training method of this invention to more quickly reach a 

minimuma is demonstrated on the inclined error surface 
shown in graph 24 of FIG. 4. The constant or scheduled 
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learning rate takes small, predetermined steps that result in 
a steady but slow progression to the minimum of the error 
surface. Such inefficiently small steps lead to inappropri­
ately many training iterations. By contrast, the adaptive 
learning rate of the ANN training method of this invention 
can adjust and take short or long strides. 

At an early iteration, a small step is taken terminating at 
point A The heuristic of the method of this invention 
determines that the current learning rate is making progress 
(i.e., the error is becoming smaller) as shown by the decreas­
ing slope of the error surface in graph 24. Therefore, during 
the next iteration, the training method of this invention takes 
a larger step, terminating at point B. The heuristic of the 
training method of this invention determines at Point B that 
progress is still being made and in the next iteration takes a 
still larger step, terminating at point C. The adaptive learning 
rate of the training method of this invention takes a signifi­
cantly smaller amount of steps to reach the same minima in 
the error surface much more quickly than with the constant 
or scheduled learning rate. The adaptive learning rate there­
fore allows the ANN to be trained much more quickly. 

Graph 26 of FIG. 4 illustrates a possible situation where 
a constant step-size learning rate can oscillate in an ineffi­
cient periodic, or even unstable, fashion. By contrast, the 
adaptive learning rate of the ANN training method of this 
invention deduces when the current step-size is inappropri­
ate (for example, when jumping over finer scaled details in 
the error surface) and reduces the step-size to quickly home 
in the bottom of the minimum (which is hopefully the global 
minimum). 

The constant or scheduled learning rate of the prior art 
zigzags back and forth between opposite sides of the valley 
in the error surface, taking a large number of steps from one 
side to the other before coming to the minimum. By contrast, 
the adaptive learning rate of this invention takes a step from 
point A to point B and determines as part of the heuristic that 
the amount of error has increased. The ANN training method 
of this invention multiplies the learning rate by a value 
slightly less than one to decrease the learning rate and bring 
predictions back to point C on the error surface, much closer 
to the bottom of the minimum. By the same technique shown 
in graph 24 of FIG. 4, the method of this invention uses the 
adaptive learning rate to more quickly and more efficiently 
reach the minimum in the error surface. 

Although FIG. 4 is only two-dimensional, the situation 
shown extends to multiple dimensions, where an adaptive 
learning rate is even more useful. If the error surface were, 

10 
surable benefits. FIG. 5 consists of graphs 28 and 29 that 
show the capability of a training algorithm incorporating an 
adaptive learning rate to reach a final training state orders of 
magnitude faster than a learning algorithm incorporating a 

5 training schedule or constant learning rate. Graphs 28 and 29 
also demonstrate the ability of the method of this invention 
to reach a much lower error. 

Graph 28 shows a non-adaptive learning rate training 
technique. The dashed line running through graphs 28 and 

10 29 represents the desired error goal. As can be seen in graph 
28, after 100,000 iterations of the non-adaptive learning rate 
training technique, the specified error goal is reached. To do 
so, however it takes a great number of training iterations and 
the specified error goal is reached in a relatively constant but 

15 slow progression. 

By contrast, graph 29 shows an automatic adaptive learn­
ing rate gradient descent technique ( also incorporating 
minima recovery, which will be discussed as part of another 
embodiment of the method of this invention). As shown in 

20 graph 29 the training progression of the adaptive learning 
rate reaches the same specified error goal as in graph 28 after 
only a small number of iterations. Furthermore, the adaptive 
learning rate of the ANN training technique of this 
invention, after only approximately 1,000 iterations ( orders 

25 of magnitude less than the non-adaptive training technique), 
reaches a much smaller final error. The adaptive learning 
rate of the ANN training method of this invention thus 
results in much higher prediction accuracy and much faster 
error goal achievement. 

30 
FIG. 6 illustrates the behavior of gradient descent based 

training techniques (such as back propagation) in regions 
containing local minima. In particular, Graphs 32 and 34 
demonstrate the effects of momentum upon a gradient 

35 
descent training algorithm such as those that may be used 
with the method of this invention. Graph 32 shows a 
gradient descent technique without momentum. Following a 
step in prediction from point A to point B along the error 
surface, the training technique shown finds itself at a point 

40 
on the error surface where the gradient goes to zero (point 
B). At a point on the error surface such as point B, the error 
can either decrease to either side, as in graph 32, or can 
possibly increase to either side, as in the case of a local 
minima (such as point C). A typical gradient descent tech-

45 
nique without momentum might choose to go in a direction 
opposite from where the error surface continues to decrease. 
In such a case, as shown in graph 32 where the training 
algorithm jumps from point B to point C, the training 

for example, a three-dimensional bob-sled run shape, a naive 
algorithm would bounce side to side and not proceed down 50 
the run. The adaptive learning rate of this embodiment of the 
present invention, however, quickly settles down and zooms 

algorithm may be trapped within a local minima. 

Graph 34 of FIG. 6 shows a gradient descent technique 
incorporating momentum, which tends to be less susceptible 
to local minima. To avoid learning instabilities such as local 
minima (areas on the error surface where the gradient goes 
to zero), momentum can be added to help carry the weights 

off down the run. In N-dimensions, an adaptive learning rate 
is even more critical to efficiency. 

Two variations of the adaptive learning rate heuristic of 
the ANN training method of this invention are utilized, as 
each enjoys advantages over the other in different circum­
stances. In one version, weight changes that could increase 
the error ratio more than the error ratio threshold limit (used 
as a threshold to adjust the learning rate) are accepted, 
resulting in a more freely roaming and less stable training 
algorithm. While this is sometimes useful, it is also useful to 
have a faster and more stable conversion. Therefore, the 
second variation of the heuristic does not allow such weight 
changes. 

FIG. 5 illustrates how the adaptive learning rate of the 
ANN training method of this invention translates into mea-

55 outside the local minimum. A training algorithm incorpo­
rating momentum remembers the direction of the step taken 
in a previous iteration and, if the error decreased as a result 
of the previous iteration, continues in the same direction. 
This may help to get the training algorithm over a local 

60 minimum ( or a local maximum, such as that shown in graphs 
32 and 34). As shown in graph 34, after taking a step from 
point A to point B, the training algorithm continues in the 
same direction to point C. The training algorithm with 
momentum reaches a lesser error point along the error 

65 surface and successfully avoids the local minimum. 

While not foolproof, incorporating momentum into a 
gradient descent technique can sometimes lead to extrication 
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from local mm1ma, or other irregularities in the error 
surface, in a more efficient manner. Without momentum, the 
same training algorithm may take more steps to reach the 
same error goal or may not be capable of reaching the error 
goal at all. 

The adaptive learning rate of the ANN training method of 
this invention (whether incorporating momentum or not) 
starts off at a user-set value. If, after taking a step propor­
tional to the current learning rate in the direction of the 
gradient the error increases, the method of the present 
invention takes a smaller step in the next iteration. The 
learning rate is adjusted down, but if the error decreases in 
a future iteration, the adaptive learning rate can be adjusted 
up. Typically, the value of the adaptive learning rate is a 
small positive value (e.g., 0.002 or 5.0). 

The value of the adaptive learning rate of the ANN 
training method of the present invention is based upon the 
improvement that will be occurring in the next iteration of 
the training algorithm. In other words, instead of setting the 
adaptive learning rate value based on the total error remain­
ing until the specified training error goal is reached, the 
ANN training method of the present invention focuses on 
the amount of improvement to be made in the next iteration 
(i.e., the reduction in error from the previous iteration). 

Another embodiment of the ANN training method of the 
present invention is a hybrid optimization/training algorithm 
incorporating aspects of both gradient descent and stochastic 
training techniques. In any gradient descent technique (such 

12 
network and the other prospective networks. The number of 
prospective networks generated can vary, but a good number 
is between five to ten candidates. 

These prospective neural networks are trained for a short 
5 period of time ( a preset number of iterations), and the 

prospective network that results in the largest decrease in 
prediction error is used to replace the original artificial 
neural network and continue training. If this new network 
falls back into the same minimum, then more prospects are 

10 generated from a wider distribution. Eventually, if each new 
artificial neural network keeps falling into the same 
minimum, the weights are re-initialized and training pro­
ceeds anew. 

FIG. 7A shows the distribution from which weight 
15 changes can be selected when "jogging" the weights. "Jog­

ging" the weights refers to the process of randomly adjusting 
the value of the weights around the current value in the hope 
of moving the ANN from a local minimum, or other irregu­
larity in the error surface, to a point where it will avoid the 

20 local minimum as it continues training. When a local mini­
mum is first reached, a random value for the weight changes 
is selected according to a distribution parameterized by a 
small epsilon (width), as shown in FIG. 7A. The next time 
the same minimum is reached, the random value is selected 

25 from a distribution with a larger epsilon. 

as back-propagation), a location within the weight space can 
30 

be reached in which the error surface increases locally in 
every direction (such as a valley in the error surface). In such 

FIG. 7B shows the results of two successive weight 
jogging trials, illustrating that by changing the weights, the 
ANN position on the error surface can be changed. FIG. 7B 
depicts an ANN reaching a local minimum at point B on the 
error surface. To either side of point B, the prediction error 
increases sharply and hence the adaptive learning rate 
adjustment algorithm will diminish the learning rate in 
subsequent iterations until it approaches an absurdly small 
value. The weight jogging technique of this embodiment of 
the present invention can be used to escape from the local 
minimum at point B by introducing an element of random­
ness to the weights, as sampled from the distribution shown 
in FIG. 7A. 

a case, one solution is to re-train the artificial neural network 
from a different randomly-initialized starting point. Depend-
ing on the complexity of the network and the desired 

35 
mapping, it may or may not be likely that the same or a 
different local minimum may again be reached. 

Stochastic techniques (such as simulated annealing) will 
bounce right out of such a local minima, but are much slower 
than gradient descent techniques. Although susceptible to 40 
local minima, back-propagation is very fast, and once the 
training algorithm is in the correct neighborhood of the error 
surface, back-propagation is much better at fine-tuning 
parameters until the deepest cranny of a minimum is 
reached. For this reason, a hybrid optimization/training 45 
algorithm incorporating aspects of both back-propagation 
and simulated annealing is desirable. 

Training speed is important overall, so the back­
propagation process is not interfered with until a local 
minimum is reached. This condition is manifested whenever 50 

the adaptive learning rate plummets. When ANN 10 reaches 

FIG. 7B shows two prospective networks that were pro­
duced using different width distributions. The first prospec­
tive network, after being selected to replace the original 
ANN, moves from point B to point A and then back to point 
B, thus reaching the same local minimum as the original 
ANN. The second prospective network, however, trained 
after jogging the weights with a value chosen from a larger 
width distribution, moves from point B to point C along the 
error surface, escaping the local minimum and resulting in 
a decrease in the prediction error. 

A further embodiment of the improved training algorithm 
of the method of the present invention provides a more 
efficient method of choosing a representative training 
dataset. This embodiment chooses a representative dataset 
using a combination of clustering and adaptive representa-

a minimum and tries to continue training, each step the 
training algorithm takes increases the prediction error. As 
specified by the adaptive learning rate adjustment algorithm, 
the learning rate is slightly diminished by each step 
(iteration) and approaches absurdly small values (e.g., 
10- 12

) very quickly. This is an indication that backpropa­
gation has directed ANN 10 into a minimum in the error 
surface. 

55 tive data selection during training. Selection of data for 
training an ANN model determines an upper limit upon the 
utility of that model. A training dataset that is too small may 
not adequately describe the mapping to be performed. A 
training dataset that is too large may slow down the training 

Once backpropagation has directed ANN 10 into a mini­
mum in the error surface, the learning rate is re-initialized 
and an element of randomness is introduced: several pro­
spective small magnitude random weight changes are added 

60 process and can over-represent certain areas of the data. 

to the weights. These weight changes are sampled from a 
zero-mean, small-variance, multi-variate, distribution ( e.g., 65 

a gaussian distribution). Several prospective networks are 
produced, each slightly different from the original "stuck" 

Over-representation of one area of data results in a propor­
tional under-representation of another area. An ANN will 
then learn to predict much better for one region of the 
domain of the mapping, at the expense of prediction in other 
regions. 

Data selection usually requires the time and attention of a 
domain expert (i.e., one who has knowledge of the system 
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correctly formatted and provided to the algorithm, the algo­
rithm can itself generate an optimal neural network. 

As it trains, the training algorithm of this invention selects 
a representative training dataset from a dataset that is too 
large to be efficiently used in its entirety and which is, 
hopefully, representative of the system being modeled. For 
example, the training algorithm can be provided with a 
model of an entire field cycle of data. The training algorithm 
could start off with one data pattern ( a vector of values of, 

that generated the data). Automated procedures involving 
data clustering are sometimes utilized ( as they are here). 
Clustering involves determining which data records are 
similar to, or at least distant from, one another. The similar 
ones are grouped together, generating "clusters." The clus- 5 

ters may be used to generate centroids (averages) or to 
determine the closest actual data points to the centroids. 
Either way, each of these points are representative of the 
other points in the cluster and may be used to generate an 
initial training dataset. 10 for example, temperatures, pressures and flows in a nuclear 

reactor) and a very small network. As it trains, it can add 
more patterns. The algorithm selects the patterns from the 
entire dataset, but each new pattern selected must describe 

Clustering is used to generate a small training dataset 
amounting to the lesser of 10% of the entire dataset available 
or 20 data points. This small dataset represents a starting 
point. An additional technique is used when necessary to 
adaptively increase the size of the training dataset by one 15 

data point increments during training. This adaptive process 

the remaining dynamics and variations in the remaining 
data. 

is performed every time training achieves an intermediate 
error goal on the training data, but does not achieve this goal 
with respect to the remainder of the data from which the 
training data was selected. Once the intermediate training 20 

goal is achieved with respect to the entire data set, a lower 
goal is set. The process repeats until the lower goal corre­
sponds to the termination criterion. 

Typically, the training algorithm of the method of this 
invention selects 111000th or less of the characteristic data for 
the training dataset. The automated data selection of this 
embodiment of this invention can also work in conjunction 
with the adaptive learning rate of the first-discussed embodi­
ment of this invention. In such a case, the automated data 
selection of this embodiment can select a representative 
training dataset and determine, from one iteration to the 

The training algorithm selects new data points, by one of 
two criteria. The first criterion is the greatest prediction 25 

error, a very prosaic equivalence between ANN performance 

next, whether the prediction error is decreasing or increasing 
and adjust the adaptive learning rate to minimize the pre­
diction error. The automated data selection of this embodi-

and training data selection-if prediction is poor for a data 
point, then the characteristics exhibited by the data point 
must be under-represented in the training dataset. 

The second criterion is more abstract. When an otherwise 
trained ANN has difficulty with the mapping associated with 
a particular point, there are two possible explanations. Either 
there are no nearby (i.e., exhibiting similar inputs) data 
points with similar outputs included in the training dataset, 
or there are nearby data points that have quite different 
outputs. These "excuses" may be formulated into two equa­
tions for prediction difficulty: 

ment of the present invention can be in software. 
Equations (8) and (9) above demonstrate the basic criteria 

30 
used in the automatic data selection of this embodiment of 
this invention. If a data point in the pool of data points is 
very near a training data vector (i.e., a point already in the 
training dataset), it is treated as an individual vector in 
n-dimensional space. If the training point also has an output 

35 
associated with it that is similar to the output of a data point 
that is already in the training dataset, it should be easy to 
learn the new data point. If the training data point that is to 
be added is very far away from any points previously 

Equation (8) 
40 

included in the representative training dataset, then it will be 
more difficult to learn the new data point and the point is less 
represented in the representative dataset. 

max 
diff2 (a:) = -{l + IID(a:2J-D(/J2Jll - lla:2 - />211). 

/>2 
Equation (9) 

~ 1 and ~2 in the above equations represent the particular 
input vectors from points from the training set that 
minimize/maximize their respective equations. a represents 
the input vector from a data point not yet included in the 
training set. D(x) represents the desired output vector asso­
ciated with the input vector x. 

The points that are not yet included in the training dataset 
are cycled through until one is identified that possesses the 
greatest sum of the two difficulties. This data point is the 
next point included in the training dataset. 

The automatic data selection of this embodiment of the 
present invention combined with the adaptive learning rate 
of another embodiment of this invention can result in a 

45 training algorithm that is faster than any previous ANN 
training algorithms. The increase in training speed and 
efficiency provided by this invention can, for example, 
provide a user with a choice between spending less time 
generating a trained network or spending an equivalent 

50 amount of time training a network as might be required with 
current methods, but ending up with a better network having 
improved accuracy of prediction. The method of this inven­
tion can result in up to a 99.5% accuracy rate, which 
corresponds to what may be a theoretical maximum in 

55 prediction error. The remaining 0.5% may be contained in 
the input segment network. In other words, the remaining 
0.5% prediction accuracy can be attributable to unpredict­
able factors such as human intervention, intervention of 
natural factors, etc. 

The combination of clustering and adaptive representative 
data selection during training results in fast-learning, 
balanced, and more accurate ANNS. Training data require­
ments are generally a fraction of a percent of that necessary 
with other methods and do not require the extensive time and 60 

attention of a domain expert. 
Additionally, the automatic data selection method of this 

embodiment of this invention provides the capability of 
modeling a system with a much greater number of variables 
than previous ANN training algorithms. The method of this 
invention provides for much greater robustness and for a 

The training algorithm of the present invention solves a 
fundamental limitation in training artificial neural 
networks-the necessity of having a great deal of knowl­
edgeable human interaction to adequately train the artificial 
neural network. The training algorithm of this invention is 
automated to the point that if the data in the dataset is 

65 greater number of variables and data patterns. 
FIG. 8 illustrates how data points are selected for the 

representative training data set using the automatic selection 
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method of this embodiment of this invention. Automatic 
selection can be accomplished in either of two ways. The 
method either starts off with only one point from the data set 
(Path B, starting at step 42), or it starts off with a set of points 
which are selected using a clustering method (Path B, 
starting at Step 40). 

At step 40 of FIG. 8, along path A, the method of this 
invention uses the clustering technique to generate a first­
pass training dataset. This first-pass training dataset is used 

16 
capable at recogmzmg and capturing the complex non­
linear, multi-variate relationships that can be expressed in 
the training data. As shown in FIGS. 9A and 9B, the training 
data requirements for this embodiment of this invention are 

5 only a fraction of a percent of those necessary with other 
methods and result in a more efficiently trained and better 
predicting ANN 10. 

to train the artificial neural network to a preset error goal at 10 

step 44. At step 46, the ANN training method of this 
invention determines whether the intermediate error goal has 
been achieved for all the records in the group of data records 
and not just with respect to the training dataset. If the 
intermediate error goal has not been achieved for all of the 15 

data records, at step 48 a new data record (point) is added 
according to the difficulty criterion of equations (8) and (9) 
discussed above for selecting a new data point to add to the 
training dataset. At step 48, the record from the group of data 
records is chosen that has the greatest learning difficulty, i.e., 20 

the record ( data point) that exhibits the greatest prediction 
error. The idea behind this criteria is that if prediction is poor 

A still further embodiment of the present invention is a 
technique for automated optimization of neural network size 
by adaptively adding nodes and layers during the training 
process. A painstaking task associated with artificial neural 
network development is optimization of the artificial neural 
network architectural considerations, i.e., the number of 
hidden layers and number of nodes in each layer. This is a 
very serious task, as too large a network can easily over­
learn (memorize) the training data instead of inferring the 
general relationships, while too small a network is only 
capable of learning the most broad relationships. 

Automated optimization is performed by adaptively add­
ing nodes and layers as needed during the training process. 
This is accomplished by determining when learning progress 
has ended and weight-jogging and re-initialization of the 
ANN are no longer effective in reducing error. These events 
indicate that the ANN is not complex enough and that it is 

for a data point, then the characteristic exhibited by that 
point must be under-represented in the training dataset. 

The ANN training method of this invention proceeds once 
again to step 44 to train to the current error goal with the now 
expanded training dataset. The same procedure described 
above for Path A also applies if the training algorithm starts 
instead along Path B at Step 42. Path B illustrates the case 
of training ANN 10 starting with a single data point. 
Otherwise, the description above and that follows is the 
same for either Path A or Path B. 

If at step 46 the intermediate error goal has been achieved 
for all records, the method of this embodiment of this 
invention proceeds to step 50. At step 50, the method of this 
embodiment determines whether the current error goal is 
less than or equal to the desired final error goal. The initial 
intermediate error goal can be set, for example, to 30%. The 
final error goal might be, for example, 1 % or less. 

If at step 50 the current error goal is less than or equal to 
the final error goal, the method of this embodiment of this 
invention proceeds to step 54, where training is complete. If 
not, then at step 52 the current intermediate error goal is 
reduced by a specified amount and the method of this 
invention returns to step 44 to train to the new current error 
goal. The method repeats until the current error goal corre­
sponds with the termination criterion final error goal. 

25 time to introduce more free parameters. Learning progress is 
determined to have ended when a predetermined error goal 
cannot be achieved by the ANN training algorithm. New 
nodes, and possibly new layers, can be added to decrease the 
prediction error and progress toward achieving the set error 

30 goal. The automated optimization method of this embodi­
ment of this invention can in this way derive an optimal 
ANN size to model the system in question. 

While it is desirable to produce more features that are 

35 
available to the rest of the ANN, it is also important to keep 
adding higher-level nodes. Toward this end, nodes are added 
first to the smallest layer of the network. In the case of a 
draw, the earlier layer ( closest to the input layer) gets the 
new node. After a preset number of nodes have been 

40 
introduced, a hidden layer of one node can be added just 
prior to the output layer. 

FIGS. lOA, lOB and lOC illustrate the node- and layer­
adding capability of this embodiment of this invention and 
show how the ANN can grow in complexity. FIG. lOA 

45 shows the first case discussed above, where there is a distinct 
smallest hidden layer in ANN 10. In this case, a new node 
58 is added to the hidden layer closest to output layer 62 
because it is the smallest hidden layer in ANN 10. FIG. lOB 
illustrates the method of this embodiment of the present FIGS. 9A and 9B are a conceptual representation con­

trasting the efficient data selection method of this embodi­
ment of this invention with the prior art. FIGS. 9A and 9B 
demonstrate how the method of this embodiment of the 
present invention handles bigger and more complex (i.e., 
harder relationships) datasets. As shown in FIG. 9A, the 
method of this invention can select only the representative 55 

data records from data record set 56 necessary to capture the 
required relationships to train ANN 10. The optimal data 
selection method of this embodiment of the present inven­
tion allows us to select the best training data set for use by 

50 invention in the case of a tie for the smallest layer in ANN 
10. New node 58 is added to the smallest layer closest to 
input layer 60 because it is the earliest of the two equally­
sized smallest layers in ANN 10. Together, FIGS lOA and 
lOB show that ANN 10 is always bottom heavy. 

FIG. lOC illustrates the capability of this embodiment of 
the method of this invention to add a new hidden layer 66 
comprised of new node 64 just prior to output layer 62. FIG. 
lOC also shows new nodes 58 previously added to hidden 
layer 1 and hidden layer 2 in prior iterations of the training 
algorithm. the ANN training methods of other embodiments of the 60 

present invention to model the system in question. To avoid losing ground when adding a node or layer, as 
in FIGS. lOA, lOB and lOC, ANN lO's weights are 
re-indexed appropriately, so that all nodes receive the same 
inputs and play the same roles in the mapping. Likewise, to 

FIG. 9B, in contrast, shows the haphazard or unsophisti­
cated data selection methods of prior training algorithms. 
The data records selected from data record set 56 are used 
to achieve a trained ANN 10 through a failure-prone and 
slow conventional training algorithm. Already handicapped 
by poor data selection, current training algorithms are not as 

65 ensure that a new node or layer discovers a useful role to fill 
within ANN 10, several candidates are created. ANN 10, 
including each new node or layer, starts training from the 
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pre-node addition state. ANN 10 is trained for several cycles 
to evaluate which of the candidate node(s)/layer(s) is the 
best addition. The best candidate is selected and training 
continues. 

The method of this embodiment of this invention for 
automatically adaptively adding nodes and layers provides 
the capability of having a multi-layer architecture wherein 
each layer has multiple nodes. The method of this embodi­
ment also eliminates the dependence on intensive expert 
attention to the training and data selection for the neural 
network. In combination with the previous embodiment of 
this invention, the training algorithm of this invention can 
select data as it trains, adding more and more data points 
until it begins to notice that the relationships in the data are 
getting too complicated for the model. Once this occurs, the 
training algorithm can start to add nodes and layers to ANN 
10 to make it more complex and able to model larger and 
more complex systems. ANN 10 can start small, with 
selection of a single data point or an initial training dataset 
from some cluster of data, and as it begins to add data points 
to the representative training dataset it may reach a point 
where it no longer has enough free parameters to adequately 
describe the non-linear, multi-variate relationships between 
the data. If this happens, ANN 10 may not be able to meet 
the predetermined error goal as it tries to learn these addi­
tional patterns. The method can respond by adding nodes to 
layers and by adding additional layers as necessary. 

The ability of the automatic optimization method of this 
embodiment of the present invention to achieve an optimal 
ANN 10 size and increase training efficiency can be tested 
in a functional way by simply comparing the outputs of 
ANN 10 with the outputs for a given input as measured in 
the actual system which ANN 10 is modeling. This func­
tional test of ANN 10, while superficial, is sufficient with the 
method of this embodiment of this invention and does not 
require near the amount of laborious checking and verifying 
that needs to be performed with any other neural network 
training techniques. 

Also, since the method of this embodiment of this inven­
tion seeks to achieve an optimal ANN 10 size, it results in 
faster training and greater accuracy than previous methods. 
The recall time of ANN 10 is kept to a minimum without 
sacrificing accuracy, providing better answers with a smaller 
size than would be necessary with any other technique. It is 
therefore possible to predict more estimates per unit time 
with an ANN 10 trained using this training algorithm. The 
automatic optimization method of this embodiment also 
lends itself to real-time applications. 

In certain applications it may be desirable to update the 
ANN 10 model because the system that is being modeled has 
somehow changed. For example, on a nuclear power plant, 
power may have to be taken down to 70% from 90% to 
change out some part of one of the steam generators or some 
other part of the system. The relationships between the 
variables of the system will change slightly because of the 
change in mode of operation. By combining the embodiment 
of this invention which automatically selects data and with 
the embodiment for automatically deriving the optimal ANN 
10 size, ANN 10 can be trained in real time. While predicting 
the model for a given set of parameters, another network 
can, at the same time, be trained and re-deployed to replace 
the prior neural network, in the event of changed conditions, 
without requiring human intervention. 

FIG. 11 illustrates one possible deployment of the ANN 
training method of this invention in a real-time system. FIG. 
11 shows a simplified block diagram demonstrating the 

18 
real-time prediction and on-line training capability of this 
embodiment of the present invention. Block 68 shows the 
current measurements (data or other inputs) being taken as 
inputs from actual physical instruments such as a telephone, 

5 a thermometer, or barometer, as shown in block 67. The 
current measurements are forwarded from block 68 to block 
70 and block 74. Block 70 is the currently deployed ANN 10 
model. Block 74 represents a model performance and sys­
tem state evaluation stage, which is used to account for any 

10 changes in the configuration of the system being modeled. In 
block 74, both the current inputs and the predictions, 
estimates, or classifications from the artificial neural net­
work represented by block 72 are taken in as inputs and can 
be used to generate and deploy a new artificial neural 

15 network in real-time and to account for any system changes. 
At block 76, the current inputs/outputs that are fed into block 
74 to use as a real-time evaluation model are trained in 
real-time or near real time. In the event that system changes 
occur that necessitate replacing the current deployed artifi-

20 cial neural network model 70, the new artificial neural 
network being designed and trained in real time at step 76 
can be deployed from block 76 to replace artificial neural 
network model 70. The new ANN can then continue to 
model the system. Real-time updating provides the capabil-

25 ity to deploy an updated ANN continually, thus updating the 
model to provide better representation. 

The technique for obtaining the optimal network size of 
this embodiment of the present invention essentially creates 
candidate nodes (typically a user-specified amount between 

30 three and five), and takes the first candidate node that was 
randomly initialized and trains the ANN for a specified 
amount of time with that node to see how quickly the ANN 
improves. The network is then reset to its previous stage, the 
next candidate node is randomly initialized, the network is 

35 again trained for a specified amount of time. The ANN is 
reset to its previous stage and the process is repeated with 
the next candidate node, and so on, until the best candidate 
is determined. This process can be analogized to not hiring 
the first person off the street and training them to become 

40 patent examiners useful in a particular role, but instead 
interviewing and hiring the most qualified person. 

A still further embodiment of the present invention pro­
vides for a multiply-connected ANN. In a multiply­
connectedANN, each node is connected to every other node 

45 in all of the layers. As a consequence of the increased 
number of connections, much more complex mappings are 
made possible with the same size ANN. With the much 
higher-level nodes having access to both lower- and higher­
level features (including the inputs), it is easier, for example, 

50 to imagine the ANN developing several sub-networks in the 
first layers devoted to identifying which subsequent sub­
networks are appropriate to the current location of the 
mapping domain. This more complex ANN structure allows 
sophisticated hierarchies and hybrid artificial neural network 

55 systems to be automatically created as necessary, without 
requiring an artificial neural network researcher to individu­
ally train and tune several ANNs. The advantage of using a 
multiply-connected ANN is that size can be kept to a 
minimum and still retain the capacity to capture complicated 

60 relationships. 
The improvements to previously existing artificial neural 

network training methods and systems mentioned in the 
various embodiments of this invention can occur in con­
junction with one another (sometimes even to address the 

65 same problem). FIG. 12 demonstrates one way in which the 
various embodiments of this invention can be implemented 
and scheduled. FIG. 12 does not demonstrate how repre-
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sentative dataset selection is accomplished, but instead starts 
at train net block 100 with representative training dataset 
already selected. 

20 
maximum on the gaussian distribution from which a random 
value is chosen to perturb the weights (i.e., whether the 
maximum jog strength has been achieved). The "maximum 
jog strength" is the maximum value from the gaussian The training dataset at block 100 can consist initially of 

one kind of pattern that is randomly selected, depending on 
whether or not clustering is used. Where clustering takes 
place, it takes place prior to any other data selection. 
Assuming, as an example, that clustering has been employed 

5 distribution. If the maximum jog strength has been achieved, 
at block 116 the training algorithm resets the jogging 
strength. 

to select twenty training patterns, ANN 10 can then be 
randomly initialized, all the parameters can be randomly 10 

initialized around zero, and ANN 10 can take those 20 data 
patterns and for each one calculate the gradient and multiply 
the gradient by the initial value of the learning rate. The 
adaptive learning rate is user-definable, but is usually ini­
tially set around unity (1). For each of the representative data 15 

patterns initially selected, the training algorithm of this 
invention calculates the incremental weight step, and after it 
has been presented all twenty of the data patterns, it will take 

The jogging strength is reset at block 116 because the 
problem is not so much that the training algorithm has found 
itself in a local minimum, but that the ANN is not compli­
cated enough. The training algorithm moves to block 118 
and determines whether it has, prior to this point, trimmed 
any weights. "Trimming weights" means to set those 
weights to zero and take them out of the training algorithm. 
The procedure for trimming of weights will be described 
more fully with respect to FIG. 13 below. 

the sum of all those weight steps. All of the above occurs at 
train net block 100. 

From train net block 100, the training algorithm of this 
invention goes to step 102 and determines whether the 
training algorithm is stuck. Being stuck means that the 
training algorithm took too large a step and the prediction 
error increased. Once the training algorithm determines that 
it is stuck at block 104 it decreases the adaptive learning rate 
by multiplying it by a user-specified value. A typical value 

If at step 118 the training algorithm determines that 
weights have previously been trimmed (i.e., that the weights 
have been previously randomly affected but the training 

20 algorithm still wound up in the same minimum because the 
network was not complex enough to get any more accuracy 
out of the mapping), the training algorithm moves to step 
120 and untrims 5% of the weights. This means that weights 
that were previously trimmed are allowed to resume at their 

25 previous value, and from this point on they will take part in 
the training algorithm. The training algorithm returns to step 
100 and continues to train as before. 

is 0.8, which decreases the learning rate by 20%. 
If the training algorithm reaches block 102 and deter-

30 
mines there has been a decrease in the prediction error (i.e., 
it is not stuck), the training algorithm proceeds to block 108 

By untrimming 5% of the weights, the training algorithm 
returns a little more complexity back to the model in hopes 
of decreasing the prediction error. If prediction error does 
not decrease, the training algorithm will once again reach a 
local minimum and the training algorithm will determine 
once again at block 112 whether it is stuck in the same 

and increases the learning rate. The training algorithm 
returns to block 100 from block 108 to continue training the 
ANN with a now increased adaptive learning rate. 

35 
minimum as before. Note, however, that at block 110 the 
adaptive learning rate is reset before addressing the com­
plexity issue of untrimming previously trimmed weights, so 
it takes some iterations through blocks 100, 102, 104, 106 

The training algorithm proceeds to block 106 after 
decreasing the adaptive learning rate in block 104 and 
determines whether it has become "really stuck." "Really 
stuck" means that the adaptive learning rate decreased to 
some absurdly small value on the order of 10- 6

. Such a 40 
reduction in the adaptive learning rate can come about as a 
result of the training algorithm landing in a local minimum 
in the error surface. The adaptive learning rate will normally 
attempt to wiggle through whatever fine details are on the 
error surface to come to a smaller error point However, in 45 
the natural concavity or flat spot of a local minimum there 
is no such finer detail that the training algorithm can wiggle 
down to. In such a case the adaptive learning rate decreases 
to an absurdly low number. 

If at block 106, if the training algorithm determines that 50 

it is really stuck (i.e., that the learning rate has iteratively 
decreased to an absurdly small value), it proceeds to block 
110 and resets the adaptive learning rate to its default initial 
value. In the event that the training algorithm is not really 
stuck at block 106, it returns to block 100, recalculates the 55 

weight steps, and continues training with newly-modified 
weights. The training algorithm continues through the flow 
diagram, as discussed above and below. 

and 110 before getting back to the process of untrimming 
any more weights. In the event the training algorithm does 
wind up in the same minimum, the maximum jog strength 
will not have been reached, since it was previously reset at 
block 116 in a prior iteration. Instead, the training algorithm 
will proceed to block 136. At block 136 the weights are 
jogged, and at block 140 the jogging strength is slightly 
increased according to a gaussian distribution. Following 
block 140, the training algorithm proceeds to train net block 
100 and continues training. 

If in the course of training the training algorithm again 
reaches the same minimum, the procedure above is repeated. 
In the event the jog strength once again reaches the maxi­
mum level at block 114, the training algorithm resets the 
jogging strength as previously discussed. If the training 
algorithm reaches block 118 after several rounds of untrim-
ming weights that there are no longer any trimmed weights, 
the training algorithm proceeds along the "no" path to block 
122. 

At block 122, the training algorithm determines if this is 
the first time it has maxed out the jog strength on this size Once the adaptive learning rate is reset at block 110, the 

training algorithm proceeds to block 112, where it deter­
mines whether the minimum in which it is currently stuck is 
the same minimum in which it has been stuck in the past (if 
it has been stuck before). This is because as the training 
algorithm is learning it will sometimes get out of a local 
minimum and wind up in the same minima at a future time. 
If it finds itself stuck in the same minimum, the training 
algorithm checks, at block 114, whether it has achieved a 

60 ANN. The training algorithm keeps a counter of how many 
times the jog strength has maxed out with an ANN of a given 
size. If this is the fist time the jog strength has maxed out for 
the current ANN size, the training algorithm proceeds along 
the "yes" path to block 124 and completely re-initializes the 

65 ANN. All of the weights are re-initialized and the ANN is 
restarted from scratch. The training algorithm proceeds to 
block 100 and commences training the net anew. The ANN, 
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however, remains whatever size it was in terms of number 
of hidden layers and number of nodes when training resumes 
at train net block 100 with the newly re-initialized weights. 

22 
FIG. 13 is a block diagram representation of the imple­

mentation of weight trimming, as discussed in conjunction 
with FIG. 12. Trimming weights takes place to reduce the 
complexity of the network. It is a non-linear regularization At block 122, if the answer is "no," the training algorithm 

proceeds along the "no" path to block 126. At block 126 the 
training algorithm has already maxed out the jog strength 
more than once for the current size ANN. Block 126 tests to 
see how many new nodes have been added for the current 
state of the representative training dataset. The training 
algorithm determines if the number of new nodes added for 
this size ANN is greater than or equal to five times the 
number of hidden layers in the ANN. If the number of new 
nodes added is not equal to or in excess of 5 times the 
number of hidden layers in the ANN, the training algorithm 
proceeds along the "no" path to block 128. At block 128, a 
new node is added according to the procedures discussed 
above and the training algorithm proceeds to train net block 
100 to continue training the artificial neural network with the 
addition of the new node. The training algorithm of this 
invention will then proceed as discussed above. 

5 technique (i.e., to avoid over-fitting). The process depicted 
in FIG. 13 can take place whenever the intermediate error 
goal discussed as part of the representative data selection 
embodiment of this invention is met after adding a data point 
(i.e., block 46 of FIG. 8). The weight trimming discussed in 

10 conjunction with FIG. 12 occurs in block 100 of FIG. 12. 
Block 144 of FIG. 13 corresponds to block 100 of FIG. 12. 

At block 144, the artificial neural network is trained with 
the currently selected dataset following the addition of a data 
point. While being trained, the ANN may reach a local 

15 minimum and the weights may have to be jogged or nodes/ 
layers added as described above in FIG. 12. The preset 
intermediate error goal may eventually be reached. The 
training algorithm proceeds to block 145 and determines 
whether the preset current error goal has been reached by the 

If the number of new nodes added exceeds five times the 
number of hidden layers, the training algorithm proceeds 
along the "yes" path from block 126 to block 130. At block 
130, the training algorithm determines whether a new layer 
has previously been added to the ANN. If the training 
algorithm has not previously added a new layer (since the 
last time it added a training data pattern), it proceeds along 
the "no" path to block 132 and adds a new layer to the 
artificial neural network. The training algorithm then pro­
ceeds to block 100 and continues to train the net with the 
newly added layer. If a new layer has been added since the 
last training pattern was added, the training algorithm pro­
ceeds along the "yes" path to block 134. 

20 training algorithm without getting stuck (i.e., without reach­
ing a local minimum). If the current error goal is reached 
without getting stuck, the training algorithm proceeds to 
block 148 along the "yes" path and increments the easiness 
counter. Once the easiness counter reaches a predetermined 

25 value (for example, "3") at block 154, the training algorithm 
determines that the ANN is too complex. Since we do not 
want to over-fit the data, if we find that the training algo­
rithm can add three data points and reach the intermediate 
error goal without getting stuck and having to take measures 

If a new layer has previously been added, it means that the 
training algorithm has previously added a number of nodes, 

30 such as jogging the weights or untrimming weights or 
adding nodes or layers, the training algorithm trims a certain 
percentage of the weights (for example, 5%) having the least 
absolute magnitude. 

has jogged the weights a number of times, and has added a 35 
layer because of the new training data pattern that has been 
added in the previous iteration. The training algorithm 
decides by going to block 134 that the training data pattern 
added recently is an out-lier and does not fit in with the other 
patterns that the neural network recognizes. In such a case, 40 
at block 134 the training algorithm removes that training 
data pattern from the representative training dataset and also 
removes it from the larger pool of data records from which 
the training algorithm is automatically selecting the training 
dataset. The training algorithm once again proceeds to train 45 
net block 100 and continues to train the network without the 
deleted data pattern. 

Returning to block 112, if the training algorithm decides 
that it has not fallen into the same minimum, it proceeds 
along the "no" path to block 138. At block 138, the training 50 
algorithm resets the jogging strength to give only a small 
random perturbation to the weights and parameters in an 
attempt to extricate itself from a new local minimum. If the 
training algorithm reaches a new local minima, we want the 
training algorithm to start over again. It is desirable to reset 55 
the jogging strength because to give a small random pertur­
bation to the weights and parameters. The intent is to start off 
with a small perturbation and see if it is sufficient to extricate 
the training algorithm from the new local minimum. 

After resetting the jogging strength in block 138, the 60 

training algorithm proceeds to block 136 and jogs the 
weights. The training algorithm proceeds to block 140, 
increases the jogging strength, and proceeds to block 100 
and trains the net with the newly increased jogging strength. 

FIG. 12 thus gives us an overview in operation of the 65 

various embodiments of the training algorithm of the 
method of the present invention. 

Having incremented the easiness counter in block 148, the 
training algorithm proceeds to block 154 and decides 
whether the easiness counter has reached a predetermined 
number, here three. If it has, the training algorithm trims 5% 
of the weights at block 152. The result of this is that those 
weights are taken out of the training algorithm and are not 
counted as part of the ANN, thereby resulting in a less 
complicated ANN that avoids over-fitting the data. 

From block 152, the training algorithm proceeds to block 
150 and resets the easiness counter. The training algorithm 
proceeds to step 500 where another data point is added, if 
necessary. The training algorithm returns to step 144 and the 
process repeats. 

If at block 154 the easiness counter maximum value has 
not yet been achieved, the training algorithm proceeds to 
step 500, adds another data point if required, and proceeds 
to step 144. From step 144, the process repeats as described 
above. Weights, therefore, are trimmed in response to an 
indication that the ANN is too complex (i.e., when a preset 
number of data points are added without the training algo­
rithm getting stuck). 

If at step 146 the current error goal has not been reached 
without getting stuck, the training algorithm proceeds to step 
150 and resets the easiness counter The training algorithm 
getting stuck is an indication that the ANN is not too 
complex for the given training dataset and hence no weights 
will be trimmed. 

FIG. 14 is a simplified block diagram showing represen­
tative applications for an ANN trained with the training 
algorithm of the present invention. The examples given on 
FIG. 14 are representative only. 

System 201 depicts a use of ANN 10 to predict and model 
financial data 301 inputs into stock market predictions 400 
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output (for example, 13-week high and low share value 
predictions). System 204 uses ANN 10 to take scientific 
manufacturing and process indication systems input 304 and 
provide as an output transient state identification diagnosis 
404. Similarly, system 206 uses ANN 10 to take the same 5 

scientific manufacturing and process indication systems 
input 304 and send the output from ANN 10 back into the 
same input-generating parameters as a control signal. 

System 208 demonstrates the use of ANN 10 for taking 
input signal 308 and outputting an adaptively filtered output 10 

408 that is then fed back into ANN 10 as an input to serve 

24 
if the error ratio is greater than the threshold value, 

multiplying the adaptive learning rate by a step­
down factor; and 

if a final trained state is achieved, deploying the neural 
network, otherwise, repeating steps (d)-(t) for as 
many iterations as necessary to reach the final trained 
state. 

2. The method of claim 1, further comprising the step of 
adjusting the values of the one or more weights based on the 
error calculated in step ( e) and the value of the adaptive 
learning rate. 

in producing a noise-filtered output. System 210 shows 
ANN 10 taking as an input a signal 310 and providing as an 
output a compressed signal 410. ANN 10 is serving as a 
model of a signal/information compression system. 

3. The method of claim 2, wherein said step of adjusting 
the values of the one or more weights further comprises 
adjusting the value of the one or more weights such that the 

15 error ratio can exceed the threshold value. 

The training algorithm method and system of the present 
invention provides the capability for working with much 
larger databases than the prior art. The training algorithm of 
the present invention is not fazed by large amounts of data 
as inputs as it can pick and choose a very small amount of 
data to accurately represent the entire dataset. The present 
invention can therefore be used to trainANNs to model very 
large and complex systems and to generate more properly 
sized ANNs having greater prediction efficiency. Examples 

4. The method of claim 2, wherein the adaptive learning 
rate and the one or more weights are adjusted in real-time. 

5. The method of claim 1, wherein said error ratio is equal 
to the ratio of the error of the current processing iteration to 

20 the error of an immediately preceding processing iteration. 
6. The method of claim 1, further comprising the step of 

selecting said input layer training pattern and said output 
layer training pattern with a combination clustering and 
adaptive representative data selection technique. 

7. The method of claim 1, further comprising the step of 
automatically optimizing the neural network size as the 
neural network is trained by adaptively adding nodes and 
layers as needed to maintain the neural network complexity. 

of systems which the training algorithm of the present 25 

invention can be used to train ANNs to model include large 
multi-variable systems such as nuclear power plants or any 
complex process management system having many signals. 
The present invention can also be used to train ANNs to 
model mapping applications, demographic applications, tar­
geted advertising, any form of commercial manufacturing 
and process information, scientific information, and any 
system that deals with very large and complicated databases. 

8. In a deployed neural network having an input layer and 
30 an output layer, a method for training the deployed neural 

network prior to deployment comprising the steps of: 

Although the present invention has been described in 
detail herein with reference to the illustrative embodiments, 35 

it should be understood that the description is by way of 
example only and is not to be construed in a limiting sense. 
It is to be further understood, therefore, that numerous 
changes in the details of the embodiments of this invention 
and additional embodiments of this invention will be appar- 40 

ent to, and may be made by, persons of ordinary skill in the 
art having reference to this description. It is contemplated 
that all such changes and additional embodiments are within 
the spirit and true scope of this invention as claimed below. 

What is claimed is: 45 

1. In a training system for a neural network, wherein the 
neural network has an input layer and an output layer, the 
training system training the neural network by performing a 
method comprising the steps of: 

50 
initializing the neural network with one or more weights 

of random value; 
setting an adaptive learning rate to an initial value; 
storing an input layer training pattern and an output layer 

training pattern; 
processing the input layer training pattern in the neural 

network to obtain an output pattern; 
calculating an error between the output layer training 

pattern and the output pattern; 

55 

if at least two output patterns have been obtained, calcu- 60 

la ting a new value for the adaptive learning rate, further 
comprising: 
calculating an error ratio to determine the change in 

error between training iterations; 
if the error ratio is less than a threshold value, multi- 65 

plying the adaptive learning rate by a step-up factor; 
and 

initializing the neural network with one or more weights 
of random value; 

setting an adaptive learning rate to an initial value; 
storing an input layer training pattern and an output layer 

training pattern; 
processing the input layer training pattern in the neural 

network using a gradient descent training algorithm 
with the adaptive learning rate to obtain an output 
pattern; 

calculating an error between the output layer training 
pattern and the output pattern; 

if at least two output patterns have been obtained, adjust­
ing the adaptive learning rate based on the change in 
error between iterations; 

if the adaptive learning rate equals a reset threshold, 
reprocessing the input layer training pattern as in step 
(d), further comprising: 
setting the adaptive learning rate to a new initial value; 
generating a plurality of prospective neural networks; 
initializing each of the plurality of prospective neural 

networks with a different only one set of weights 
from a plurality of sets of weights; and 

processing the training pattern in each of the plurality 
of prospective neural networks for a preset number 
of iterations using the gradient descent training algo­
rithm with the new value for the adaptive learning 
rate to determine if the error decreases; 

replacing the neural network with a most accurate of 
said each of the plurality of prospective neural 
networks; 

if the adaptive learning again equals the reset threshold, 
then, if steps (g) and (h) have occurred a preset 
number of times, assigning new random values to the 
one or more weights to reinitialize the neural net­
work and repeating steps (b )-(i), otherwise, increas-
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ing the number of said prospective neural networks 
and repeating steps (g) and (h); and 

if a final trained state is achieved, deploying the neural 
network, otherwise, repeating steps ( d)-(i) for as 
many iterations as necessary to reach the final trained 5 

state. 
9. The method of claim 8, wherein step (f) further 

comprises calculating a new value for the adaptive learning 
rate, comprising the steps of 

calculating an error ratio to determine the change in error 10 

between training iterations; 

if the error ratio is less than a threshold value, multiplying 
the adaptive learning rate by a step-up factor; and 

if the error ratio is greater than the threshold value, 
15 

multiplying the adaptive learning rate by a step-down 
factor. 

10. The method of claim 8, wherein the plurality of sets 
of weights in step (g) is created by adding a small random 
change to the current values of the one or more weights such 

20 
that each set of weights in said plurality of weights is 
different. 

11. The method of claim 10, wherein the adaptive learning 
rate and the one or more weights are adjusted in real-time. 

12. The method of claim 10, wherein said small random 
25 

change are sampled from a zero-mean, small-variance, 
multi-variate gaussian distribution. 

13. The method of claim 12, wherein said zero-mean, 
small-variance, multi-variate gaussian distribution is a wider 
distribution for each subsequent increase in the number of 

30 
said prospective neural networks in step (i). 

14. A method for optimizing during training the architec­
ture of a deployed neural network prior to deployment, the 
deployed neural network having an input layer, an output 
layer, and at least one intermediate hidden layer, and 

35 
wherein each layer contains at least one node, comprising 
the steps of: 

initializing the neural network with one or more weights 
of random value; 

training the neural network with a training algorithm; 40 

if the training algorithm cannot achieve a preset error 
goal, increasing the size of the artificial neural network 
to decrease prediction error, further comprising: 
adding a plurality of new intermediate hidden layers if 

a threshold number of new nodes have already been 

26 
added to one or more of the at least one intermediate 
hidden layers; 

if a threshold number of new nodes have not been 
added to the at least one intermediate hidden layers, 
adding a plurality of new nodes to one of the at least 
one intermediate hidden layers; 

repeating step (b) from the pre-addition state after each 
plurality of new nodes or the plurality of new inter­
mediate hidden layers is added to determine which of 
the plurality of new nodes or which of the plurality 
of new intermediate hidden layers provided the 
greatest error decrease; 

eliminating all others of the plurality of new nodes or 
the plurality of new intermediate hidden layers added 
except for the one new node or new intermediate 
hidden layer that provided the greatest error 
decrease; 

if a final error goal is not achieved, repeating steps 
(b )-( e) from the pre-elimination stage for as many 
iterations as necessary to achieve the final error goal; 
and 

deploying the neural network. 
15. The method of claim 14, further comprising the step 

of adjusting the values of the one or more weights after each 
new node or each new intermediate hidden layer is added to 
normalize the inputs throughout the artificial neural net­
work. 

16. The method of claim 14, wherein step (c) further 
comprises adding the plurality of new nodes to the smallest 
intermediate hidden layer. 

17. The method of claim 16, further comprising, in the 
case of a tie for smallest intermediate hidden layer, adding 
the plurality of new nodes to the smallest intermediate 
hidden layer closest to the input layer. 

18. The method of claim 14, wherein step (c) further 
comprises adding the plurality of intermediate hidden layers 
immediately before the output layer. 

19. The method of claim 14, wherein the training algo­
rithm has an adaptive learning rate. 

20. The method of claim 14, wherein the training algo­
rithm comprises a hybrid training algorithm further com­
prised of aspects of both gradient descent and stochastic 
artificial neural network training techniques. 

* * * * * 
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