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ADAPTIVE LEARNING ENHANCEMENT TO
AUTOMATED MODEL MAINTENANCE

TECHNICAL FIELD
This application relates to system modeling. In particular, the application relates

to automated model maintenance.

DESCRIPTION OF RELATED ART

A neural net is useful in a wide range of applications.

For example, neural nets have gradually become a preferred approach for building
a mathematical model of a system, especially when the dynamics of the system is
unfamiliar and/or not well-defined, because neural net models are c;lpable of providing
universal approximation.

It is generally desirable for a neural net which is trained as a mathematical model
of a system to be representative of thé current dynamics of the system. However, since a
neural net model is trained with a set of training data which represents specific samples of
the system dynamics, the degree to which the model accurately represents the dynamics
of the system cannot be better than that made available by the set of training data. The
model’s power of representation can be affected both by changes in system dynamics and
by changes in the mode or domain of system operation. Both factors are more than likely
to come into play for a real-world system.

Automated maintenance methodologies for adapting a system model to
accommodate changes in the systems dynamics or to operational conditions need to be
able to deal with both types of changes in order for the model to be useful and be able to

provide optimal performance on a long-term basis.
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Hidden layer nets with squashing node functions and back-propagation-of-error
learning constitute one possible system modeling technique. However, selecting net
parameters for an adaptive learning process for a hidden layer net is a rather delicate art.
In addition, it has not been shown that automated maintenance of a hidden layer net
model is possible.

Other adaptive learning techniques have been proposed. However, a common
characteristic of conventional adaptive learning techniques is that a significant amount of
newly available data is required before meaningful adaptive learning results can be
expected. The requirement of a.large pool of new data limits the expeditiousness of
model update using conventional techniques. In addition, some conventional adaptive
learning techniques consist essentially of training a new model using the newly available
data and weights in the existing model but not the data used to train the existing model.
Such techniques generally cannot achieve a level of training quality that can otherwise be
obtained by training the net with a combined set of the original training data together with
the new training data.

Therefore, there is need for improved automated model maintenance
methodologies which can be used to update a system model expeditiously and can be
used to update a system model when new data become available. The weights of the
updated model is then a least-squares solution for the system model, trained to operate
optimally in a task domain spanned by the composite of the old and new training data
sets.

SUMMARY

The application provides an adaptive learning method for automated maintenance

-
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of an artificial neural-net model of the dynamics of a given system, operating in specified
regions of task domain. In one embodirﬁent, the method includes training a neural net
model with an initial set of training data, storing partial products of the trained model,
and updating the trained model by using the stored partial products and new training data
to compute weights for the updated model. The new training data can include sfreaming
data, and the method may be used to update the trained neural net model in real time with
the streaming new training data.

The new updated model is formed without need for repeated use of the initial set
of training data. The partial products of the previous traiﬁing operation and the new set of
data suffice to serve as the basis for formation of an updated system model, without need
for explicit repeated use of the old original set of data. The updated model is of the nature
of a least-squares solution to the task of learning a model of the system response to an
mput. The updated model is efficient in storage and in computation. There is no need to
maintain storage of old data once they have been used in training, only condensations of
that data, in the form of the partial products, need to be stored. The model is nevertheless
an accurate least-squares solution of the composite set of data comprising both the old
data and the new data.

BRIEF DESCRIPTION OF THE DRAWINGS

The features of the present application can be more readily understood from the

following detailed description with reference to the accompanying drawings wherein:

FIG. 1 shows a flow chart of a an adaptive learning method for automated
maintenance of a neural net model, in accordance with one embodiment of the present

application;
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FIG. 2 shows a high-level schematic diagram of a functional-link net with a linear
output node and non-linearity contained in the functional-link layer;

FIG. 3 shows a flow chart of a stream learning process which uses a modified
orthogonal least-squares technique;

5 FIG. 4 shows a flow chart of a process for creating an initial model, according to
one embodiment;

FIG. 5 shows a flow chart of a process for automatic model maintenance,
according to one embodiment, which combines the improved adaptive learning
methodologies of this application and local net adaptive learning;

10 FIG. 6 shows a plot of an exemplary function (Equation 21 below); and
FIG. 7 shows a table of results using adaptive least-squares learning in connection

with the example corresponding to FIG. 6.
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DETAILED DESCRIPTION

A functional-link net with linear output nodes allows relatively simple adaptive
learning to be carried out (as compared with, for example, hidden layer nets using
squashing node functions with back-propagation-of-error learning). The functional-link
net architecture together with the orthogonal functional-link net (OFLN) methodologies
(which provide automatic determination of net structure) can be used for automated
model creation and maintenance, and is described in U.S. application no. 60/374,020,
filed 19, 2002 and entitled “AUTOMATIC NEURAL-NET MODEL GENERATION
AND MAINTENANCE”, which is incorporated in its entirety herein by reference.
According to the OFLN methodologies, the weights are adjusted through a weighted
average of the weights in the existing model and weights that fit the newly available data.

However, determination of optimal scaling in a weighted average may be difficult in
some instances. In addition, the original weights are the least-squares results of the
original training data, and the new weights are the least-squares results of the new
training data, but the weighted average results, even with optimal scaling, are worse than
the least-squares results of training using a combined set of the original training data and
new training data, in most instances.

Adaptive learning can also be carried out using local nets under some
circumstances, which are described in U.S. application no. 60/373,977, filed April 19,
2002 and entitled “AUTOMATIC MODEL MAINTENANCE THROUGH LOCAL
NETS”, which is incorporated in its entirety herein by reference.

The local nets technique can be used independent of net structure but is better

suited for cases in which the newly available data are in a range different from the range
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of the original data with which an existing model was trained. When a local net is trained
with data in a range that overlaps the range of the existing system model, the “memory”
of the existing model is lost since the newly created local net overshadows the existing
model and renders the existing model unavailable over the range of the local net.

This disclosure describes improved adaptive learning methodologies (referred to
herein as “adaptive learning enhancement”) for automated model maintenance which do
not require a large collection of new data, and may be applied to update a system model
with streaming new data. According to the adaptive learning enhancement of this
application, some previously computed results in the form of partial products are stored
and used for updating the model. The amount of storage space for storing partial products
information depends on the size of the model, but not on the amount of the original data.
Therefore, the adaptive learning enhancement is scalable to very large data sets. Since
the adaptive learning enhancement can utilize any number of new patterns, it may be used
to process streaming data for real time updates.

According to one embodiment (FIG. 1), an adaptive learning method for
automated maintenance of a neﬁral net model comprises training a neural net model with
an initial set of training data (step S11), storing partial products of the trained model (step
S12), and updating the trained model by using the stored partial products and new
training data to compute weights for the updated model (step S13).

The partial products are a condensed representation of the data with which the
existing model was trained, and can be used in combination with new training data to
update the existing model expeditiously, such that the updated model appears to be

trained using a combined set comprising the new training data and the original data used
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to train the existing model.

While the trained model is updated without using again the initial set of training
data, the weights of the updated model are a least-squares solution for training the neural
net model with a combined set consisting of (i) the new training data and (ii) the initial
set of training data. An amount of stored partial products information of the trained
model depends on the size of the neural net model but not on the size of the initial set of
training data. Therefore, storage requirements are reduced, and model update can be
performed expeditiously. The trained model may be updated by using the stored partial
products along with a forgetting factor a.

The neural net model preferably includes a functional link net, and the weights of
the updated model are computed using an orthogonal least-squares technique. The
method may further comprise determining a plurality of candidate functions, and selected
ones of the candidate functions are used to create the functional link net model. The
updated model may have more or less functional link nodes than the original trained
model. The method may in addition include generating reserve candidate functions after
the neural net model is trained, until a number of unused candidate functibns reaches a
predetermined threshold number. Selected ones of the unused candidate functions may
be used to expand the functional link net model. The method may further comprise
computing a least-squares error of the updated model. The least-squares error may be
used to determine whether to continue or stop adding nodes from the candidate list.

The method may further comprise determining additional partial products by
using the new training data, determining updated partial products for the updated model

by using the stored partial products and the additional partial products, and storing the
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updated partial products. The method may in addition include updating further the
updated model, when additional new training data become available, by using the
additional new training data and the updated partial products.

According to one embodiment, the method may further comprise determining
whether the new training data falls in a range of the initial set of training data, and
creating one or more local nets by using the new training data, if the new training data
does not fall in the range of the initial set of training data.

The method may be applied when the new training data include streaming data, to
update the trained neural net model in real time with the streaming new training data. For
example, the method may further comprise receiving streaming new training data,
computing additional partial products corresponding to the streaming new training data,
as the streaming data is collected, and computing the weights for the updated model by
using the additional partial products corresponding to the streaming new training data.

The adaptive learning enhancement can be used to update the linear weights of a
functional-link net to the true least-squares solution for the combined set of original data
and newly available data, without a need to store and retain the original data. The
adaptive learning enhancement can be used in combination with hierarchical clustering
and modified orthogonal least-squares learning, to add new nodes and representational
power to the net without sacrificing accuracy of the solution, and is suitable in situations
in which a range of operations of the system remains approximately the same but newly
available data provide more detail. In other circumstances, the adaptive learning
enhancement may be used in conjunction with other adaptive learning techniques, such as

local-net adaptive learning, as warranted by the characteristics of the new data as well as
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the state of the current model. The adaptive learning enhancement and local net adaptive
learning, in combination, provide an effective and robust solution to the problem of
automatic model maintenance.

The adaptive learning enhancement can be performed in place of the weight-
adjusting technique on functional-link nets with linear output nodes. In contrast to other
adaptive learning techniques which update an existing model without using the
previously used data to train the existing model, the adaptive learning enhancement
expeditiously combines newly available data with partial products which effectively
represent the previously used training data, without a need to have available the body of
previously used data. The set of newly computed weights of the updated model obtained
from effectively combining the new data and the previously used data are the exact least-
squares solution for the combined set of data, with the same node functions. The
adaptive learning enhancement can be applied to update the model with new data even if
the new data consists of only one new pattern. Therefore, the adaptive learning
enhancement can be applied to a data stream (referred to herein as “stream adaptive
learning”) and can be carried out in real time as long as an amount of time for processing
a largely fixed amount of computation is less than the time interval of the data stream.

Stream adaptive learning, as applied through a least-squares technique to a
functional-link net architecture, is discussed below. FIG. 2 shows the structure of a
functional-link net with a linear output node and non-linearity fully contained in the
functional-link layer.

A functional link net can be used to approximate any scalar function, such as the

following, with a vector of inputs x and a scalar output y:

—9—



WO 2004/107264 PCT/US2004/016177

10

15

20

y = y(x) (1)
Since a vector function can be decomposed into scalar dimensions and therefore can be
approximated with multiple output nodes or multiple nets, the example of a single output
node does not cause loss of generality.

One of the adaptive learning tasks is to improve the approximation of the scalar
function y(x), given (1) a set of newly obtained associated pattern pairs {(x,, y,)}, wherein
g=1, ..., Q, and (ii) an existing model constructed using a previously obtained set of
pattern pairs {(x,, )}, whereinp =1, ..., P.

The linear sum of a set of non-linear basis functions, f{(x), whereinj =1, ..., J,
can be used to represent, as illustrated in FIG. 2, an approximation of the function in

Equation (1). This representation can be written as follows:

y(x)= zwjf; (x) 2)

Equation (2) is an approximation. An error term may be added in addition on the
right hand side to make it a true equality. The error term is dropped in the interest of
clarity in the immediately following discussion. However, the issue of the error term will
be revisited in the discussion further below.

Although radial basis functions such as Gaussians are frequently selected as fj(x)
in Equation (2), other functions, such as sigmoids or wavelets, can also be used. When
expressed in matrix term, Equation (2) can be rewritten as follows:

y=Fw 3)

10—
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The value of o can be chosen to balance between the rate of change of data and the rate
of change in the system dynamics. The introduction of a also provides an opportunity to
learn how fast the system evolves. If one can optimize the value of o based on
minimizing errors in model output, by monitoring the history of o values, one can
estimate the change characteristics of the system and that may also provide guidance for
more efficient selection of future o values.

Solving Equation (8) with new data only requires availability of partial products,
which can be computed from the training data in one pass. There is no restriction on the
number of newly available patterns since the sizes of F,'F, and F,'y, are also J x Jand J x
1, respectively, and are independent of the number of patterns. Therefore, stream adaptive
learning is extremely suitable for processing real-time updates to the model. Since an
amount of time for solving Equation (8) for w’ is dependent only on the net structure and
therefore is more or less constant, as long as the machine which processes the update is
fast enough so that the amount of time for computing a new set of weights w' is less than
the data acquisition time interval, real-time updating of the weights can be achieved.

While any technique for solving a system of linear equations, such as Gaussian
Elimination, Lu Decomposition and so on, can be used to solve Equation (8) the
orthogonal least-squares (OLS) methodology provides useful characteristics of
importance in the present context. For example, with OLS, it is easy to make incremental
changes in the number of nodes.used in the model. This is an important and useful trait of
the methodology. For example, for some circumstances, an updated model (updated with
newly available data) it might be appropriate for a data-updated model to have a smaller
number of functional-link nodes than the original model. On the other hand, stream

—13—
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adaptive learning also allows for expansion to be reserved by making the size of the F,F,
matrix larger than warranted by the actual number of nodes in the net These matters can
be achieved relatively simply in the context of the OFLN technique as discussed herein
below. The capability of modifying net structure for stream adaptive learning is in
contrast to other adaptive learning techniques for which modifications of net structure
would be difficult to achieve.

Since summation of partial products is carried out before Equation (8) can be
solved (for w'), the form of the equation reduces to the form of Equation (4) and
notations in Equation (4) are used in the discussion herein below.

In order to apply the OLS methodology to Equation (4), the OLS methodology is
adapted from its original form to apply to Equation (3). The modified procedure can be
represented as follows

F=HA ©)
and
y=Fw=HAw=Hg ' (10)
The columns of H are orthogonal, and therefore H'H is diagonal, and A is an upper-
triangular matrix with ones on its diagonal. The H and A matrices can be constructed
using the Gram-Schmidt method, with which the other non-zero elements of A can be
represented as follows:

a; = <fihy> / <h; h{> (11
wherein i > j and “<” denotes an inner-product operation. With a;; = 1, hy = f;, the
following is true:

<f; hy> = <hy hy> - FPFu (12)

—14—
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The inner-products can be computed recursively as follows

i1

k=1 (1 3)
and
i-1
<hjh; >=<f ;h;>=(F'F); - Zajk <f;h>
k=1 (14)
5 By applying a pseudo-inverse to Equation (10), the elements of vector g can be
represented as follows:
g = <h;y>/<hjh> (15)

In addition, by applying the following:
10 <h; y>=<f1y>= (F'yx (16)

the numerator of Equation (15) can be recursively computed as follows:

-1
<h;y >= (F! ¥); —Zajk <h,y >
k=1 (17)

The inverse of the A matrix, which can be computed as before, together with the g
vector can finally determine the values of the weights w.

15 It is shown hereinabove that the weights can be determined through remembering
partial products F'F and F'y, by using the OLS technique. In addition, a limitation may
be placed on the nmumber of functional-link nodes which are added from a list of
candidates in actual implementation, based on computation of least-squares errors.
Putting the dropped error term back into Equation (10) and rearranging the terms, the

20  vector of pattern error may be determined as follows:

~15—
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e=y-Hg (18)

And the least-squares error may be determined as follows:
E=<ee>=<yy>-<y (Hg)>- <(Hg) y>+ <(Hg)(Hg)> (19)
The last three terms on the right-hand side of Equation (19) are equal to one
another due to the least-squares property and therefore the two of them cancel each other.
Keeping the middle one of the three terms for convenience, and using matrix format,

Equation (19) can be simplified to the following:

E=yy-gHy (20)
Since g and H'y can be computed from Equations (1 5) and (17), the least-squares
error can be computed by storing y'y. The size of y'y, like the other partial products also
does not depend on the number of patterns but only on the number of outputs of the net.
According to the modified OLS technique, as discussed above, once the
functional-link candidates are determined, the OLS process for solving for the weights w
and for computing least-squares error E does not distinguish whether the training is to
create an initial model or to adapt an existing model. The initial values of partial
products F'F, Fy, and y'y can be set to 0 for model creation. The modified OLS
technique is advantageous as compared to the original OLS technique which works
directly on F, because the modified OLS implementation automatically has adaptive
learning capability. Since the values of the partial products can be computed with one
pass of data, the modified OLS technique can achieve adaptive learning of a data stream.
There is at least one difference between the creation of a model and adapting an
existing model which is not related to the OLS technique. For the creation of a model,
before the OLS technique is applied, a list of functional-link candidates is generated

—16—
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during which unsupervised learning is carried out first and therefore access to the data is
needed. Stream learning is not used for creating a model (independent of the modified
OLS process which does not limit stream learning), if a list of candidate functions is not
available. However, as long as a list of candidate functions is available, stream learning
can be carried out, and more specifically adaptive learning can be achieved using the
process illustrated in FIG. 3.

A summary of the stream adaptive least-squares learning process using a modified
OLS technique is illustrated in FIG. 3. Data points {x, y} are collected as they are
received (step S31). At an appropriate time, such as when the data stream ends or pauses,
the F matrix is computed based on the collected data (step S32). Next, partial products
F'F, F'y and y'y are determined (step S33), and then weights w are computed by using the
modified OLS technique (step S34). |

There is one restriction for carrying out stream adaptive learning. The list of
candidate functions is fixed during the adaptive learning. However, it is the list of
candidate functions, not the net structure, that is fixed during adaptive learning. Under
some circumstances, adaptive learning may result in a net structure that has less nodes
than the original net. The updated net can have more nodes than before, as long as the
list of candidate functions has not been exhausted originally.

By using the OFLN technique, a sufficient list of candidate functions can be
prepared in advance. The OFLN technique utilizes hierarchical K-means clustering to
generate a list of candidate functions. The parameters of the candidate functions are
derived from the locations of cluster centers and the spread or ‘radii’ of the functions.

Functions may be added sequentially from the list of candidates since configuration of the

~17—
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clustering eliminates a need to carry out forward selection, which may otherwise be
necessary.

FIG. 4 shows a summary of a process for creating an initial model and preparing
reserve functions for adaptive learning later. Reserve candidate functions may be
generated by carrying out one or more additional levels of clustering in addition to the
levels of clustering for satisfying the training target (for example, leaf clusters may be
split into smaller clusters) (step S41). Additional functions are evaluated based on
parameters of the new clusters (step S42), and the new functions are used to expand or
fill in the matrices F'F, F'y, and y'y, in order to pave the way for more effective adaptive
learning afterwards (step S43). In practice, a threshold in terms of a certain percentage of
the number of nodes, which were used to build the initial net, can be used to guide the
generation of reserve candidate functions.

Next, weights w and error E may be computed using the modified OLS technique
(step S44). At the point where the initial model is satisfactory (step S45, Yes), the
number of unused candidate functions can be examined to see if it already exceeds the
threshold (step S46). If the number of unused candidate functions exceeds the threshold
(step S46, Yes), the initial model creation process stops. If the number of unused
candidate functions has not reached the threshold (step S46, No) or if the model is not yet
satisfactory (step S45, No), one or more levels of additional clustering can be carried out
(step S41) to generate more candidate functions until the model is satisfactory or the
threshold is exceeded. |

The parameters of clustering may be configured to control the number of new

clusters to be generated, based on a number of additional reserve functions for reaching
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the threshold, in order that addition of the reserve functions does not greatly reduce the
efficiency of the initial training. For example, if the number of additional reserve
functions to be added to reach the threshold is small, the biggest leaf clusters may be
further split into smaller ones, rather than splitting all leaf clusters.

Another advantage of the procedure illustrated in FIG. 4 is that the process to
generate candidate functions through clustering is incremental and can be integrated with
the construction of the net thus enhancing the implementation of automatic clustering
complexity control. In contrast, according to conventional radial basis net techniques, the
kernel functions are generated in advance.

Once the initial model is created, further adaptive learning can be carried out
according to a process illustrated in FIG. 3. In contrast to creation of an initial model,
adaptive learning can be applied to a data stream.

The use of reserve functions allows the net to expand as warranted during stream
adaptive learning while achieving least-squares results for the effectivély combined
training set. The newly available data, however, generally must be in the same range as
existing data, when radial basis functions are used as node functions. When the list of
candidate functions is generated, selected candidate functions are placed according to
where the data are. Since a radial basis function is local in nature, i.e. its value
approaches zero as distances go to infinity, regions in which there are no functions simply
cannot be approximated.

However, local net adaptive learning, which is described in U.S. Application No.
60/373,977, entitled “AUTOMATIC MODEL MAINTENANCE THROUGH LOCAL

NETS”, can be applied when new data falls in a range which is not covered by the
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From the time the existing model is created, the F matrix contains the outputs of
the J functional-link nodes for the original P patterns and has the size P x J. The output
y, which is a P x 1 matrix, contains the predicted values output by the model for the P
patterns. The weights w of the net, which is a J x 1 matrix for a single output,
corresponds to the least-squares solution of Equation (3), which can be obtained by
solving the following system of linear equaﬁons:

F'y=F'F)w @

According to one adaptive learning technique, a least-squares solution of Equation
(3) is obtained for a combined set of previously used training data and newly obtained
data. The least-squares solution corresponds to a net structure trained with the entire
combined set. Using F, to denote the part of F matrix resulting from the previously
obtained set of data, F, to denote the part of F matrix resulting from the newly obtained
set of data (containing Q patterns) and similar representations for y, Equation (3) for this

case can be expressed equivalently as follows:

P
= w’
Yol U ©

F, is of size P x J, F, is of size Q x J, y, is of size P x 1, y, is of size Q x 1, and w'
remains of size J x 1 but contains weights fit for the combined data set. The least-squares
solution of w' of Equation (5) can be obtained using the following process:
y F
O g | g

q q

(6)

By multiplying out the parts of the matrices, Equation (6) can be transformed as

~11-
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follows:

F,'y,+F, 'y, =(F,'F, +F, F,) w' %

By comparing Equation (7) and Equation (4), it is evident that in order to solve
the system of linear equations in Equation (7), either K, F,, y, and y, (or equivalently the
previously and newly obtained data) must be available, or alternatively, partial products
F,'F, and F,'y, can be stored and only newly obtained data are required. While the sizes
of F and y depend on the number of available patterns, the sizes of partial products F,'F,,
and F,'y, are J x J and J x | respectively, and therefore depend only on the size of the net
(i.e. the number of nodes). Therefore, expenditure of storage space is less of a concern
when partial products are stored as compared to storage of the original patterns. In
addition, storing the partial products can save the time of computing them again.

According to the stream adaptive learning methodologies, partial pfoducts are
stored for carrying out adaptive learning. Adaptive learning using the partial products
yields an exact least-squares solution of the system dynamics learning task based on
information supplied by a combined set of previously used data and newly available data.

For circumstances where system dynamics continue to evolve with time, it may be
useful to be able to allocate greater importance to new data than to old data. This can be
done with use of a forgetting factor a, with a value in the interval [0.0, 1.0]
Incorporating the forgetting factor o into Equation (7), Equation (8) may be obtained as
follows:

(1 - )F, 'y, + F,'y, = (A - OF, F, + E,/F)w’ )

As the value of o increases, the contribution of the existing patterns diminishes.
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functions. Local net adaptive learning is suited, for example, for situations in which the
new data points fall into systems space domains and data ranges different from those of
the original data.

A process combining stream adaptive learning and local net adaptive learning to
achieve robust automatic model maintenance is described below, with reference to FIG.
5.

When a new data point is passed through the model to obtain a mode! prediction
(step S51), an error of the prediction is compared to a threshold t1 (step S52). If the error
is less than the threshold t1 (step S52, Yes), the model is not updated. Otherwise, it is
determined whether the data point is within the range of the model (step S53). In a case
in which the model is created through OFLN methodologies and is composed of radial
basis functions, it is easy to determine if a new data point falls inside theﬂrange of the
model by examining the centers and radii. For new data points inside the range of the
model (step S53, Yes), stream adaptive learning can be invoked to update the model (step
S54). If the new data points fall outside the range of the model (step S53, No) and the
error is less than a threshold t2 (step S55, Yes), the new data point is stored (step S56). .If
the new data points fall outside the range of the model (step S53, No) and the error has
reached the threshold 12 (step S55, No), a local net can be established to cover the new
region (step S57). The local net can be created using OFLN with modified OLS
technique and therefore can stream-adaptively be updated using new data points falling
into its range. The combination of the two techniques, which have complementary
effects, provides a fobust solution to automatic model maintenance. FIG. 5 illustrates a

combined adaptive solution which uses a double threshold scheme as described in
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application no. 60/373,977.

The following simple example of 2-D (two-dimensional) function approximation
is provided for illustrative purposes to demonstrate the effectiveness of stream adaptive
learning with reserve node functions. We suppose the function to be approximated is of
the following form:

z = sin(57zx) cos(5my) 21
wherein x and y are in the interval [0.0, 1.0]. A 3-D plot of the function in Equation (21)
is provided in FIG. 6.

The original training set is constructed by sampling on a set of grid points. For
both x and y coordinates, the grid points are selected with a step of 0.125 starting from 0.
This results in a total of 81 points in the original training set. In order to illustrate the use
of reserve functions, the clustering configuration used in creating the initial model was
obtained through binary split at each level and clustering all the way to single member
clusters. Using OFLN with modified OLS methodology, the initial model was created
using 79 nodes with 99 additional reserve functions. For this example, due to a limited
number of patterns, selective splitting of clusters mentioned previously was not carried
out and thus a seemingly large number of reserve functions was obtained. Also, the
OFLN technique utilizes all clusters in the cluster hierarchy as they are generated (as
opposed to only the leaf clusters), which caused the total number of candidate functions
to be larger than the number of training patterns for this extreme case of configuration.

FIG. 7 summarizes the results [of modeling Equation (21)]. The target training

error was le-4 in all cases. The resulting training error and the ANOV A R? values for the
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initial training set appear to be excellent. In order to test the model performance, a much
finer grid was used to create a test set. The step size used was 0.01 for both x and y
coordinates. The performance of this seemingly good model over the test set Was
however very poor, as also shown in FIG. 7. The grid used to generate the original
training set was perhaps not fine enough and therefore failed to capture some peak
positions.

Using the same step value of 0.125 but with an alternative starting value 0£0.0625
for both x and y coordinates, a second training set of 64 patterns was constructed for the
purposes of adaptive learning. The second training set also misses some peak positions
but the two sets complement each other and together they capture all the peak positions.
A total of 34 reserve functions were added in the process using stream adaptive least-
squares learning, and the updated model therefore contained 113 nodes. As shown in
FIG. 7, the third row, the updated model performed well for the test set.

For comparison purposes, the two training sets were combined together and used
to create a new model. The training and testing results of the new model are shown as the
last row in FIG. 7. The performance of the updated model is comparable with the
performance of the new model, and the updated model even outperformed the new model
on the test set. The slight difference in performance is due to a difference in clustering
since data in both sets were used in clustering for creating the new model, but only data
points in the first set were used for the original model. The difference is also reflected in
the different numbers of nodes in the updated model and in the new model, respectively.

The weight update technique of adaptive learning fails for a case of severe under-

specification, because neither of the two data sets independently contains nearly enough

20—



10

15

20

WO 2004/107264 PCT/US2004/016177

detail for the problem. When modeling is based on each of the data sets individually, each
model introduces large errors in regions in which information is missing. Since such
regions complement each other in the two sets for this case, a weighted average causes
the model to be inaccurate for all regions that miss information in either of the two sets.

The adaptive learning enhancement to automatic model maintenance described in
the present disclosure uses stored partial products obtained from applying an original set
of training data, to adaptively update the model with new data, without using the
previously used training data, and obtains the result that the weights of the updated model
are a least-squares solution for the combined set of previously used data and new training
data. The sizes of the partial products are dependent on the size of the model, but not on
the number of patterns in the training data set. As discussed above, a forgetting factor
can be used to leverage an amount of history which is retained depending on the
characteristics of change in the system to be modeled.  The adaptive learning
enhancement can be performed with only one pass of data and can be carried out with as
few as one new pattern, such as when data is streaming. Therefore, stream adaptive
learning is highly scalable.

When adaptive least-squares learning is combined with local net adaptive
learning, according to the adaptive learning enhancement of this disclosure, the
combination can provide an effective and robust solution to the problem of automatic
model generation and maintenance. On the one hand, one or more new local nets can be
established for data points which fall into previously unknown regions. On the other
hand, each local net in the combined solution can be created and adaptively updated using

adaptive least-squares learning enhancement for novel data points which fall inside
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known regions of the local net.

Additional applications of the adaptive learning enhancement are possible. For
example, many computer application software employ system model methodologies to
provide the application with abilities similar to human pattern recognition and predictive
skills. For some of these applications, new data may be available periodically (or
sporadically) for updating the system model. The following are just a few examples in
which application software can be adapted with pattern recognition, predictive or other
intelligent skills through system modeling and the model is updafced by applying the
adaptive learning enhancement.

A retailer periodically needs to determine the amount of merchandise to be
ordered from a supplier in order to avoid running out of inventory in the upcoming
month, while not keeping too much inventory (for example, above what is needed for the
month). Enterprise resource planning software may include means for modeling the
dynamics of the retail business and for making predictions of future sales, based on recent
sales, current inventory, historical trend, etc. For example, the model may be trained to
reflect seasonal buying patterns (such as during holiday seasons) through historical data.
However, the dynamics of the retail business may change and therefore the model may
require update. In addition, many factors (for example, weather, economic conditions,
etc.) may cause a deviation from historical patterns in a particular season. Streaming data
may be collected and used to update the model for the season, in order to adapt to the
changed conditions affecting the system.

The adaptive learning enhancement also may be applied to, for example, profiling

(which is known in the information technology art as “data mining”), to look for
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interesting data patterns in a system and, for example, associate them with (as an effect
of) a cause or (as a cause of) an effect. For example, a model of consumer buying
tendencies may be developed through training with a set of consumer profile data
maintained by an eBusiness application for a selected group of consumers. After the
original model is established, consumer buying tendencies may change as a result of
many factors, such as fashion trends, expectations affected by improving technology, etc.
Therefore, the model may need to be periodically updated or even updated with
streaming new data as the data is collected.

As another example, utilization of resources in an enterprise information system
may vary according to assorted factors (or combination of factors), such as time (for
example, hour of day, day of week, or month of year, etc.), user or group, resource, etc.
A model for allocating enterprise system resources may be developed based on historical
resource utilization patterns. However, the original model may need to be updated, if, for
example, new technologies such as wireless network interfaces are introduced into: the
enterprise resource pool, after the existing Amodel is developed. System resource
utilization differs substantially when wireless network interfaces are available as
compared to when only conventional network interfaces are available. In addition, the
changes occur, not immediately, but over a period of time. Therefore, resource utilization
data may be collected dynamically, and used to update the model in order to account for
changes to utilization patterns caused by the availability of the new technology.

As yet another example, a value prediction model may be trained for business
intelligence to model market prices for a commodity, such as electric power. In the

electric power business, managers of a local utility may decide on a daily basis which
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electric plants are run in production, and how much power to buy or sell on the market,
based on forecasts of the next day’s demand and price. These decisions may be made on
an hour-by-hour basis for the following day, and therefore forecasts are desired for each
hour of the following day. A model may be trained to predict the next day’s hourly
demand for electric power based on the outdoor temperature and actual demand in the
previous 24 hours. Adaptive updates may be required after the production process‘ is
changed, for example, to comply with new environmental regulations, which cause
associated changes to production outputs, costs, etc. In addition, since the predictive
ability must be updated based on new data as soon as possible, use of streaming new data
is closer to being a requirement than an option, and therefore stream adaptive learning is
appropriate and preferred.

The above specific embodiments are illustrative, and many variations can be
introduced on these exemplary embodiments without departing from the spirit of the
disclosure or from the scope of the appended claims. For example, elements and/or
features of different illustrative embodiments may be combined with each other and/or
substituted for each other within the scope of this disclosure and appended claims.

Additional variations may be apparent to one of ordinary skill in the art from
reading the following U.S. applications, which are incorporated in their entireties herein
by reference:

(2) Serial No. 60/374,064, filed April 19, 2002 and entitled “PROCESSING

- MIXED NUMERIC AND/OR NON-NUMERIC DATA?;

(b) Serial No. No. 10/418,659, filed April 18,2003 and entitled “PROCESSING

MIXED NUMERIC AND/OR NON-NUMERIC DATA”;
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(c) Serial No. 60/374,020, filed April 19, 2002 and entitled “AUTOMATIC
NEURAL-NET MODEL GENERATION AND MAINTENANCE”;

(d) Serial No. 10/374,406, filed February 26, 2003 and entitled “AUTOMATIC
NEURAL-NET MODEL GENERATION AND MAINTENANCE”;

5 (e) Serial No. 60/374,024, filed April 19, 2002 and entitled “VIEWING MULTI-
DIMENSIONAL DATA THROUGH HIERARCHICAL VISUALIZATION”;

(f) Serial No. 10/402,519, filed March 28, 2003 and entitled “VIEWING MULTI-
DIMENSIONAL DATA THROUGH HIERARCHICAL VISUALIZATION;

(g) Serial No. 60/374,041, filed April 19, 2002 and entitled “METHOD AND

10  APPARATUS FOR DISCOVERING EVOLUTIONARY CHANGES WITHIN A
SYSTEM”;

(h) Serial No. 10/412,993, filed April 14, 2003 and entitled “METHOD AND
APPARATUS FOR DISCOVERING EVOLUTIONARY CHANGES WITHIN A
SYSTEM”,

15 (1) Serial No. 60/373,977, filed April 19, 2002 and entitled “AUTOMATIC
MODEL MAINTENANCE THROUGH LOCAL NETS”;

() Serial No. 10/401,930, filed March 28, 2003 and entitled “AUTOMATIC
MODEL MAINTENANCE THROUGH LOCAL NETS”;

(k) Serial No. 60/373,780, filed April 19, 2002 and entitled “USING NEURAL

20 NETWORKS FOR DATA MINING”;

(1) Serial No. 10/418,671, filed April 18, 2003 and entitled “USING NEURAL

NETWORKS FOR DATA MINING™. |

In addition, this application claims the benefit of commonly assigned U.S.
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provisional application Serial No. 60/473,320, filed May 23, 2003 and entitled
“ADAPTIVE LEARNING ENHANCEMENT TO AUTOMATED MODEL

MAINTENANCE”, which is incorporated in its entirety herein by reference.
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What is claimed is:

1. An adaptive learning method for automated maintenance of a neural net model,
comprising:

training a neural net model with an initial set of training data;

storing partial products of the trained model; and

updating the trained model by using the stored partial products and new training

data to compute weights for the updated model.

2. The method of claim 1, wherein the trained model is updated without

additionally using the initial set of training data.

3. The method of claim 2, wherein the weights of the updated model are a least-
squares solution for training the neural net model with a combined set consisting of (i)

the new training data and (i1) the initial set of training data.

4. The method of claim 1, wherein an amount of information corresponding to
the partial products of the trained model depends on the size of the neural net model but

not on the size of the initial set of training data.

5. The method of claim 1, wherein the trained model is updated by using the

stored partial products along with a forgetting factor o.

6. The method of claim 1, wherein the neural net model includes a functional link
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net.

7. The method of claim 6, wherein the weights of the updated model are

computed using an orthogonal least-squares technique.

8. The method of claim 6, wherein the updated model has more functional link

nodes than the trained model.

9. The method of claim 6, further comprising computing a least-squares error of

10  the updated model.

10. The method of claim 6, wherein the updated model has less functional link

nodes than the trained model.

15 11. The method of claim 6, further comprising:
determining a plurality of candidate functions,
wherein selected ones of the candidate functions are used to create the functional

link net model.

20 12. The method of claim 11, further comprising generating reserve candidate
functions after the neural net model is trained, until a number of unused candidate

functions reaches a predetermined threshold number.
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13. The method of claim 12, wherein selected ones of the unused candidate

functions are used to expand the functional line net model.

14. The method of claim 1, further comprising:
5 determining additional partial products by using the new training data;
determining updated partial products for the updated model by using the stored
partial products and the additional partial products; and

storing the updated partial products.

10 15. The method of claim 14, further comprising updating further the updated
model, when additional new training data become available, by using the additional new

training data and the updated partial products.

16. The method of claim 1, further comprising:
15 determining whether the new training data falls in a range of the initial set of
training data; and
creating one or more local nets by using the new training data, if the new training

data does not fall in the range of the initial set of training data.
20 17. The method of claim 1, wherein the new training data includes streaming

data, and the method is used to update the trained neural net model in real time with the

streaming new training data.
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18. The method of claim 1, further comprising:

receiving streaming new training data;

computing additional partial products corresponding to the new training data; and
computing the weights for the updated model by using the additional partial

5  products corresponding to the new training data.

19. A computer system, comprising:

a processor; and

a program storage device readable by the computer system, tangibly embodying a
10  program of instructions executable by the processor to perform the method claimed in

claim 1.

20. A program storage device readable by a machine, tangibly embodying a
program of instructions executable by the machine to perform the method claimed in

‘15 claim 1.

21. A computer data signal transmitted in one or more segments in a transmission

medium which embodies instructions executable by a computer to perform the method

claimed in claim 1.
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