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(57) ABSTRACT 

System and method for modeling a nonlinear process. A 
combined model for predictive optimization or control of a 
nonlinear process includes a nonlinear approXimator, 
coupled to a parameterized dynamic or static model, oper 
able to model the nonlinear process. The nonlinear approxi 
mator receives process inputs, and generates parameters for 
the parameterized dynamic model. The parameterized 
dynamic model receives the parameters and process inputs, 
and generates predicted process outputs based on the param 
eters and process inputs, Where the predicted process outputs 
are useable to analyze and/or control the nonlinear process. 
The combined model may be trained in an integrated man 
ner, e.g., substantially concurrently, by identifying process 
inputs and outputs (I/O), collecting data for process I/O, 
determining constraints on model behavior from prior 
knowledge, formulating an optimization problem, executing 
an optimization algorithm to determine model parameters 
subject to the determined constraints, and verifying the 

19, 2004. compliance of the model With the constraints. 
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PARAMETRIC UNIVERSAL NONLINEAR 
DYNAMICS APPROXIMATOR AND USE 

PRIORITY DATA 

[0001] This application claims bene?t of priority to US. 
Provisional Application 60/545,766 titled “Parametric Uni 
versal Nonlinear Dynamics Approximator and Use”, ?led 
Feb. 19, 2004, Whose inventors Were Bijan Sayyar-Rodsari, 
Edward Plumer, Eric Hartman, Kadir Liano, and Celso 
Axelrud. 

BACKGROUND OF THE INVENTION 

[0002] 1. Field of the Invention 

[0003] The present invention generally relates to the ?eld 
of predictive modeling and control, and more particularly to 
a combined modeling architecture for building numerically 
ef?cient dynamic models for systems of arbitrary complex 
ity. 

[0004] 2. Description of the Related Art 

[0005] Many systems or processes in science, engineering, 
and business are characteriZed by the fact that many different 
inter-related parameters contribute to the behavior of the 
system or process. It is often desirable to determine values 
or ranges of values for some or all of these parameters Which 
correspond to bene?cial behavior patterns of the system or 
process, such as productivity, pro?tability, ef?ciency, etc. 
HoWever, the complexity of most real World systems gen 
erally precludes the possibility of arriving at such solutions 
analytically, i.e., in closed form. Therefore, many analysts 
have turned to predictive models and optimiZation tech 
niques to characteriZe and derive solutions for these com 
plex systems or processes. 

[0006] Predictive models generally refer to any represen 
tation of a system or process Which receives input data or 
parameters related to system or model attributes and/or 
external circumstances/environment and generates output 
indicating the behavior of the system or process under those 
parameters. In other Words, the model or models may be 
used to predict behavior or trends based upon previously 
acquired data. There are many types of predictive models, 
including linear, non-linear, analytic, and empirical (e.g., 
statistical) models, among others, several types of Which are 
described in more detail beloW. 

[0007] OptimiZation generally refers to a process Whereby 
past (or synthesiZed) data related to a system or process are 
analyZed or used to select or determine optimal parameter 
sets for operation of the system or process. For example, the 
predictive models mentioned above may be used in an 
optimiZation process to test or characteriZe the behavior of 
the system or process under a Wide variety of parameter 
values. The results of each test may be compared, and the 
parameter set or sets corresponding to the most bene?cial 
outcomes or results may be selected for implementation in 
the actual system or process. 

[0008] FIG. 1 illustrates a general optimiZation process as 
applied to an industrial system or process 104, such as a 
manufacturing plant, according to the prior art. It may be 
noted that the optimiZation techniques described With 
respect to the manufacturing plant are generally applicable 
to all manner of systems and processes. More speci?cally, 
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FIG. 1 illustrates an optimiZation system Where a computer 
based optimiZation system 102 operates in conjunction With 
a process (or system) 104 to optimiZe the process, according 
to the prior art. In other Words, the computer system 102 
executes softWare programs (including computer based pre 
dictive models) that receive process data 106 from the 
process 104 and generate optimiZed decisions and/or 
actions, Which may then be applied to the process 104 to 
improve operations based on speci?ed goals and objectives. 

[0009] Thus, many predictive systems may be character 
iZed by the use of an internal model (e.g., a mathematical 
model) that represents a process or system 104 for Which 
predictions are made. As mentioned above, predictive model 
types may be linear, non-linear, stochastic, or analytical, 
among others. 

[0010] Generally, mathematical models are developed 
using one of tWo approaches (or a combination of both). One 
approach is to conceptually partition the system into sub 
systems Whose properties are Well understood, e.g., from 
previous experience or use. Each subsystem is then modeled 
using physical or natural laWs and other Well-established 
relationships that have their roots in earlier empirical Work. 
These subsystems are then joined mathematically and a 
model of the Whole system is obtained. The other approach 
to developing mathematical models is directly based on 
experimentation. For example, input and output signals from 
the system being modeled are recorded and subjected to data 
analysis in order to infer a model. Note that as used herein, 
static nonlinearity in the input/output mapping of a system 
is vieWed as a special case of the general nonlinear dynamic 
input/output mapping, and hence the techniques described 
are also applicable When only a static input/output mapping 
is to be modeled. 

[0011] The ?rst approach is generally referred to as ?rst 
principles (FP) modeling, While the second approach is 
commonly referred to as empirical modeling (although it 
should be noted that empirical data are often used in building 
FP models). Each of these tWo approaches has substantial 
strengths and Weaknesses When applied to real-World com 
plex systems. 

[0012] For example, regarding ?rst-principles models: 

[0013] 1. FP models are built based on the science under 
lying the process being modeled, and hence are better suited 
for representing the general process behavior over the entire 
operational regime of the process. 

[0014] HoWever: 

[0015] 2. First-principles information is often incomplete 
and/or inaccurate, and so the model and thus its outputs may 
lack the accuracy required. 

[0016] 3. Tuning of the parameters in the model is needed 
before the model could be used for optimiZation and control. 

[0017] 4. FP models may be computationally expensive 
and hence useful for real-time optimiZation and control only 
in sloWer processes. This is particularly apparent When the 
outputs in FF models are not explicit. For example, consider 
a model of the form G(yk, uk, xk=0, Where the output vector 
yk is an implicit function of input vector uk, state vector xk. 
In this case, an internal solver is needed to solve for yk at 
each interval. 
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[0018] 5. When the process changes, modi?cation of the 
?rst principles model is generally expensive. For example, 
designed experiments may be necessary to obtain or gener 
ate the data needed to update the model. 

[0019] Regarding empirical models: 

[0020] 1. Since data capture the non-idealities of the actual 
process, where data are available, an empirical model can 
often be more accurate than a ?rst-principles model. 

[0021] However: 

[0022] 2. The available data are often highly correlated 
and process data alone is not suf?cient to unambiguously 
break the correlation. This is particularly apparent when 
process operation is recipe-dominated. For example, in a 
linear system with 2 inputs and 1 output, a recipe may 
require two inputs to move simultaneously, one to increase 
by one unit and the other to decrease by one unit. If the 
output increases by one unit, the sign and value of the gain 
from the two inputs to the output cannot be uniquely 
determined based on these data alone. 

[0023] 3. Additional designed experiments are often 
needed in order to produce the necessary data for system 
identi?cation; however, designed experiments disrupt the 
normal operation of the plant and hence are thus highly 
undesirable. 

[0024] 4. Certain regions or regimes of operation are 
typically avoided during plant operation, and hence the 
representative data for that region may not be available. 

[0025] The complementary strengths and weaknesses of 
these two modeling routes are widely recogniZed, and efforts 
that combine the two are reported in the literature, some 
examples of which are described below. 

[0026] One approach for using both FP information/mod 
els and empirical data is to develop combined models. For 
example, in “Modeling Chemical Processes Using Prior 
Knowledge and Neural Networks,” AIChE Journal, vol. 40, 
p. 1328, 1994, by M. Thompson and M. Kramer, (Thompson 
(1994)), a proposal is made to combine ?rst-principles 
models with empirical nonparametric models, such as neural 
network models, in a hybrid architecture to model complex 
chemical processes, illustrated in FIG. 2. As FIG. 2 shows, 
inputs 201 are provided to a default parametric model 202 
and a non-parametric model 204 (e.g., a neural network), 
whose combined (and optionally processed) outputs Z 205 
are provided as input to a static nonlinear model 404, which 
then generates outputs 207. In Thompson’s proposed hybrid 
architecture the neural network (nonparametric model) 204 
is responsible for learning the difference between the default 
FP model 202 and the target data. Although the neural 
network is a nonparametric estimator capable of approxi 
mating this difference, it is also required to provide a 
negligible contribution to the model output for inputs far 
from the training data. In other words, the nonparametric 
model is required to contribute substantially in the opera 
tional range of the system, but not outside of this range. The 
training of the neural network in Thompson is therefore 
formulated as a semi-in?nite programming (SIP) problem 
(reducible to a constrained nonlinear programming (NLP) 
problem if all inequalities are ?nite or in?nite inequalities 
can be transformed into ?nite constraints) for which SIP 
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solvers (constrained NLP algorithms in the case of NLP 
problem) may be used for training. 

[0027] Another example of a combined model is described 
in “Identi?cation and OptimiZing Control of a Rougher 
Flotation Circuit using an Adaptable Hybrid Neural Model,” 
Minerals Eng., vol. 10, p. 707, 1997, by F. Cubillos and E. 
Lima (Cubillos (1997)), where a neural network model is 
used to model reaction rates for an ideal Continuous Stir 
Tank Reactor (CSTR) as a function of temperature and 
output concentration. In this example, the input and output 
data for the training of the neural network model is gener 
ated synthetically using the ideal CSTR model. Therefore, 
the neural network model is trained with explicit data for 
inputs/outputs of the neural network block in the combined 
model. In other words, the neural network block is detached 
from the combined model structure for training purposes, 
and is included in the combined model structure for opti 
miZation and control after training. Cubillos shows that the 
combined model has superior generaliZation capability com 
pared to the neural network models alone, and that the 
modeling process was easier than synthesiZing a PP model 
based on physical considerations. 

[0028] In “Hybrid First-Principles/Neural Networks 
Model for Column Flotation,” AIChE Journal, vol. 45, p. 
557, 1999, by S. Gupta, P. Liu, S. Svoronos, R. Sharma, N. 
Abdel-Khalek, Y. Cheng, and H. El-Shall (Gupta (1999)), 
yet another example of a combined model is presented, 
where the combined model is used for phosphate column 
?otation. In this approach, the FP model is obtained from 
material balances on both phosphate particles and gangue 
(undesired material containing mostly silica). Neural net 
work models relate the attachment rate constants to the 
operating variables. A nonlinear optimiZer in the form of a 
combination of simulated annealing and conjugate gradient 
algorithm is used for the training of the neural network 
models. 

[0029] An alternative approach to combining FP knowl 
edge and empirical modeling is to use FP information to 
impose constraints on the training of the empirical model. 
An example of this approach is reported in E. Hartman, 
“Training feedforward neural networks with gain con 
straints,” Neural Computation, vol. 12, pp. 811-829, April 
2000 (Hartman (2000)), where gain information is used as 
constraints for the training of the neural network models. 
Hartman develops a method for training feedforward neural 
networks subject to inequality or equality-bound constraints 
on the gains (i.e., partial derivatives of outputs with respect 
to inputs) of the learned mapping. Hartman argues that since 
accurate gains are essential for the use of neural network 
models for optimiZation and control, it is only natural to 
train neural network models subject to gain constraints when 
they are known through additional means (such as, for 
example, bounds extracted from FP models or operator 
knowledge about the sign of a particular gain). 

[0030] A further example of including ?rst principles 
knowledge in the training of an empirical model is a 
bounded derivative network (BDN) (i.e., the analytical inte 
gral of a neural network) as described in “Introducing the 
state space bounded derivative network for commercial 
transition control,” IEEE American Control Conference, 
June 2003, by P. Turner, J. Guiver, and B. Lines of Aspen 
Technology, Inc. (Turner (2003)), and illustrated in FIG. 3. 
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In this reference the BDN is proposed as a universal non 
linear approXimator. As FIG. 3 shows, in this approach, a 
state space model 302 is coupled to the BDN 304, and inputs 
301 are received by the state space model 302 and by the 
BDN 204. Based on the received input 301, the state space 
model then provides state information 303 to the GDN 204, 
as shoWn, and, based on the received inputs 301 and the 
received states 303, the BDN generates output predictions 
307. As indicated by the name “bounded derivative net 
Work”, the parameters of the nonlinear approXimator are 
trained through the application of a constrained NLP solver 
Where one set of potential constraints is the bounds on 
input/output gains in the model. 

[0031] Prior art approaches to using combined models (as 
described above) have used neural netWork models to rep 
resent the variation in a speci?c set of parameters in a PP 
model. The overall model is therefore the original FP model 
With some of its parameters varying depending on the 
input(s)/state(s) of the system. These prior art approaches 
are generally inadequate in the folloWing situations: 

[0032] 1. When the FP model does not fully describe the 
process. For eXample, if FP information for only a part of the 
process is knoWn, a combined model of the process that is 
appropriate for optimiZation and control cannot be built 
based on the prior art techniques (e.g., using the system of 
FIG. 2), even if representative measurements of all the 
relevant process variables are available. 

[0033] 2. When the FP model only implicitly describes the 
relationship betWeen inputs/states/parameters/outputs. The 
prior art approaches do not address the issue of training a 
neural netWork that models the parameters of an implicit FP 
model. 

[0034] 3. When higher-order ?delity of the input/output 
mapping (such as ?rst or second order derivatives of the 
outputs With respect to the inputs) is critical to the usability 
of the combined model for optimiZation and control. Prior 
art does not address the imposition of such constraints in the 
training of neural netWork models in the context of com 
bined models as depicted in FIG. 2. 

[0035] While the system described in Turner (2003) does 
address the issue of gain constraints in the proposed 
bounded-derivative-netWork (BDN), the training of the 
BDN is performed With eXplicit access to inputs and outputs 
of the trained model (similar to conventional training of a 
stand-alone neural netWork by a NLP solver), and the issue 
of bounded derivatives When a PP block appears in series 
With the output of the BDN is not addressed. More speci? 
cally, the bounded derivative netWork of Turner is used in a 
Wiener model architecture or structure (i.e. in a series 
connection With a linear state space model) to construct a 
nonlinear model for a physical process. The Weiner model 
architecture is illustrated in FIG. 4A, Where a static non 
linear model folloWs a linear dynamic model 402. Thus, the 
BDN of FIG. 3 may be considered a special case of the 
Weiner model of FIG. 4A. 

[0036] According to the Wiener model structure, the 
modi?cation of the BDN Will only affect the effective gain(s) 
betWeen the inputs and outputs of the model. The identi? 
cation of the dynamic behavior of the physical process 
occurs prior to the training of the BDN, and so changes in 
the state space model may require re-training of the BDN 

Aug. 25, 2005 

model. Indeed, the entire theory behind the training of the 
BDN in Turner (2003) is developed to ensure accurate 
representation of the process gains in the model. In an 
alternative but similar approach, FIG. 4B illustrates a Ham 
merstein model, Where the nonlinear static model 404 pre 
cedes the linear dynamic model 402. Similar to the Weiner 
model structure, the nonlinear static model 404 and the 
linear dynamic model 402 are developed or trained in 
isolation of each other, and so modi?cations in the dynamic 
model 402 generally requires re-training of the nonlinear 
static model 404. Further information regarding Weiner and 
Hammerstein models may be found in Adaptive Control, 
2nd Edition. 1994, by K. Astrom and B. Wittenmark. 

[0037] Thus, improved systems and methods for com 
bined models and their use are desired. 

SUMMARY OF THE INVENTION 

[0038] The present invention comprises various embodi 
ments of a system and method for modeling nonlinear 
process or systems. More speci?cally, a parametric universal 
nonlinear dynamics approXimator (PUNDA), also referred 
to as a PUNDA model, and its use are described. 

[0039] In one embodiment, the PUNDA model includes a 
nonlinear approXimator, coupled to a dynamic parameter 
iZed model in series. The nonlinear approXimator may be a 
neural netWork, although any type of nonlinear approxima 
tor may be used, including for eXample, support vector 
machines, statistical models, parametric descriptions, Fou 
rier Series models, or any other type of empirical or data 
based model, among others. In a preferred embodiment, the 
nonlinear approXimator is a universal nonlinear approxima 
tor, such that any type of nonlinear mapping may be imple 
mented. The nonlinear approXimator operates to provide 
parameters to the dynamic parameteriZed model. In some 
embodiments, the nonlinear approXimator (e.g., neural net 
Work) may also include a feedback loop, Whereby the output 
of the approXimator is provided as further input to itself, thus 
supporting dependencies of the output upon prior output of 
the approXimator. In some embodiments, the dynamics 
approXimator may reduce to a static function. 

[0040] In a preferred embodiment, the dynamic param 
eteriZed model may be a multi-input, multi-output (MIMO) 
dynamic model implemented With a set of difference equa 
tions, i.e., a set of discrete time polynomials. Thus, the 
dynamic parameteriZed model may receive its parameters 
from the nonlinear approXimator, and operate accordingly. 

[0041] The PUNDA model may be coupled to a physical 
process or a representation of the process. Process inputs 
may be provided to the process and to the PUNDA model as 
input. The process produces process outputs, Which may be 
combined or used With PUNDA model outputs to determine 
model errors, Which may then be provided back to the 
PUNDA model and used, e. g., With an optimiZer, to train the 
PUNDA model. 

[0042] Although the PUNDA model is described beloW in 
terms of a series combination of a neural netWork model and 
a set of MIMO difference equations that can be used to 
model any complex nonlinear dynamic system With any 
desired degree of accuracy, as noted above, other nonlinear 
approXimators and dynamic parameteriZed models are also 
contemplated. For eXample, in various embodiments, the 
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physical process may be described or represented by the 
process itself, a ?rst principles model, empirical data, or any 
combination of the three. For simplicity, in this training 
con?guration of the system, the representation of the process 
may be referred to as the process. 

[0043] The PUNDA model disclosed herein allows the 
empirical information and/or the ?rst-principles knowledge 
available about the process to be systematically used in 
building a computationally ef?cient model of the physical 
process that is suitable for online optimiZation and control of 
the process, i.e., substantially in real time. Additionally, such 
a model may be capable of approximating the nonlinear 
physical process with any desired degree of accuracy. 

[0044] It is noted that partial FP models that by themselves 
are not sufficient to fully describe a physical process (and 
hence are currently ignored in practice) could be used to 
build a representative model of the physical process with the 
proposed PUNDA structure. The neural network block in the 
PUNDA model may be trained while it is serially connected 
to the MIMO difference equation block, and hence, in 
general, the output of the neural network model may not be 
directly available. It is expected that the complexities of the 
real world physical processes may dictate the need for the 
training of the neural network model under such combined 
architecture in a majority of the applications, and indeed, 
such integrated training is a primary feature and bene?t of 
the present invention. 

[0045] A preferred methodology for the training of the 
neural network model within the PUNDA architecture is to 
formulate the training of the neural network parameters as a 
constrained nonlinear programming problem, which may 
then be solved with any appropriate NLP solver technology 
(e.g., Sequential Quadratic Programming (SQP)). The 
parameters of the neural network model may include: (a) 
parameters that determine the topology of the neural net 
work model (eg number of layers, connectivity of the 
network), (b) parameters that determine the type/shape of 
the activation function used at each node, and/or (c) weights/ 
biases in the network, among others. 

[0046] It is generally accepted that a successful model for 
optimiZation and control must accurately capture both pro 
cess gains and dynamics. To ensure the high ?delity of the 
combined PUNDA model for optimiZation and control, the 
constrained NLP problem for the training of the neural 
network model may include constraints on the derivatives 
(of any desired order) of the process outputs with respect to 
the process inputs. Other constraints, such as, for example, 
mass and energy balances, may also be included. 

[0047] In addition to the derivative constraints (the ?rst 
order of which are commonly referred to as gain constraints 
in the literature), the training of the neural network block in 
the PUNDA model can be constrained to ensure desired 
dynamic behavior for the PUNDA model. For example, a 
time constant in the system may be bounded to a certain 
range based on prior knowledge about the physics of the 
process. This is a key attribute that distinguishes the 
PUNDA model from prior art approaches. 

[0048] In one embodiment, the PUNDA model may be 
part of an industrial prediction/control system. For example, 
the PUNDA model may receive process outputs from the 
physical process and provides model output to a controller, 
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which in turn provides controller output to a distributed 
control system (DCS). Note that the controller preferably 
includes an optimiZer which receives, and operates accord 
ing to, optimiZer constraints, as is well known in the art. As 
is also well known, the DCS may operate to ?lter or 
otherwise provide checks or other processing regarding the 
controller output, e.g., for safety purposes, and to provide 
process inputs to the physical process, as well as the 
controller and PUNDA model. Of course, other components, 
such as pre- or post-processors may also be included as 
desired, such as, for example, between the process and the 
PUNDA model, for processing the process output data, etc. 

[0049] The (trained) PUNDA model may thus operate to 
control the process in an adaptive or dynamic manner. 
Further details regarding the PUNDA model and its training 
and use are provided below. 

[0050] One embodiment of a method for training a model 
of a nonlinear process is presented below for an embodiment 
of the PUNDA model using a neural network and a set of 
MIMO difference equations, although it should be noted that 
the method is broadly applicable to other types of PUNDA 
models, and to other types of nonlinear models in general. 

[0051] First, process inputs/outputs (I/O), i.e., I/O param 
eters, to be included in the model may be identi?ed, e.g., 
material inputs and outputs, conditions, such as temperature 
and pressure, power, costs, and so forth, e.g., via expert 
knowledge, programmatically through systematic search 
algorithms, such as correlation analysis, or other approaches 
or techniques. 

[0052] Data for the process input(s)/output(s) may be 
collected, e.g., from historical data available from plant 
normal operation, from other models, assembled or averaged 
from multiple sources, or collected substantially in real time 
from an operating process, e.g., from an online source. One 
or more signal processing operations may optionally be 
performed on the data, including for example, ?ltering the 
data to reduce noise contamination in the data, removing 
outlier data from the data set (i.e., anomalous data points), 
data compression, variable transformation, and normaliZa 
tion, among others. 

[0053] Prior knowledge about the process may optionally 
be assembled or gathered, e.g., operator knowledge regard 
ing the sign of a particular gain, or a residence time in the 
system, a partial or complete ?rst principles model of the 
process, e.g., in the form of a set of nonlinear differential or 
partial differential equations, among approaches. Well 
known methodologies exist to determine or extract con 
straints, such as derivatives of the outputs with respect to 
inputs (commonly referred to as gains), from ?rst principles 
models or information. The prior knowledge may be pro 
cessed to determine or create the constraints for the training 
problem. For example, commercially available software 
may be used to derive analytical expressions for the ?rst or 
higher order derivatives of the outputs with respect to the 
inputs, including these derivatives in the constraints. 

[0054] An order for the MIMO difference equations may 
be determined, i.e., the order of the equations comprised in 
the parameteriZed dynamic model may be determined. For 
example, in one embodiment, the order may be determined 
by an expert, i.e., one or more human experts, or by an 
expert system. In another embodiment, the order may be 
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determined as a result of a systematic optimization problem, 
in Which case the determination of the order of the model 
may be performed simultaneously or concurrently With the 
training of the model. 

[0055] An optimiZation problem may be formulated in 
Which model parameters are or include decision variables, 
e.g., Where an objective function operates to minimiZe 
model errors subject to a set of constraints. OptimiZation 
algorithms may be executed or performed to determine the 
parameters (i.e., values of the parameters) of the PUNDA 
model. 

[0056] Finally, satisfaction of the constraint set may be 
veri?ed and the value of the objective function may be 
computed. If the constraints are not satis?ed, or the objective 
value is not sufficiently small, formulating and solving the 
model optimiZation task may be repeated one or more times, 
e.g., via the use of heuristics or through the application of 
systematic analysis techniques, among others. For eXample, 
in a preferred embodiment, the data-independent gains of the 
model may be veri?ed using interval arithmetic over the 
global input region and/or interval arithmetic With input 
region partitioning. 
[0057] One embodiment of a method of operation of the 
PUNDA model in a control application for a physical 
process, e.g., a physical plant, is described, Where the 
PUNDA model couples to the physical process, and also to 
a controller Which operates to manage or control the process 
based on outputs from the PUNDA model. As mentioned 
earlier, hoWever, the methods presented herein are also 
contemplated as being broadly applicable in a Wide variety 
of application domains, including both physical and non 
physical (e.g., analytical) processes. 
[0058] The model may be initialiZed to a current status of 
the physical process to be controlled, e.g., to ensure that the 
PUNDA model and the physical plant are correctly aligned, 
and thus that the predictions produced by the PUNDA model 
are relevant to the physical process. In various embodi 
ments, the initialiZation may be performed by a human 
eXpert, and eXpert system, or via a systematic methodology 
of identifying the initial conditions of the model given 
available current and past measurements from the physical 
process, among others. 

[0059] Various attributes or parameters of the combined 
model and process may be determined or de?ned, such as, 
for eXample, control variable and manipulated variable (CV 
and MV) target pro?les, CV/MV constraint pro?les, distur 
bance variable (DV) pro?les, prediction and control hori 
Zons, objective function and constraints, and tuning param 
eters for the controller, among others. 

[0060] A pro?le for the MV moves or changes, i.e., a 
trajectory of the MV values, over the control horiZon may be 
generated, and the model’s response over the prediction 
horiZon may be observed, and the deviation from the desired 
behavior determined. In one embodiment, the MV pro?les 
may be determined by a human operator, although in a 
preferred embodiment, the MV pro?les may be determined 
programmatically, e.g., by an optimiZation algorithm or 
process. The model response to the presumed MV pro?le 
may be calculated over the prediction horiZon and compared 
to the desired behavior and constraints. The appropriateness 
or suitability of the MV pro?le may be measured or evalu 
ated by or via corresponding value or values of the objective 
function. 
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[0061] Then, an optimal MV pro?le may be determined. 
For eXample, in a preferred embodiment, the generation of 
the a trajectory and determination of the deviation from the 
desired behavior may be performed iteratively With different 
MV pro?les until a satisfactory predicted system response is 
obtained, preferably by using an optimiZer to systematically 
search for the optimal MV pro?les, e.g., by systematically 
seeking those MV moves or changes for Which the objective 
function is improved (e.g. minimiZed When the objective 
function re?ects the control cost) While respecting con 
straints. The determined optimal MV pro?le may be con 
sidered or referred to as a decision, and the corresponding 
model response may be considered or referred to as the 
predicted response of the process. 

[0062] Information related to or indicating the MV pro?les 
and corresponding model response (e.g., MV pro?les and 
predicted system response) may optionally be displayed 
and/or logged, as desired. A portion or the entirety of the 
decision (MV) pro?les may be transmitted to a distributed 
control system (DCS) to be applied to the physical system. 
In one embodiment, ?nal checks or additional processing 
may be performed by the DCS. For eXample, the DCS may 
check to make sure that a decision (e.g., a value or set of 
values of the manipulated variables) does not fall outside a 
range, e.g., for safety. If the value(s) is/are found to be 
outside a valid or safe range, the value(s) may be reset, 
and/or an alert or alarm may be triggered to call attention to 
the violation. 

[0063] The output of the DCS, e.g., the (possibly modi 
?ed) decision pro?les, may be provided as actual input to the 
physical process, thereby controlling the process behavior, 
and the input to the physical process (i.e., the output of the 
DCS) and the actual process response (i.e., the actual 
process outputs) may be measured. In a preferred embodi 
ment, the information may be fed back to the PUNDA 
model, Where the actual process input/output measurements 
may be used to improve the estimate of the current status of 
the process in the model, and to produce a neW deviation 
from the desired system response. The method may then 
repeat, dynamically monitoring and controlling the process 
in an ongoing manner, attempting to satisfy the objective 
function subject to the determined or speci?ed constraints. 

[0064] In one embodiment, the input/output of the process 
may be used to continue training the PUNDA model online. 
Alternatively, in other embodiments, the model may be 
decoupled intermittently for further training, or, a copy of 
the model may be created and trained of?ine While the 
original model continues to operate, and the neWly trained 
version substituted for the original at a speci?ed time or 
under speci?ed conditions. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0065] Abetter understanding of the present invention can 
be obtained When the folloWing detailed description of the 
preferred embodiment is considered in conjunction With the 
folloWing draWings, in Which: 

[0066] FIG. 1 an optimiZation system Where a computer 
based optimiZation system operates in conjunction With a 
process to optimiZe the process, according to the prior art; 

[0067] FIG. 2 is a block diagram of a combined model 
using parametric and nonparametric models, according to 
the prior art; 
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[0068] FIG. 3 illustrates a state space bounded derivative 
network, according to the prior art; 

[0069] FIGS. 4A and 4B illustrate Weiner and Hammer 
stein model structures, according to the prior art; 

[0070] FIG. 5A illustrates a parametric universal non 
linear dynamics approximator in a training con?guration, 
according to one embodiment of the invention; 

[0071] FIG. 5B illustrates the parametric universal non 
linear dynamics approximator of FIG. 5A in an industrial 
control system, according to one embodiment of the inven 
tion; 
[0072] FIG. 6 illustrates a node in a nonlinear approxi 
mator netWork, according to one embodiment; 

[0073] FIG. 7A illustrates an exemplary neural netWork, 
according to one embodiment; 

[0074] FIG. 7B illustrates an exemplary node in the neural 
netWork of FIG. 7A, according to one embodiment; 

[0075] FIG. 8 ?oWcharts one embodiment of a method for 
training a model, according to one embodiment of the 
present invention; and 

[0076] FIG. 9 ?oWcharts one embodiment of a method for 
operating a combined model, according to one embodiment 
of the present invention. 

[0077] While the invention is susceptible to various modi 
?cations and alternative forms, speci?c embodiments 
thereof are shoWn by Way of example in the draWings and 
Will herein be described in detail. It should be understood, 
hoWever, that the draWings and detailed description thereto 
are not intended to limit the invention to the particular form 
disclosed, but on the contrary, the intention is to cover all 
modi?cations, equivalents, and alternatives falling Within 
the spirit and scope of the present invention as de?ned by the 
appended claims. 

DETAILED DESCRIPTION OF THE 
EMBODIMENTS 

[0078] 
[0079] The folloWing references are hereby incorporated 
by reference in their entirety as though fully and completely 
set forth herein: 

[0080] US. patent application Ser. No. 10/350,830, titled 
“ParameteriZing a Steady State Model Using Derivative 
Constraints”, ?led Jan. 24, 2003, Whose inventor Was Gre 
gory D. Martin. 

[0081] Terms 

Incorporation by Reference 

[0082] The folloWing is a glossary of terms used in the 
present application: 

[0083] Objective Function—a mathematical expression of 
a desired behavior or goal. 

[0084] Constraint—a limitation on a property or attribute 
used to limit the search space in an optimiZation process. 

[0085] OptimiZer—a tool or process that operates to deter 
mine an optimal set of parameter values for a system or 
process by solving an objective function, optionally subject 
to one or more constraints. 
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[0086] Control Variables—process outputs, e.g., output 
states of the process or system being controlled. 

[0087] Manipulated Variables—manipulable inputs to the 
process being controlled. 

[0088] Disturbance Variables—inputs Which are not 
manipulable, e.g., ambient temp/pressure, etc., that affect the 
process, but Which are not controllable 

[0089] Target Pro?le—a desired pro?le or trajectory of 
variable values, i.e., a desired behavior of a variable, e.g., of 
a control variable or manipulated variable. 

[0090] Control HoriZon—the period of the time extending 
from the present into the future in Which one plans to move 
or change manipulated variables. Beyond this horiZon the 
MV is assumed to stay constant at its last or most recent 
value in the control horiZon. 

[0091] Prediction HoriZon—the period of time extending 
from the present into the future over Which the process or 
system response is monitored and compared to a desired 
behavior. A prediction horiZon is usually greater than the 
control horiZon. 

[0092] Memory Medium—Any of various types of 
memory devices or storage devices. The term “memory 
medium” is intended to include an installation medium, e. g., 
a CD-ROM, ?oppy disks 104, or tape device; a computer 
system memory or random access memory such as DRAM, 
DDR RAM, SRAM, EDO RAM, Rambus RAM, etc.; or a 
non-volatile memory such as a magnetic media, e.g., a hard 
drive, or optical storage. The memory medium may com 
prise other types of memory as Well, or combinations 
thereof. In addition, the memory medium may be located in 
a ?rst computer in Which the programs are executed, or may 
be located in a second different computer Which connects to 
the ?rst computer over a netWork, such as the Internet. In the 
latter instance, the second computer may provide program 
instructions to the ?rst computer for execution. The term 
“memory medium” may include tWo or more memory 
mediums Which may reside in different locations, e.g., in 
different computers that are connected over a netWork. 

[0093] Carrier Medium—a memory medium as described 
above, as Well as signals such as electrical, electromagnetic, 
or digital signals, conveyed via a communication medium 
such as a bus, netWork and/or a Wireless link. 

[0094] Medium—includes one or more of a memory 

medium, carrier medium, and/or programmable hardWare 
element; encompasses various types of mediums that can 
either store program instructions/data structures or can be 
con?gured With a hardWare con?guration program. For 
example, a medium that is “con?gured to perform a function 
or implement a softWare object” may be 1) a memory 
medium or carrier medium that stores program instructions, 
such that the program instructions are executable by a 
processor to perform the function or implement the softWare 
object; 2) a medium carrying signals that are involved With 
performing the function or implementing the softWare 
object; and/or 3) a programmable hardWare element con?g 
ured With a hardWare con?guration program to perform the 
function or implement the softWare object. 

[0095] Program—the term “program” is intended to have 
the full breadth of its ordinary meaning. The term “program” 
includes 1) a softWare program Which may be stored in a 
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memory and is executable by a processor or 2) a hardware 
con?guration program useable for con?guring a program 
mable hardware element. 

[0096] Software Program—the term “software program” 
is intended to have the full breadth of its ordinary meaning, 
and includes any type of program instructions, code, script 
and/or data, or combinations thereof, that may be stored in 
a memory medium and executed by a processor. Exemplary 
software programs include programs written in text-based 
programming languages, such as C, C++, Pascal, Fortran, 
Cobol, Java, assembly language, etc.; graphical programs 
(programs written in graphical programming languages); 
assembly language programs; programs that have been 
compiled to machine language; scripts; and other types of 
executable software. A software program may comprise two 
or more software programs that interoperate in some man 
ner. 

[0097] Computer System—any of various types of com 
puting or processing systems, including a personal computer 
system (PC), mainframe computer system, workstation, 
network appliance, Internet appliance, personal digital assis 
tant (PDA), television system, grid computing system, or 
other device or combinations of devices. In general, the term 
“computer system” can be broadly de?ned to encompass any 
device (or combination of devices) having at least one 
processor that executes instructions from a memory 
medium. 

[0098] FIGS. 5A and 5B—A Parametric Universal Non 
linear Dynamics Approximator 

[0099] FIGS. 5A and 5B illustrate a parametric universal 
nonlinear dynamics approximator (PUNDA), according to 
one embodiment. It should be noted that the block diagrams 
of FIGS. 5A and 5B are simpli?ed depictions and are 
intended to be exemplary only. In other words, there are 
components that may be required in actual systems which 
are omitted in the ?gures for clarity, such as, for example 
controller blocks, optimiZers, input and output processors, 
and so forth, these items not being necessary to understand 
the present invention. FIG. 5A is a high level block diagram 
of a PUNDA model 506, which uses a new architecture for 

combined models, coupled to a physical process (or system) 
104 or representation thereof, for purposes of training the 
PUNDA model 506. FIG. 5B is a block diagram illustrating 
the use of the PUNDA model in an industrial system. The 
PUNDA model may be stored on a memory medium of a 
computer system, and executed by a processor to implement 
the operations described herein. 

[0100] As FIG. 5A shows, in this embodiment, the 
PUNDA model 506 includes a nonlinear approximator 502, 
coupled to a dynamic parameteriZed model 504 in series. In 
one embodiment, the nonlinear approximator 502 may be a 
neural network, although any type of nonlinear approxima 
tor may be used, including, for example, support vector 
machines, statistical models, parametric descriptions, Fou 
rier series models, or any other type of empirical or data 
based model, among others. In a preferred embodiment, the 
nonlinear approximator is a universal nonlinear approxima 
tor, such that any type of nonlinear mapping may be imple 
mented. The_nonlinear approximator 502 operates to provide 
parameters p to the dynamic parameteriZed model 504, as 
shown. As indicated, in some embodiments, the nonlinear 
approximator (e.g., neural network) 502 may also include a 
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feedback loop 505, whereby the output of the approximator 
is provided as further input to itself, thus supporting depen 
dencies of the output upon prior output of the approximator. 

[0101] In a preferred embodiment, the dynamic param 
eteriZed model 504 may be a multi-input, multi-output 
(MIMO) dynamic model implemented with a set of differ 
ence equations, i.e., a set of discrete time polynomials, an 
example of which is provided below. Thus, the dynamic 
parameteriZed model 504 may receive its parameters p from 
the nonlinear approximator 502, and operate accordingly. 

[0102] As also shown in FIG. 5A, the PUNDA model 506 
may be coupled to the physical process 104 or a represen 
tation of the process 104. Process inputs 501 may be 
provided to the process 104 and to the PUNDA model 506 
as input. The process 104 produces process outputs 503, 
which may be combined or used with PUNDA model 
outputs 507 to determine model errors 509, as shown. These 
model errors 509 may then be provided back to the PUNDA 
model and used, e.g., with an optimiZer, to train the PUNDA 
model. 

[0103] In the descriptions that follow, the PUNDA model 
506 is described in terms of a series combination of a neural 
network model and a set of MIMO difference equations that 
can be used to model any complex nonlinear dynamic 
system with any desired degree of accuracy, although, as 
noted above, other nonlinear approximators and dynamic 
parameteriZed models are also contemplated. 

[0104] For example, in various embodiments, the physical 
process 104 of FIG. 5A may be described or represented by 
the process itself, a ?rst principles model, empirical data, or 
any combination of the three, among others. Examples of 
?rst principles models include a state space description of 
the process in the form of xk+1=Fk(xk, uk, pk), yk=Gk(xk, uk, 
pQ, or input/output difference equations in the form of 
yk=Gk(yk_1, . . . , yk_N, uk, . . . ,uk_M, pk). Here xk is the state 

vector, uk is the input vector (manipulated or disturbance 
variables), pk is the parameter vector, and yk is the output 
vector for the process. Examples of empirical data include 
test data for all process inputs/outputs, or correlated mea 
surements from normal operation of the process, e.g., plant, 
for certain input/output pairs. Other representations are also 
contemplated, including, for example, statistical models, 
parametric descriptions, Fourier series models, and empiri 
cal models, among others. For simplicity, in this training 
con?guration of the system, the representation of the process 
may be referred to as the process 104. 

[0105] The PUNDA model disclosed herein allows the 
empirical information and/or the ?rst-principles knowledge 
available about the process to be systematically used in 
building a computationally favorable (i.e., ef?cient) model 
of the physical process that is suitable for online optimiZa 
tion and control of the process. In other words, the compu 
tations may be made substantially in real time. Additionally, 
such a model may be capable of approximating the nonlinear 
physical process with any desired degree of accuracy, as will 
be described in detail below. 

[0106] It is noted that partial FP models that by themselves 
are not suf?cient to fully describe a physical process (and 
hence are currently ignored in practice) could be used to 
build a representative model of the physical process with the 
proposed PUNDA structure. The neural network block 502 
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in the proposed PUNDA model may be trained While it is 
serially connected to the MIMO difference equation block 
504, and hence, in general, the output of the neural netWork 
model 502 may not be directly available. It is expected that 
the complexities of the real World physical processes may 
dictate the need for the training of the neural netWork model 
502 under such combined architecture in a majority of the 
applications, and indeed, such integrated training is a pri 
mary feature and bene?t of the present invention. 

[0107] A preferred methodology for the training of the 
neural netWork model 502 Within the PUNDA architecture 
of FIG. 5A is to formulate the training of the neural netWork 
parameters as a constrained nonlinear programming prob 
lem. This constrained NLP problem may then be solved With 
any appropriate NLP solver technology (e.g., Sequential 
Quadratic Programming (SQP)). The parameters of the 
neural netWork model may include: (a) parameters that 
determine the topology of the neural netWork model (eg 
number of layers, connectivity of the network), (b) param 
eters that determine the type/shape of the activation function 
used at each node, and/or (c) Weights/biases in the netWork, 
among others. 

[0108] It is generally accepted that a successful model for 
optimiZation and control must accurately capture both pro 
cess gains and dynamics. To ensure the high ?delity of the 
combined PUNDA model for optimiZation and control, the 
constrained NLP problem for the training of the neural 
netWork model 502 may include constraints on the deriva 
tives (of any desired order) of the process outputs With 
respect to the process inputs. Other constraints, such as, for 
example, mass and energy balances, may also be included. 
Potential sources of information for such constraints include 
?rst principle models and operator knowledge. A variety of 
techniques may be used to translate such information into 
constraints for the NLP problem. For example, one approach 
is to use commercially available softWare, such as, for 
example, Maple, provided by Waterloo Maple, Inc., to 
derive analytical expressions for the ?rst (or higher order) 
derivatives of the outputs With respect to inputs in extremely 
sophisticated ?rst principles models. The derived expres 
sions may then be included in the constraint set for the NLP 
problem of neural netWork training. For further information 
regarding the use of derivative constraints for parameteriZ 
ing models, please see US. patent application Ser. No. 
10/350,830, titled “ParameteriZing a Steady State Model 
Using Derivative Constraints”, Which Was incorporated by 
reference above. 

[0109] In addition to the derivative constraints (the ?rst 
order of Which are commonly referred to as gain constraints 
in the literature), the training of the neural netWork block in 
the PUNDA model can be constrained to ensure desired 
dynamic behavior for the PUNDA model. For example, a 
time constant in the system may be bounded to a certain 
range based on prior knoWledge about the physics of the 
process. This is a key attribute that distinguishes the 
PUNDA model from prior art approaches. 

[0110] Thus, in contrast to the Weiner and Hammerstein 
model architectures described earlier, in the PUNDA model 
disclosed herein, the notion of decomposing the nonlinear 
dynamic behavior of a physical system into linear (or even 
nonlinear) dynamics and static input/output mappings is 
completely avoided. In the PUNDA model, the identi?cation 
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of the dynamic behavior of the physical process and the 
input/output static mappings (i.e. gain relationships) are 
performed simultaneously. The nonlinear approximator 
block 502, e.g., neural netWork, in the PUNDA model 506 
speci?es hoW the parameters of the dynamic parameteriZed 
model 504, e.g., the MIMO difference equation block, may 
vary as a function of process operating conditions, and gain 
and dynamic behavior of the PUNDA model is a global 
property of the entire PUNDA model. Therefore, a desired 
gain behavior may be enforced on the training of the 
PUNDA model in precisely the same Way that a desired 
dynamic behavior is enforced. 

[0111] Therefore, the PUNDA model disclosed here 
departs greatly from the classical notions of Wiener and 
Hammerstein models for describing nonlinear dynamic sys 
tems Where the behavior of the nonlinear dynamic system is 
conceptually decomposed into a linear dynamic system in 
series With a static nonlinear system (see FIGS. 4A and 4B, 
described above). As described above, in a PUNDA model, 
the nonlinear approximator block 502 determines and pro 
vides the parameters of the dynamic parameteriZed model 
504, e.g., the MIMO difference equations block, and there 
fore the input/output relationship in the PUNDA model does 
not pre-impose the conceptual decomposition inherent in the 
Wiener and Hammerstein model architectures or structures 
(for further information related to Weiner and Hammerstein 
models, please see M. Henson and D. Seborg, Nonlinear 
Process Control, Prentice Hall, 1997). It should be noted, 
hoWever, that the Wiener and Hammerstein models may be 
derived from the PUNDA model as special cases if certain 
simpli?cations are applied to the PUNDA model. 

[0112] Turning noW to FIG. SE, a simpli?ed block dia 
gram of the PUNDA model of FIG. 5A is illustrated as part 
of an industrial prediction/control system. As FIG. 5B 
shoWs, controller 512 receives process outputs 503 from the 
physical process 104 and provides controller output 515 to 
a distributed control system (DCS) 516. Note that the 
controller 512 preferably includes an optimiZer 514 that 
receives, and operates according to, optimiZer constraints 
513, as is Well knoWn in the art. As FIG. 5B also shoWs, the 
controller 512 also includes or couples to PUNDA model 
506. The optimiZer 514 provides trial model inputs 508 (e. g., 
MVs) to the PUNDA model 506, and the PUNDA model 
506 provides resulting PUNDA model output 507 (e.g., 
QVs) back to the optimiZer 514. As is Well knoWn in the art 
of optimiZation, the optimiZer 506 and PUNDA model 506 
operate in an iterative manner to generate an optimal set of 
MVs as controller output 515. In other Words, in a preferred 
embodiment, the controller output 515 is the ?nal iterate of 
the trial model input 508. 

[0113] The DCS 516 operates to receive the controller 
output 515, and provide process inputs 501 to both the 
physical process 104 and the controller 512, as shoWn. As is 
Well knoWn, the process inputs 501 may be used to control 
the operation of the physical process 104, and may also be 
used by the controller 512, e.g., for control optimiZation 
and/or adaptive training of the PUNDA model 506. As is 
also Well knoWn, the DCS 516 may operate to ?lter or 
otherWise provide checks or other processing regarding the 
controller output 515, e.g., for safety purposes. Of course, 
other components, such as pre- or post-processors may also 
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be included as desired, such as, for example, between the 
process 104 and the controller 512, e.g., for processing the 
process output data 503, etc. 

[0114] The (trained) PUNDA model 506 may thus operate 
to control the process 104 in an adaptive or dynamic manner. 
Further details regarding the PUNDA model and its training 
and use are provided beloW. 

[0115] Multi-Input Multi-Output Parametric Difference 
Equations 
[0116] As is Well knoWn in the art, FF or fundamental 
models are generally implemented as a set of partial differ 
ential equations. Standard methods for translating a differ 
ential equation into a difference equation model are Well 
established (see, for example, R. Middleton and G. Good 
Win, Digital Control and Estimation: A Uni?ed Approach. 
Prentice Hall, 1990.) Therefore, the approach disclosed 
herein may also be applied to systems described in continu 
ous time domain using the folloWing general description: 

X(I)=F‘("(I)> X0), PUD (1) 
y(l)=G‘("(l)> X0), PUD 

[0117] Representing the system of Eq. (1) in terms of a 
discrete time or difference formulation gives: 

yk=Gk(uk) xkil) Pk) 

[0118] Where xk e RNxxl is the state vector, uk 6 RNuxl is the 
input vector, yk e RNyxl is the output vector, and pk e RNlnxl 
is the parameter vector at time k. Note that for clarity of the 
derivation, xk and yk are de?ned as explicit functions of 
state_/input/p_arameters. Assuming that the system is initially 
at (x1°, ulc, y1°, plc), the state and the output of the system can 
be universally approximated by: 

[0119] Where parameter matrices, 01X], . . . , yXi, ‘QXXU, . . 

. , ‘Qypu, indicate or highlight the parametric nature of the 
difference equations describing the evolution of the state and 
output vectors of the nonlinear system under a transition, 
and Where H.O.C.T. stands for “higher order coupling 
terms” of the Taylor series expansion. Note that model form 
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of Eqs. (3) may be used to model or approximate phenom 
ena, e.g., as represented by Eq. (2), of any order, and to any 
accuracy desired, in that the order of the difference equations 
may be speci?ed, and the higher order coupling terms 
included as desired. The universal approximation property 
of the model of Eq. (3) may be proven by simply setting the 
coef?cients in Eq. (3) to the values of the coef?cients in a 
Taylor series expansion of Eq. (2), as is Well knoWn in the 
art. 

[0120] A special case of importance is When the state 
vector in Eqs. (2) or (3) can be constructed as an explicit 
function of current and past inputs/outputs. In this case the 
MIMO difference equation block may be modeled as a 
function of inputs/outputs (present and past) only, Which is 
extremely efficient for online optimiZation/control. This 
special case includes systems Where the evolution of the 
state is linear, i.e. Fk in Eq. (2) is a linear vector function. M. 
Phan, R. Lim, and R. Longman, “Unifying input-output and 
state-space perspectives of predictive control,” tech. rep., 
Dept. of Mech. & Aero. Eng., Princeton University, 1998, 
shoW that for a linear vector function Fk in Eq. (2), if the 
system is observable, an appropriate number of past inputs/ 
outputs are enough to construct the state vector completely. 
Therefore, the output y at any given time in the future can 
be expressed solely as a function of past inputs/outputs and 
current and future inputs. For example, under linear state 
and output equations in Eq. (3), the MIMO difference 
equation block can be replaced With: 

ypast i Upast (4) 

[0121] Where Ypast and Upast are the number of past out 
puts and inputs required to fully construct the state vector, 
and Ai and Bi are the coef?cient matrices of appropriate 
dimension. The bias term yinit is introduced as a parameter 
that encompasses both yic and the contribution from param 
eter perturbation (e.g., YX) 1 (6pk)) in the state update and yy) 
1 (opk) in the output update in Eq. Note that y“““, Ai, and 
Bi are varying parameters that are the outputs of the non 
linear approximator block (e. g., neural netWork) 502 in FIG. 
5A. The mathematical foundation for the training of such 
models is described beloW, as is a generally applicable 
methodology for constructing the constraint set for the 
training of the nonlinear approximator model 502 in the case 
of a neural netWork. 

[0122] It is contemplated that in most if not all cases, even 
a loW order expansion in Eq. (4), i.e. IXX= . . . =Iyp§n With 
n small, and higher order coupling or cross terms dropped, 
is an appropriate parametric model for representing complex 
nonlinear system if the coefficients (XX) 1, {3X} 1 YX) 1, (xy) 1,[3y> 
1, yy) 1, ‘QXXU, . . . , ‘QWP, and Qwu are outputs of a nonlinear 
model, such as a neural netWork, trained under the combined 
model structure depicted in FIG. 5A. The main advantage of 
a loW order model is that it is computationally ef?cient for 
online optimiZation and control. 

[0123] The parametric nature of the model facilitates 
easier maintenance of the models in that the deterioration of 
the model can be traced back to parameters, and online 
constrained training could be used to reduce parameter 



US 2005/0187643 A1 

errors. It is noted that for n22, these parameters may be 
related to physically meaningful properties of the dynamic 
system such as gain, damping factors, time constants, etc., 
hence further facilitating the maintenance of the model by 
operation personnel. 

[0124] Problem Formulation for the Training of the Non 
linear Model 

[0125] In one embodiment, the training of the nonlinear 
approximator block 502 in the PUNDA model (see FIG. 5A) 
may be formulated as a constrained nonlinear optimiZation 
problem for a simple feedforWard neural netWork With linear 
input and output layers and a single hidden layer With a 
sigmoidal activation function. HoWever, as noted earlier, the 
derivation described beloW applies for any nonlinear 
approximator used in the systems of FIGS. 5A and 5B. 
Examples of alternate nonlinear approximators include, but 
are not limited to, a nonlinear approximator With a different 
activation function (e.g., an n-th order integral of the sig 
moid function, With nil), or different topology (eg a 
different number of nodes, layers, and/or connectivity). 

[0126] Anode in the general nonlinear approximator block 
502 may be represented by the block diagram shoWn in FIG. 
6. This basic building block may appear at any position in 
the nonlinear approximator netWork. Note that this embodi 
ment, x0 is an af?ne function of the inputs hi to the block, and 
f(xO, p0) is a potentially parametric nonlinear mapping from 
xO to the output of the node, ho. The feedforWard neural 
netWork (With linear input and output layers, and a single 
hidden layer) for Which the expository derivations are pre 
sented herein is one of the most commonly adopted nonlin 
ear approximators to date. For the kth output unit of this 
neural netWork, the output of the node is the output of the 
nonlinear approximator model. For consistency of the nota 
tion With that used in FIG. 5A, the output of the kth output 
unit is denoted as pk. In this embodiment, it is also assumed 
that the activation function for this output unit is an identity 
function, i.e., f(xk, pk)=xk. The kth output unit may be 
described as: 

xk=2j(Wjkhj)+bk 
[0127] Where hj is the output of the jth hidden unit, WJ-k is 
the Weight from the jth hidden unit to the kth output unit, and 
bk is the bias term for the summation at the kth output unit. 
UtiliZing the same fundamental building block of FIG. 6 for 
the hidden units of the single hidden layer, the output of the 
jth hidden unit, hj, may be described as: 

[0128] Where x- is the input to the nonlinear activation 
. . .thl . . . . . 

function in the 1 hidden unit, Wij is the Weight from input 
ui to the jth hidden unit, bj is the bias of the jth hidden unit, 
and f(xj,pj) is a nonlinear (potentially parametric With 
parameter vector pj) activation function. Acceptable activa 
tion function include, but are not limited to, sigmoidal 
(“s-shaped”) functions such as 
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[0129] Which ranges from 0 to 1, or Z(xj)=tan h(xj), Which 
ranges from —1 to 1. Note that the input layer in this 
simpli?ed example is assumed as an identity unit and hence 
the inputs to the hidden unit are the inputs to the neural 
netWork. In general, hoWever, the input layer may admit the 
structure of FIG. 6, and/or the neural netWork may include 
additional inputs that are obtained by applying various 
signal processing operations to the inputs of the overall 
PUNDA model (e.g., tap delayed samples of an input, or 
linearly ?ltered versions of the input). 

[0130] A constrained optimiZation problem for the train 
ing of the expository nonlinear approximator block 
described earlier may be stated in the folloWing form: such 
that 

aykd azykd 
Lmd 5 Gm ‘121M’ yd, —. —, s Umd ayid amdawid 

[0131] Where the decision vector includes the parameter 
approximator netWork’s Weights and the biases, as Well as 
any potential parameter in the MIMO difference equation 
block that is not designated as an output of the parameter 
approximation block. Note that d indexes the dataset, Which 
in some embodiments may include synthetic data points, 
used for example in extrapolation training, tkd is the target 
output for the PUNDA model, and ykd is the predicted output 
of the combined model that is computed using the architec 
ture of the PUNDA model depicted in FIG. 5A. Also note 
that the sum-squared-error objective is minimiZed While 
simultaneously satisfying a set of constraints that may 
include constraints at each datapoint in the dataset or con 
straints over the entire input range. Other objective func 
tions, including but not limited to, the log of the absolute 
error may be used as appropriate. 

[0132] Constraints used during training may include, but 
are not limited to, functions of any or all of the folloWing: 
the parameter approximator inputs, the parameter approxi 
mator outputs, the parameter approximator parameters (eg 
Weights and biases), the PUNDA model inputs and/or out 
puts, and any number of derivatives of any order of the 
PUNDA model outputs With respect to the PUNDA model 
inputs. 

[0133] APreferred Methodology for Imposing Constraints 

[0134] Successful training of the nonlinear model (e.g., 
neural netWork) in the combined PUNDA model may 
require that certain constraints be satis?ed globally (inde 
pendent from the available data for the training of the 
model). In some cases it may be bene?cial to replace the 
exact constraints With appropriately constructed upper/loWer 
bounds. Interval arithmetic is described beloW in a preferred 
methodology for the derivation of such bounds under arbi 
trary order of the dynamic parameteriZed model 504, e.g., 
MIMO difference equation block, and arbitrary architecture 
of the nonlinear approximator block 502, e.g., the neural 
netWork block. 




















