
CONTROLLING A MANUFACTURING PROCESS WITH A MULTIVARIATE MODEL TECHNICAL
FIELD [001] The invention generally relates to data analysis and control of
a manufacturing process, and particularly to controlling a manufacturing
process with a multivariate model. BACKGROUND [002] In many industries,
very large data sets are collected both in manufacturing, and in the
research and development. Manufacturing processes are sometimes categorized
as "batch" manufacturing processes or "continuous" manufacturing processes.
In batch manufacturing processes, a series of steps with a beginning step
and an ending step are performed on a set of raw and/or processed materials
to produce an output. In some batch processes, processing occurs at a
single workstation (e.g., a chamber or container) involving one or more
process tools (e.g., process tools within the chamber or container).
Examples of batch manufacturing processes include semiconductor wafer
processing (e.g., processing a single wafer results in a set of chips),
pharmaceutical processing (e.g., the process results in an intermediate or
final output set of chemicals or drugs), or biotechnology processing (e.g.,
the process results in a particular biological fermentation or cell culture
process). In continuous manufacturing processes, materials are
manufactured, processed or produced substantially without interruption.
Examples of industries employing continuous manufacturing processes are,
for example, the petrochemical industry (e.g., oil and gas) or the float
glass industry. [003] One difference between batch production and
continuous production is that for continuous manufacturing processes the
chemical transformations of input materials are made in substantially
continuous reactions occurring in flowing streams of materials, while in
batch processing, chemical transformations are performed discretely, e.g.,
in containers or chambers. [004] In the semiconductor device manufacturing
industry, device manufacturers have managed to transition to more closely
toleranced process and materials specifications by relying on process tool
manufacturers to design better and/or faster process and hardware 



configurations. However, as device geometries shrink to the nanometer
scale, complexity in manufacturing processes increases, and process and
material specifications become more difficult to meet.[005] A typical
process tool used in current semiconductor manufacturing can be described
by a set of several thousand process variables. The variables are generally
related to physical parameters of the manufacturing process and/or tools
used in the manufacturing process. In some cases, of these several thousand
variables, several hundred variables will be dynamic (e.g., changing in
time during the manufacturing process or between manufacturing processes).
The dynamic variables, for example, gas flow, gas pressure, delivered
power, current, voltage, and temperature change based on, for example, a
specific processing recipe, the particular step or series of steps in the
overall sequence of processing steps, errors and faults that occur during
the manufacturing process or changes in parameter values based on use of a
particular tool or chamber (e.g., referred to as "drift"). [006] Similarly,
in pharmaceutical and biotech production, regulatory agencies such as the
U.S. Food and Drug Administration require compliance with strict
specifications on the manufacturing processes to maintain high quality
products with very small variation around a specified quality profile.
These specifications necessitate on-line measuring of process variables and
additional multidimensional sensor techniques such as, for example, process
gas chromatography, near-infrared spectroscopy, and mass spectroscopy.
Ideally, data measured during manufacturing processes are available for
real-time analysis and/or correction to provide indications or information
concerning how close the process conditions are to the process
specifications and to correct for deviations from specification. [007]
Regulatory agencies often require manufacturers to demonstrate a process is
maintained within a certain "knowledge space," where the knowledge space
includes an operating region that has been explored through experimentation
and/or mechanistic knowledge. For example, in the pharmaceutical and
biotechnology industries, this concept is known as "Quality by Design" or
"QbD." The knowledge space can also be referred to as the "design space"
and generally includes an operating region that has produced products that
have been verified to meet a specified quality standard. [008] Process
variables are frequently related to yield or response variables. The 



process variables can be thought of as predictors or indicators of the
yield or response variables based on an underlying relationship between the
variables. Data indicative of the process and yield variables are measured
and stored during a manufacturing process, either for real-time or later
analysis. [009] Generally, two categories of data are associated with a
manufacturing process. One type of data, usually denoted X-type data (e.g.,
X data, X-variables, X sets, orobservation-level data), are indicative of
factors, predictors, or indicators. X-type data are used to make
projections or predictions about, for example, the manufacturing process or
results of the manufacturing process. Another type of data, usually denoted
Y-type data (e.g., Y data, Y-variables, Y sets), are indicative of yields
or responses of the manufacturing processes. X-type data and Y-type data
are generally related. Often the exact relationship between the X-type data
and Y-type data are uncertain or difficult or impossible to determine. The
relationship can, in some instances, be approximated or modeled by various
techniques (e.g., linear approximation, quadratic approximation, polynomial
fitting methods, exponential or power-series relationships, multivariate
techniques (such as principal component analysis or partial least squares
analysis) among others). In such cases, the relationship between Xtype data
and Y-type data can be inferred based on observing changes to both types of
data and observing the response such changes cause to the other set of
data. [0010] One way to analyze and control manufacturing processes is
known as "statistical process control" ("SPC") or "multivariate statistical
process control" ("MSPC"). Generally, the statistical process control
method is an open loop process in which a system provides
multivariate-based monitoring of a manufacturing process to determine
whether the process is operating normally. The system monitors the
manufacturing process to determine whether the output product meets
standards, whether the process operates consistently with past desirable
operation, or other monitoring criteria. When the statistical process
control system detects a deviation from normal operation, an alarm is
triggered signaling the deviation to an operator or process engineer. The
operator or process engineer interprets the alarm and determines the
underlying cause of the deviation. The operator or engineer then manually
takes corrective action to return the manufacturing process to normal
operating conditions. One drawback of SPC or MSPC processes is the
requirement that a process 



engineer or operator diagnose a problem and manually implement corrective
steps. [0011] Moreover, existing statistical process control methods are
more difficult to apply to batch processes. Control over batch
manufacturing processes involves monitoring a process and maintaining the
process (e.g., by adjusting process parameters) along a trajectory that
corresponds to a desirable result for the batch. This approach to applying
multivariate control strategies to batch processes attempts to optimize a
batch-level score space, and then determine the process trajectory that
results in the optimized score space.SUMMARY [0012] Drawbacks of previous
approaches include downtime associated with the process engineer receiving
and interpreting the alarm and then deciding on and implementing corrective
action. The concepts described herein involve a closed loop process for
controlling the manufacturing process, based on a model (e.g., a predictive
model). The predictive model is incorporated into a system or method to
detect and identify faults in the manufacturing process and automatically
manipulate or control the manufacturing process to maintain desirable
operating parameters. Using the model-predictive concepts described here
allow automated control over batch processes, e.g., by adjusting batch
trajectories during processing to control or optimize the result of the
batch process. Conceptually, the approach described here adds a layer of
multivariate control (e.g., automated control) above and beyond process
monitoring. Thus, in addition to detecting and diagnosing potential issues
in the process, the method, system, and controllers described here can
implement corrective action (e.g., by modifying operating parameters of the
process) substantially in real-time via a closed loop process, resulting in
higher and more consistent quality, less culled or scrapped materials or
final products, less downtime, and less opportunity for human error. [0013]
The concept of "Quality by Design" promotes the use of control methods that
adjust process conditions to assure desirable and consistent quality.
Traditional model-based control methods are not suitable for batch
manufacturing processes and are not designed to constrain a batch process
within a design space, hence the these control methods manipulate the
manufacturing process into new, unexplored operating regions that are
outside the design or knowledge space. The concepts described here overcome
this obstacle by monitoring closed-loop system performance and providing
control actions in response that encourage or 



urge the manufacturing process towards the acceptable design or knowledge
space, e.g., by appropriately analyzed and weighted constraints on the
manufacturing process towards an acceptable model space (measured by, e.g.,
DModX). Using the model-predictive concepts described here allow automated
control over batch processes, e.g., by adjusting batch trajectories during
processing to control or optimize the result of the batch process. [0014]
An advantage realized is the avoidance of optimizing a batch-level score
space and then imputing a trajectory to produce the optimized result.
Instead, the systems and methods described determine a set of manipulated
variable values that result in an optimized result at the completion of
batch processing. To achieve tighter control, manipulated variables and
manipulated variable data are distinguished from dependent variables
anddependent variable data. The distinction between variable types
facilitates analysis and determination of dependent variable trajectories
as well as multivariate (e.g., DModX) statistics. In such configurations,
disturbances in a multivariate (e.g., Hotelling T2) and/or residual (e.g.,
DModX) space can be rejected substantially in real-time. The ability to
reject variable changes that would result in a disturbance orthogonal to a
multivariate space is a feature not present in systems that analyze data
associated only with a score space. [0015] Several features described
herein provide further advantages as will be apparent to those of skill in
the art. For example, multivariate statistical data are embedded in a
model-based predictive control structure. The predictive control structure
can provide expected values of certain types of data and statistics
associated with the manufacturing process and control of the manufacturing
process, for batch or continuous manufacturing processes. Moreover,
observation-level control of continuous and batch processes is provided,
and batch-level control of batch processes is provided (e.g., by adapting
or configuring parameters of the multivariate model to the particular type
of manufacturing process). For observation-level control (e.g., for either
continuous or batch processing) and batch-level control (e.g., for batch
processing), multivariate methods for estimating future values of dependent
variables (and/or manipulated variables) are used to account for past,
present, and/or future values of those variables and adapt or adjust the
manufacturing process based on the results of predicted future changes.
Multivariate (e.g., Hotelling's T or DModX) statistics or values (e.g.,
scores or t-scores) are provided and/or predicted. 



Moreover, multivariate methods for estimating future values of dependent
values are also described. [0016] An additional advantage results from
partitioning or dividing the X-type variables into subsets or sub-types.
One subset of X-type data are identified as manipulated variables (or
manipulated variable values) and denoted XMV- Another subset of X-type data
are identified as dependent variables and denoted X . Manipulated variables
are generally variables or manufacturing parameters that can be directly
controlled such as, for example, supplied temperature, chemical
concentrations, pH, gas pressure, supplied power, current, voltage, or
processing time. In general, a manufacturer usually accounts for or
monitors less than about 20 manipulated variables due to processor and
memory limitations in monitoring and analytical systems. Processes
involving more than about 20 manipulated variables can become
computationally unwieldy. Dependent variables are generally variables that
are measured by sensors and cannot be controlled directly. Examples of
dependent variables are,for example, chamber temperature, gas pressure,
temperature or pressure gradients, impurity levels, spectral and/or
chromatographic profiles, and others. Additionally, the dependent variables
can represent a reduced data set (e.g., variables derived from raw data,
such as differential temperature, temperature gradients, and others).
Generally, dependent variables cannot be directly adjusted during the
manufacturing process. Dependent variables can be related to, associated
with, or dependent on the values of the manipulated variables, e.g., either
via known relationships or unknown relationships which may or may not be
empirically determinable and/or modeled. [0017] In one aspect, the
invention relates to a computer-implemented method for controlling a
manufacturing process. The method involves receiving dependent variable
data measured during the manufacturing process. The dependent variable data
are representative of values of a first set of process parameters observed
by one or more sensors. The method involves receiving manipulated variable
data measured during the manufacturing process from a plurality of process
tools and receiving predicted manipulated variable data. Manipulated
variable data are representative of a second set of process parameters
(e.g., controllable or controlled process parameters). The method involves
determining at least one of a predicted score value, a multivariate
statistic, or both, based on at least the received data. 



The method also involves determining operating parameters of the
manufacturing process based on at least the predicted score value, the
multivariate statistic, or both. [0018] In some embodiments, the second set
of process parameters (e.g., which are represented by manipulated variable
data) are controlled during the manufacturing process. The first set of
process parameters (e.g., which are represented by dependent variable data)
are not directly controlled during the manufacturing process. When the
operating parameters include values for the manipulated variables, the
method involves providing the manipulated variable values to the plurality
of process tools. The method can also involve modifying the present or
future values of the manipulated variables based on the past or present
values of the manipulated variables and of the dependent variables. [0019]
Some embodiments of the method feature receiving predicted values for the
dependent variable data. The method also involves, in some implementations,
predicting values of the dependent variable data. Determining operating
parameters can involve satisfying a controller objective. Examples of
satisfying a controller objective include optimizing an operational
objective function associating values of process data, yield data, result
data, or any combination of these of the manufacturing process. The
objective functioncan include one or more constraints on the dependent
variable data, the manipulated variable data, the predicted score value,
the multivariate statistics, or any combination of these. In some
embodiments, the one or more constraints are user-specified. Constraints
can be associated with penalties for deviating from a multivariate model.
[0020] Suitable controller objectives include, among others, a
quadratic-type function. In such embodiments, satisfying the controller
objective includes minimizing a parameter of the objective function. Some
implementations involve determining desirable values of the score or the
multivariate statistic (or statistics). In some embodiments, the method
involves using a dependent variable model that predicts values of predicted
dependent variable data based on determined values of the manipulated
variable data, the past or present values of the dependent variable data,
or combinations of these. [0021] In some embodiments, the method involves
using a score model that predicts future values of the first set of process
parameters (e.g., which are represented by dependent variable data) and the
second set of process parameters (e.g., which are represented by 



manipulated variable data). The method can involve determining, with a
multivariate model, the predicted value for the score, the one or more
multivariate statistics, or both. Some implementations feature the
multivariate model receiving measured manipulated and dependent variable
data and predicted manipulated and dependent variable data. [0022] Examples
of suitable multivariate statistics for use in the method include one or
more of the following: a score, a Hotelling's T2 value, a DModX value, a
residual standard deviation value, or any combination of these. The
multivariate statistic can also include a principal components analysis
t-score or a partial least squares t-score, or both. The manufacturing
process can be a continuous-type or a batch-type manufacturing process.
[0023] In another aspect, the invention relates to a multivariate
controller for a continuous or batch-type manufacturing process. The
controller includes a control module in communication with a plurality of
process tools and a plurality of sensors to monitor manipulated variable
data from the process tools and dependent variable data from the sensors.
The control module includes a multivariate model. The dependent variable
data are representative of values of a first set of process parameters that
are observed by the plurality of sensors. The manipulated variable data are
representative of expected values of a second set of process parameters
(e.g., controlled or controllable parameters). The controller also includes
a solver module to receive, from the multivariate model, at least one of
predicted yield data, predicted manipulated variable data, predicted
dependent variable data, amultivariate statistic or any combination of
these based on at least the monitored manipulated variable and dependent
variable data. The solver module also generates values of the manipulated
variables for providing to the plurality of process tools and to a
prediction model that provides at least predicted statistical data. [0024]
The controller, in some implementations, adjusts one or more parameters of
the plurality of process tools based on the generated values of the
manipulated variables. The multivariate statistic used by the controller
includes at least one of a score, Hotelling's T value, a DModX value, a
residual standard deviation value, or a combination of these. In some
embodiments, the prediction model includes a score model to generate
predicted values for the solver module of one or more multivariate
statistics. The prediction model can include a dependent variable model to
generate predicted dependent variable values. The 



prediction model can also provide predicted values of dependent variables
from the manufacturing process. Some implementations feature the prediction
model providing predicted statistical data to the control module and the
solver module. [0025] In some embodiments, the solver module generates
values of the manipulated variables based on a controller objective. The
controller objective can optimize a quadratictype function associated with
the manufacturing process. Some implementations involve a controller
objective with one or more constraints on, e.g., the dependent variable
data, the manipulated variable data, the predicted yield data, the
multivariate statistic (or statistics), or some combination of these (or
all of these). The constraints can be user-specified or associated with
penalties for deviating from the multivariate model. In some embodiments,
the solver module is a constrained optimization solver. Some configurations
include the control module including the solver module. Moreover, the
solver module can include the control module, or both the solver module and
the control module can be sub-modules of a larger module, processor, or
computing environment. [0026] In general, in another aspect, the invention
relates to a system for controlling a manufacturing process. The system
includes a data acquisition means for acquiring, from a plurality of
process tools, manipulated variable data representative of expected values
of a set of process parameters and for acquiring, from a plurality of
sensors, dependent variable data representative of values of a second set
of process parameters observed by the plurality of sensors. The system
includes a process control means for determining operational parameters of
the plurality of process tools. The system also includes a multivariate
control means to determine, based on a multivariate statistical model,
values for the manipulated variable datato provide to the process control
means. The multivariate statistical model receives at least the acquired
manipulated variable data and dependent variable data and provides
predicted yield values and statistical information to the process control
means based on at least the received data. [0027] In some embodiments, the
operational parameters determined by the process control means optimize or
satisfy a control objective. [0028] Some implementations include any of the
above-described aspects featuring any of the above embodiments or benefits
thereof. 



[0029] These and other features will be more fully understood by reference
to the following description and drawings, which are illustrative and not
necessarily to scale. Although the concepts are described herein with
respect to a manufacturing process, particularly a semiconductor,
pharmaceutical or biotechnical manufacturing process, it will be apparent
to one of skill in the art that the concepts have additional applications,
for example, metallurgic and mining applications, financial data analysis
applications, or other applications involving a large number of data points
or observations. BRIEF DESCRIPTION OF THE DRAWINGS [0030] The foregoing and
other objects, features and advantages will be apparent from the following
more particular description of the embodiments, as illustrated in the
accompanying drawings in which like reference characters refer to the same
parts throughout the different views. The drawings are not necessarily to
scale, emphasis instead being placed upon illustrating the principles of
the embodiments. [0031] FIG. 1 is a block diagram of a system that embodies
aspects of the invention. [0032] FIG. 2 is a block diagram illustrating an
embodiment of a controller that includes a multivariate model. [0033] FIG.
3 is a block diagram illustrating another embodiment of a controller that
includes a multivariate model. [0034] FIG. 4 is a flow chart illustrating a
method for implementing operating parameters for a manufacturing process.
[0035] FIG. 5 is a flow chart illustrating a method for determining
operating parameters for a manufacturing process and for determining a
predicted value of dependent variable data. [0036] FIG. 6 is a flow chart
illustrating a method for determining and implementing operational
parameters for a manufacturing process.[0037] FIG. 7 is an exemplary user
interface for specifying constraints to be applied to optimize a controller
objective. DETAILED DESCRIPTION [0038] FIG. 1 depicts an exemplary system
100 that includes a processor 105 and a user interface 110. The user
interface 110 can include a computer keyboard, mouse, other 



haptic interfaces, a graphical user interface, voice input, or other
input/output channel for a user to communicate with the processor 105 in
response to stimuli from the processor 105 (e.g., to specify values for
constraints). The user interface 110 can include a display such as a
computer monitor. The processor 105 is coupled to a processing facility
115. The processing facility 115 performs manufacturing or processing
operations. For example, in the context of the semiconductor industry, the
processing facility performs processing functions on a wafer 120 and
outputs a processed wafer 120'. The wafer 120 and processed wafer 120' are
illustrative only, and can represent any input and/or output of a
batch-type manufacturing process (e.g., a pharmaceutical granulation or
blending or other unit processing step, or biotechnology fermentation, cell
culture, or purification process). The processing facility 115 can include
tools or processes (not shown) for, for example, cleaning, purification,
depositing material, mixing materials or chemicals, dissolving materials or
chemicals, removing materials, rinsing materials, and/or performing other
functions within the processing facility 115. [0039] In some embodiments,
the tools or processes include multiple stations or units within the
facility 115. These functions can be associated with a plurality of
physical parameters, for example, gas pressure, gas flow rate, temperature,
time, and/or plasma or chemicals or biochemical concentrations, among many
others. In some embodiments, the parameter is the yield loss of the
particular wafer 120 that occurs after processing. The physical parameters
can be monitored and manipulated to produce a plurality of outputs 125
containing data about the variables (e.g., the physical parameters and/or
tool operating conditions) in the processing facility 115. The outputs 125
can be electrical, optical, magnetic, acoustic, or other signals capable of
transmitting the data or being transmitted to or within the processor 105.
The outputs 125 can include data representative of dependent variable data
XD, manipulated variable data XMV, or both. In some embodiments, the
outputs 125 provide raw data that can be manipulated before being used as
dependent variable data or manipulated variable data.[0040] The processing
facility 115 is coupled to the processor 105 by a data acquisition module
130. The data acquisition module 130 receives the outputs 125 from the
processing facility 115. In some embodiments, the data acquisition module
130 performs 



buffering, multiplexing, signaling, switching, routing, formatting, and
other functions on the data to put the data in a format or condition for
suitable communication or retransmission to other modules of the processor
105. [0041] The system 100 also includes a controller module 135. The
controller module 135 receives data from the data acquisition module 130,
e.g., via communication links 140. The controller module specifies
manipulated variable data XMV and communicates the specified values to the
processing facility 115 and the data acquisition module 130 via a plurality
of outputs 145. The manipulated variable data can represent setpoint values
of particular processing parameters (e.g., temperature, gas flow rate,
pressure, processing time, and others) or instructions for particular
process tools. The controller module 135 includes a multivariate model 150
and a prediction model 155. The multivariate model 150 is used, in
conjunction with other modules of the controller module 135 (e.g., a solver
module (not shown)), to determine values of operating parameters or
manipulated variables that produce desirables values of dependent variable
data (e.g., data within an acceptable knowledge space for the particular
manufacturing process). The prediction model 155 is used to predict
multivariate statistics, scores, and variable values for use in conjunction
with other modules of the controller module 135. [0042] The particular
processes that occur within the processing facility 115 can be monitored or
controlled by the processor 105 via the controller module 135. The
controller module 135 monitors and controls the processing facility 115 by
comparing the ideal values of manipulated variable data with the values
used by processing tools within the facility 115 or the facility 115 itself
and by comparing ideal values of dependent variable data with the values
measured by sensors. The actual values of the processing parameters within
the processing facility 115 are measured by and/or communicated to the data
acquisition module 130 by the plurality of outputs 125. [0043] The system
100 also includes a memory 160. The memory 160 can be used for, for
example, storing previously-generated multivariate models 150' and/or
previouslygenerated prediction models 155' for later use.[0044] FIG. 2 is a
block diagram illustrating an embodiment of a controller 200 that includes
a multivariate model 205. The controller 200 also includes a solver module
210 and 



a dependent variable XD model 215. [0045] The multivariate model 205
receives as input dependent variable data 220 from a plurality of sensors
(not shown). The dependent variable data 220 can be expanded by predicted
dependent variable values 225 provided from the dependent variable model
215. The multivariate model 205 also receives measured values of
manipulated variable data 230. The multivariate model 205 also receives
manipulated variable data 235 from the solver module 210. [0046] The
multivariate model 205 receives measured (220) and predicted (225) values
for the dependent variable data as well as measured (230) and predicted
(e.g., setpoint values) (235) values for the manipulated variable data.
Based on the received data, the multivariate model 205 provides information
240 to the solver module 210. The information 240 can include, e.g., a
score and one or more multivariate statistics. For example, the score can
be a predicted yield score (Ypred) - The predicted yield score Ypred is
similar to the scores provided in statistical process control without a
multivariate model (e.g., the predicted yield score can be based on a
principal component analysis or partial least squares calculation). The one
or more multivariate statistics can include a Hotelling T2 value or a DModX
value. Similarly, the one or more multivariate statistics can include a
residual standard deviation value, a principal component analysis score, a
partial least squares (sometimes called projection to latent structures)
score, or any combination of the multivariate statistics discussed here. In
some embodiments, the information 240 includes provides more than one
multivariate statistic to the solver module 210. The multivariate
statistics can provide constraints to the solver module 210. [0047] The
multivariate model 205 can perform, for example, a Hotelling calculation or
a DModX calculation on the received data by means of a principal components
or partial least squares analysis to determine a T2 or DModX value,
respectively. A T2 value can be calculated according to the following
equation:.2 _ x Y s ~l (X 0 ) s s where: s = standard deviation for a
particular variable, based on data acquired for 



previous batches, x , measured value of variables, for p variables, Mo ,
mean value of variables based on previous batches, for p variables, t - 1 _
an inverse covariance or correlation matrix, which is the inverse of the
covariance or correlation matrix, S, illustrated below: S Sn s lp VT2 S2 -
s s p where: v \ S - Ax v ~ J ' ere indices andy identify the matrix
element for both S and x in a generalized k n matrix. [0048] In the
multivariate modeling example above, the x-variables in the above equations
usually are score vectors of a principal components or partial least
squares model usually with mean values (m0 ) equaling zero. Because these
score vectors are orthogonal, the matrices S and S 1 are diagonal with the
variances and respective inverse variances of each component score vector
as diagonal elements. [0049] A t-score value can be thought of as a
projection onto a line (e.g., a principal components or partial least
squares model axis) in a p-dimensional space that provides an acceptable
approximation of the data (e.g., a line that provides an acceptable least
squaresfit). A second t-score can be used (e.g., a projection onto a line
orthogonal to the first line) in some embodiments. In general, a T value is
a calculation of the weighted distance of manufacturing process variables
for an output (e.g., the wafer 120') of the manufacturing process relative
to an output produced under normal process operation or based on predicted
values of dependent variable data and/or manipulated variable data. One way
to understand the meaning of the T2 value is to consider it in terms of a
geometric description. A normal manufacturing process is a cluster of data
points in an p-dimensional space, where p is the number of measured
manufacturing process variables. The pertinent space can also be the
reduced dimensionality 



space of the scores. Hotelling's T2 value is the squared distance of a new
output from the center of this cluster of data points weighted relative to
the variation output of the in the normal process condition. The variation
is often illustrated as an p-dimensional hyper-ellipse that bounds the
cluster of data points. In general, Hotelling-type calculations can be used
to, for example, determine whether a particular point is an outlier (e.g.,
outside the hyper-ellipse) with respect to the remainder of the data set.
More specifically, a Hotelling calculation can be used to determine whether
a particular measured parameter is outside an alarm limit or outside the
knowledge space, as determined by a mathematical model for the process
parameters being observed. [0050] Another example of a multivariate
statistic is a DModX calculation or residual standard deviation
calculation. A DModX calculation involves calculating the distance of a
particular data point from a location in an p-dimensional space that
represents a preferred location (e.g., a location associated with an ideal
batch). The DModX value is calculated using a principal components or
partial least squares analysis that maps the p-dimensional variable to a
lower order (e.g., less than order p) dimensional variable (e.g., a score
space). Mathematically, the DModX value is the orthogonal component (or
residual) resulting from the principal components or partial least squares
analysis. A DModX value can be indicative of a range of values (e.g., a
"tolerance volume") about one or more variables (e.g., data points) in the
mathematical model. [0051] The solver module 210 also receives operational
objective values 245 representing the target or setpoint value of quality,
yield, process variable or multivariate limit or targets. The solver module
210, based on the received information 240 and operational objective values
245, determines values of the manipulated variable values 250 to provide to
a plurality of process tools (not shown). The determined manipulated
variablesvalues 250 are also an input to the multivariate model 205 (e.g.,
manipulated variable values 235) and an input 255 to the dependent variable
model 215. In some embodiments, the manipulated variable values 250
represent setpoint values of the manipulated variables for the
manufacturing process that can differ from the measured manipulated
variable values 230 (e.g., the present value of the manipulated variables).
[0052] In some embodiments, the solver module 210 performs a search for 



manipulated variable values that satisfy some controller objective. The
solver module 210 is constrained in this search by the information 240 the
multivariate model 205 provides and the multivariate limits expressed in
the operational objective values 245. In some embodiments, a user specifies
additional constraints on the solver module 210 (e.g., using the user
interface 115 of FIG. 1). [0053] The dependent variable X model 215
provides predicted values 225 of dependent variable data to the
multivariate model 205. The dependent variable model 215 can provide
predicted values of dependent variable data in a variety of ways. For
example, the predicted value can be an average value of measured dependent
variables over time or an average trajectory of dependent variable values
over time. The predicted values can be an average value or trajectory plus
some allowance value (e.g., DXD). [0054] In some embodiments, dependent
variable data are a function of manipulated variable data such that the
value of a particular dependent variable functionally depends on the value
of one or more manipulated variables (e.g., XD = b Xuv))- The functional
relationship can be known or empirically inferred, determined, or modeled.
In embodiments in which dependent variable data are functionally related to
the manipulated variable data, the controller 200 can implement an
iterative solution to variations from the expected dependent variable
values, whereby a closed-loop process is used to adjust values of the
operating parameters associated with the manipulated variables to more
closely approximate the desired values of the dependent variables. [0055]
The controller 200 facilitates modification of the present values (235) or
future values (250) of manipulated variable data based on the past values
(220) or present values (225) of dependent variables or past values (230)
or present values (235) of the manipulated variables. [0056] The frequency
of modifications to the manipulated variables can depend on, for example,
the type of control or the type of processing (e.g., batch-type or
continuoustype). For example, for observation-level control of batch
processes (e.g., control of eachstep in a processing recipe), the
controller 200 can facilitate relatively frequent adjustment to the
operating parameters represented by the manipulated variable data to
maintain observation-level scores (e.g., t scores) and to maintain the
value of DModX (e.g., 



maintaining design space control). For batch-level control of batch
processes (e.g., control of the output of a batch process), the controller
200 can facilitate relatively fewer adjustments to the operating
parameters. The fewer adjustments can be coordinated based on or according
to predetermined times during the manufacturing process to maintain or
optimize certain scores or multivariate statistics (e.g., Ypred, scores,
T2, and/or DModX), as well as desirable values of yield or other quality
result variables. [0057] FIG. 3 is a block diagram illustrating another
embodiment of a controller 300 that incorporates a multivariate model 305.
The controller 300 includes a control module 310. The control module 310
includes the multivariate model 305 and a control sub-module 315. The
control sub-module 315 includes a solver module 320 and a score model 325.
The controller 300 is a simplified version of the controller 200 of FIG. 2.
In some embodiments, the controller 300 does not constrain the multivariate
model 305 to particular values of DModX. [0058] The multivariate model 305
receives manipulated variable values 330 from a plurality of process tools
(not shown) and dependent variable values 335 from a plurality of sensors
(not shown). Based on the received data, the multivariate model 305
calculates and provides information 340 to the solver module 320. The
information 340 can include, for example, a t-score and predicted yield
values. The predicted yield values can be based on, for example, a partial
least squares calculation. The information 340 can include a predicted
score value 350 from the score model 325. The solver module 320 also
receives a setpoint or target value for yield data 355. [0059] Based on the
received data (340, 355), the solver module 320 calculates manipulated
variable values 360. The calculated manipulated variable values 360 are
provided to the score model 325 and a plurality of process tools (not
shown). In calculating the manipulated variable values, the solver module
320 performs a search of manipulated variable values that satisfy a
controller objective. The controller objective can include, for example,
constraints and/or penalties. In some embodiments, the controller objective
is a quadratic controller objective. Other objective functions will be
apparent to those of skill. [0060] The score model 325 calculates and
produces predicted score values based on, 



for example, past and present manipulated variable values. The score model
325 alsoproduces predicted score values based on, for example, future
estimated scores resulting from adjusted manipulated variable values. For
example, the score model can include and account for the relationship
between changes in scores based on changes in manipulated variable values
(Dt s well as the relationship between score values and predicted yield
values (Ypred Xt)). Like the controller 200 of FIG. 2, the controller 300
provides manipulated variable values (e.g., setpoint values for operating
parameters of the manufacturing process) to a plurality of process tools
for subsequent processing. [0061] FIG. 4 is a flow chart 400 illustrating a
method for implementing operating parameters for a manufacturing process.
The method depicted in the flow chart 400 can be implemented by, for
example, the controller 200 of FIG. 2 or the controller 300 of FIG. 3. In
step 404, dependent variable data (XD) is received from a plurality of
sensors used in the manufacturing process. The dependent variable data can
be associated with batch-type processes or continuous-type processes. In
step 408, manipulated variable data (XMV) is received, e.g., either from a
plurality of process tools from a prediction model, or both. [0062] From
the received data, multivariate statistics are determined (step 412), and
predicted variable values (Ypred) can be determined (step 416). In some
embodiments, the multivariate statistics are calculated by a multivariate
model. Examples of such statistics include scores, Hotelling T2 values,
DModX values, residual standard deviation values, principal components
scores, partial least squares scores, some combination of these, or all of
these statistics. In some embodiments, the statistics are constrained by,
for example, userspecified constraints, tolerance levels, or threshold
values. The predicted variable values can be determined (step 416) based on
past, present, and future values of manipulated variables and past and
present values of dependent variables. In some embodiments, the predicted
variable values are based on predicted future values of dependent
variables. [0063] At step 420, a set of operating parameters are
determined. In some embodiments, the set of operating parameters are
represented by a set of manipulated variable data to be supplied to a
plurality of process tools. The manipulated variable data can be setpoint
or target values of manipulable or controllable variables. In some
embodiments, the manipulated variable data can be adjustments to the
setpoint or target values of manipulable 



or controllable variables (e.g., to recalibrate or encourage the dependent
variables to converge on desirable values). After the operating parameters
(e.g., manipulated variables) are determined (step 420), the operating
parameters are implemented (step 424) by, for example,communicating the new
setpoint or target values to the plurality of process tools. The process
tools can be automatically or manually adjusted based on the determined
values. [0064] FIG. 5 is a flow chart 500 illustrating a method for
determining operating parameters for a manufacturing process and for
determining a predicted value of dependent variable data. The flow chart
500 includes steps 404 and 408 of the method depicted in the flow chart 400
of FIG. 4. Specifically, at step 404 dependent variable data XD is received
from a plurality of sensors. At step 408, manipulated variable data XMV is
received, e.g., either from a plurality of process tools or from a
prediction or both. At step 504, predicted values of the dependent variable
data are received (e.g., from a dependent variable prediction model). Based
on the received dependent variable data, received manipulated variable
data, and the predicted variable data (step 508) and multivariate
statistics (step 512) are determined. [0065] The predicted process values
and the multivariate statistics are used to determine operating parameters
of the manufacturing process (step 516). In some embodiments, determining
the operating parameters involves determining values for the manipulated
variables and/or providing the determined values to a plurality of process
tools to implement (e.g., by adjusting the setpoint values of the plurality
of process tools). Moreover, the predicted variable values and the one or
more multivariate statistics are used to determine a predicted value of the
dependent variable data (step 520). The flow chart 500 represents an
iterative process in which the determined predicted value of the dependent
variable data from step 520 is provided at step 504. In some embodiments,
the controller 200 of FIG. 2 performs the steps of the flow chart 500.
[0066] FIG. 6 is a flow chart 600 illustrating a method for determining and
implementing operational parameters for a manufacturing process. In step
604, a controller is configured. An example of a controller configuration
is the type of objective function that is optimized. For example, at step
608 a query determines whether the controller objective is a quadratic-type
control function. If the control objective is not a quadratic-type
function, an 



alternative or complementary function to optimize is selected (step 612).
[0067] If a quadratic-type control function is selected at step 608, the
process proceeds to step 616, which illustrates a quadratic-type control
function to optimize. The objective function, J, that associates the
received data, the constraints, and penalty values. In some embodiments,
optimizing the quadratic-type objective function involves minimizing J over
the value of the manipulated variable data XMV[0068] The objective function
J to be optimized is J = qg VSP ~ Y pred f + MV \ E MV Y + DModX \ E DModX
) + y t f + t ( l Y where: Ysp = a setpoint or target value for Y data
values (e.g., yield or quality); Ypred = a predicted value for Y data
values. In some embodiments, Ypred is determined by a partial least squares
model or other suitable model based on X MV, D and X K. X K represents the
known past or present values of Ysp, Ypred, X MV, and X D and X MV
represents future values of the manipulated variables for control. For
example, Ypred = fg(Xk, X MV, XD) where f is a modeling function; q , 6MV,
qouo , &X2, and Q. are penalty weights; EMV = a function relating an amount
of deviation in the manipulated variables from a desired trajectory that is
subject to the penalty weight q s - An example of EMV is (XMV,RXMV); EDModx
= the amount of the DModX space that is subject to the penalty 6bModx; ET2
= the amount of the Hotelling T2 score that is subject to the penalty q c \
Et = the portion of the scores, t , that are subject to the penalty ; As
discussed above, T2 represents a distance of a multivariate system from its
center point in the model hyperplane. The T2 values are based on a function
(fc2) derived from a principal component analysis or partial least squares
model and can be represented as T2 = f r2(Xk, X MV XD) - DModX represents a
deviation of the multivariate system from the model hyperplane. The DModX
values are based on a function (fDModx) derived from a principal component
analysis or partial least squares model and can be represented as DModX =
fDModx(Xk XMV, X D) - The t values are based on a function (ft I) derived
from a principal component analysis or partial least squares model and can
be represented as t , = fti(Xk, X MV, 



X D) , where t, represents the value of the ith score. The values of X D
represent future values of dependent variables and are based on an
appropriate function (fc ) relating X K and X MV, e.g., X D = fc (Xk, XMV)-
In some embodiments, fc is a finite impulse response (FIR) model. The
function fco can also be an auto-regressive moving average model (ARMA).
Other types of models of fc will be apparent to those of skill. [0069] In
some embodiments, the objective function J is subject to default
constraints. An example of a default constraint on manipulated variable
data are shown below:[0070] Some implementations do not require all of the
penalty weights discussed above. For example, if the user's objective is to
maintain a system or process within the space of the multivariate model
(e.g., for design-space control), the method can ignore the contributions
of the Y variables (e.g., because no Y variables will be calculated). In
such a case, the penalty qg can be set to 0. [0071] The values or
functional representation of EMV, EoModx, and ET2 can be determined
according to a variety of methods. For example, the Ex term can be a sum of
squared distances from a target or threshold. Specific implementations are
discussed below, but it will be apparent to those of skill that other
implementations are also possible. EMV =AX TMV AXMV ; where DXMV is a
vector representing changes or deviations in observed values of XMV from
the particular processing recipe; ET = -rVmaxjlo)} 2 ; where represents
maximum values of T2 threshold at h future points in time and T2 h
represents values of T2 at h future points in time; and EDModx =
{MAX((DModXh - DModXh max q)}2 ; where DModXh,mac represents maximum h
values of DModX threshold at h future points in time and DModXh represents
values of DModX at h future points in time. [0072] At step 620, data are
received. The data can include, for example, predicted dependent variable
data, measured/received dependent variable data (e.g., from a plurality of
process tools), measured or predicted manipulated variable data, predicted
variable values, one or more multivariate statistics or any combination of
these data types. The data can be 



used as an input for, for example, a solver module that determines
manipulated variable values that satisfies a controller objective. [0073]
Additionally, the method involves retrieving one or more constraints (step
624) (e.g., from a memory or via a user interface). The constraints can be
user-specified, or the constraints can be default or threshold values. In
some embodiments, when a particular type of data are not received, the
constraints associated with that type of data are not used. For example, if
predicted dependent variable data are not received or used, constraints
associated with predicted dependent variable data are disabled,
unavailable, or not used, e.g., by the solver.[0074] Step 628 involves a
process of optimizing the selected controller objective function. Examples
of suitable controller objective functions are quadratic-type functions,
linear function or nonlinear function that penalizes operations that stray
from the objective. For example, for batch processing, the control
objective can vary, and as a result, the applicable objective function can
also vary. For example, the control objective, for batch processing, can
include optimizing an objective during a batch trajectory (or throughout
the batch trajectory), optimizing the final batch condition (e.g., yield,
quality, or other metrics of successful processing), or a combination of
these objectives. In some embodiments, the particular constraints and/or
penalties used or values ascribed to the penalties or constraints can vary
depending on the particular objective. [0075] After the function is
optimized at step 628, the optimization parameters are determined and
implemented (step 632). For example, the optimization parameters can result
in a set of values or adjustments for the manipulated variable data, and
the values or adjustments are communicated to a plurality of process tools.
The process tools are then manually or automatically updated or confirmed
based on the provided manipulated variable data. [0076] The concepts
described herein are applicable to both continuous-type manufacturing
processes and also to batch-type manufacturing processes. Generally, for
continuous-type manufacturing processes, the correlation of process
measurements to target or setpoint values does not drastically change over
time during normal operating conditions. Thus, for continuous processes,
implementing control with a multivariate model incorporates 



penalties on certain multivariate statistics such as t values, T values,
and DModX values. The values for these multivariate statistics are
determined based on values of XK, XMV, and XD. AS discussed above, XK
represents known past and present values of system parameters (e.g., past
and present values of XMV and XD) . The values of XMV represent future
values of the manipulated variables, and XD represents future values of
dependent variables. Thus, the control method and system can account for
the impact of future changes in operating parameters on manipulated
variable values and dependent variable values before changes or adjustments
are implemented. [0077] In continuous-type manufacturing processes, future
values for dependent variables (e.g., XD values) can be estimated or
predicted using multivariate process control techniques such as finite
impulse response (FIR) or auto-regressive moving average (ARMA) models as
discussed above. In some embodiments, system and method incorporate
aprediction horizon that provides stability to closed loop response of the
method. A prediction horizon can include estimates of conditions of the
particular manufacturing system at more than one point in time in the
future. [0078] In batch-type manufacturing processes, the objective
function J can also be used. In some embodiments for batch-type
manufacturing processes, the types of multivariate model used, how data are
organized/stored/processed, and the prediction of future values of XD
differs from control for continuous-type manufacturing. For example, the
multivariate model used to control batch-type manufacturing processes
include measurements of process parameters obtained throughout the
manufacturing process as well as data about initial conditions (e.g., raw
materials) and data about final conditions (e.g., quality and/or yield).
This differs from continuous-type manufacturing processes because, for
example, continuous-type manufacturing processes do not generally
incorporate initial or final conditions because the process is "always-on."
[0079] For batch-type processes, the control actions (e.g., implementation
of operating parameters) can include, for example, adjusting a recipe based
on raw materials (e.g., initial conditions), a mid-process adjustment in
response to a variation or change in operating conditions, an update of
setpoint values at periodic intervals in the process, or combinations of
these. Additionally, for batch-type processing, the multivariate statistics



(e.g., Ypred, DModX, T2, and score t) are estimated based on estimated
input values for XMV (e.g., future values of manipulated variables) and XD
(future values of dependent variables) while the values of XK (past and
present values of manipulated and dependent variables) are known. For
batch-type processes, the multivariate model may include a plurality of
localized batch models representing a portion of the batch-type process
before and/or after control actions are implemented (e.g., by updating
operating parameters of the system or process). [0080] FIG. 7 is an
exemplary user interface 700 for specifying constraints to be applied to
optimize a controller objective. The user interface 700 includes an area
704 identifying constraints on an objective function (not shown) to be
optimized. In some embodiments, the objective function is the objective
function J discussed above with respect to FIG. 6. The area 704 illustrates
a T2 constraint 708, a DModX constraint 712, and an XMv constraint 716.
Other constraints (not shown) can also be used depending on user
preference. The user interface 700 includes a second area 720 identifying a
plurality of fields 724 for displaying values associated with the
constraints 708, 712, 716, or with a plurality ofpenalties of the objective
function. Each of the values of the plurality of fields 724 can be a
default value or a value specified by a user (e.g., via the user interface
700). [0081] For example, the second area 720 includes an ax field 728
displaying the value of ax associated with the T2 constraint 708. The T2
constraint 708 relates measured or calculated values of T2 against a
user-specified threshold or critical value (e.g., 95% confidence) of T2.
The second area 720 includes an aDModx field 732 displaying the value of
aDModx associated with the DModX constraint 712. The DModX constraint 712
relates measured or calculated values of DModX against a user-specified
threshold or critical value (e.g., DModX crit) of DModX. The second area
also includes an XMv,min field 736a and an XMV,max field 736b both
associated with the XMV constraint 716. The XMV constraint 716 constrains,
e.g., the solver module, during a determination of X MV values to optimize
a controller objective by provide minimum and maximum allowable values of
XMV for the manufacturing process. These constraints allow the determined X
MV values to converge on, for example, T2 or DModX or within an acceptable
design space. [0082] The second area 720 also includes fields 740a-740e
associated with penalties used in the objective function that is optimized.
Specifically, the second area 720 includes a 



qy field 740a that displays a penalty weight associated with Y variables in
the objective function. The second area 720 includes a qu field 740b that
displays a penalty weight associated with the EMV relationship in the
objective function J . The second area 720 includes a Modx field 740c that
displays a penalty weight associated with the EoModx relationship of the
objective function J. The second area 720 includes a 6c2 field 74Od that
displays a penalty weight associated with the Ec2 relationship in the
objective function J. The second area 720 includes a field 74Oe that
displays a penalty weight associated with the Et relationship in the
objective function J when the Et relationship is used. [0083] Other
constraints can also be used though not shown on the user interface 700.
For example, a user or the system can specify minimum or maximum values of
changes in XMV (e.g., DXMV)- some embodiments, the user can specify a
penalty based on the size of DXMV- The user can specify minimum or maximum
values of Ypred and/or specify a penalty based on the size of error in the
Y variables (e.g., Yerr) . Other representations of penalties or
constraints associated with the multivariate statistics DModX and/or T2
will also be apparent to those of skill (e.g., associating a penalty value
with the size of the DModX value or associating a penalty with the size of
the T2 value beyond a maximum or threshold).[0084] The above-described
techniques can be implemented in digital electronic circuitry, or in
computer hardware, firmware, software, or in combinations of them. The
implementation can be as a computer program product, e.g., a computer
program tangibly embodied in an information carrier, e.g., in a
machine-readable storage device, for execution by, or to control the
operation of, data processing apparatus, e.g., a programmable processor, a
computer, or multiple computers. A computer program can be written in any
form of programming language, including compiled or interpreted languages,
and it can be deployed in any form, including as a stand-alone program or
as a module, component, subroutine, or other unit suitable for use in a
computing environment. A computer program can be deployed to be executed on
one computer or on multiple computers at one site or distributed across
multiple sites and interconnected by a communication network. [0085] Method
steps can be performed by one or more programmable processors executing a
computer program to perform functions of the technology by operating on
input data and generating output. Method steps can also be performed by,
and apparatus can be 



implemented as, special purpose logic circuitry, e.g., an FPGA (field
programmable gate array) or an ASIC (application-specific integrated
circuit). Modules can refer to portions of the computer program and/or the
processor/special circuitry that implements that functionality. [0086]
Processors suitable for the execution of a computer program include, by way
of example, both general and special purpose microprocessors, and any one
or more processors of any kind of digital computer. Generally, a processor
receives instructions and data from a read-only memory or a random access
memory or both. The essential elements of a computer are a processor for
executing instructions and one or more memory devices for storing
instructions and data. Generally, a computer will also include, or be
operatively coupled to receive data from or transfer data to, or both, one
or more mass storage devices for storing data, e.g., magnetic,
magneto-optical disks, or optical disks. Data transmission and instructions
can also occur over a communications network. Information carriers suitable
for embodying computer program instructions and data include all forms of
non-volatile memory, including by way of example semiconductor memory
devices, e.g., EPROM, EEPROM, and flash memory devices; magnetic disks,
e.g., internal hard disks or removable disks; magneto-optical disks; and
CD-ROM and DVD-ROM disks. The processor and the memory can be supplemented
by, or incorporated in special purpose logic circuitry.[0087] The terms
"module" and "function," as used herein, mean, but are not limited to, a
software or hardware component which performs certain tasks. A module may
advantageously be configured to reside on addressable storage medium and
configured to execute on one or more processors. A module may be fully or
partially implemented with a general purpose integrated circuit ("IC"),
FPGA, or ASIC. Thus, a module may include, by way of example, components,
such as software components, object-oriented software components, class
components and task components, processes, functions, attributes,
procedures, subroutines, segments of program code, drivers, firmware,
microcode, circuitry, data, databases, data structures, tables, arrays, and
variables. The functionality provided for in the components and modules may
be combined into fewer components and modules or further separated into
additional components and modules. Additionally, the components and modules
may advantageously be implemented on many different platforms, including 



computers, computer servers, data communications infrastructure equipment
such as application-enabled switches or routers, or telecommunications
infrastructure equipment, such as public or private telephone switches or
private branch exchanges ("PBX"). In any of these cases, implementation may
be achieved either by writing applications that are native to the chosen
platform, or by interfacing the platform to one or more external
application engines. [0088] To provide for interaction with a user, the
above described techniques can be implemented on a computer having a
display device, e.g., a CRT (cathode ray tube) or LCD (liquid crystal
display) monitor, for displaying information to the user and a keyboard and
a pointing device, e.g., a mouse or a trackball, by which the user can
provide input to the computer (e.g., interact with a user interface
element). Other kinds of devices can be used to provide for interaction
with a user as well; for example, feedback provided to the user can be any
form of sensory feedback, e.g., visual feedback, auditory feedback, or
tactile feedback; and input from the user can be received in any form,
including acoustic, speech, or tactile input. [0089] The above described
techniques can be implemented in a distributed computing system that
includes a back-end component, e.g., as a data server, and/or a middleware
component, e.g., an application server, and/or a front-end component, e.g.,
a client computer having a graphical user interface and/or a Web browser
through which a user can interact with an example implementation, or any
combination of such back-end, middleware, or front-end components. The
components of the system can be interconnectedby any form or medium of
digital data communications, e.g., a communications network. Examples of
communications networks, also referred to as communications channels,
include a local area network ("LAN") and a wide area network ("WAN"), e.g.,
the Internet, and include both wired and wireless networks. In some
examples, communications networks can feature virtual networks or
sub-networks such as a virtual local area network ("VLAN"). Unless clearly
indicated otherwise, communications networks can also include all or a
portion of the PSTN, for example, a portion owned by a specific carrier.
[0090] The computing system can include clients and servers. A client and
server are generally remote from each other and typically interact through
a communications network. 



The relationship of client and server arises by virtue of computer programs
running on the respective computers and having a client-server relationship
to each other. [0091] Various embodiments are depicted as in communication
or connected by one or more communication paths. A communication path is
not limited to a particular medium of transferring data. Information can be
transmitted over a communication path using electrical, optical,
acoustical, physical, thermal signals, or any combination thereof. A
communication path can include multiple communication channels, for
example, multiplexed channels of the same or varying capacities for data
flow. [0092] Multiple user inputs can be used to configure parameters of
the depicted user interface features. Examples of such inputs include
buttons, radio buttons, icons, check boxes, combo boxes, menus, text boxes,
tooltips, toggle switches, buttons, scroll bars, toolbars, status bars,
windows, or other suitable icons or widgets associated with user interfaces
for allowing a user to communicate with and/or provide data to any of the
modules or systems described herein. [0093] While the invention has been
particularly shown and described with reference to specific embodiments, it
should be understood by those skilled in the art that various changes in
form and detail may be made therein without departing from the spirit and
scope of the invention as defined by the appended claims.CLAIMS 1. A
computer-implemented method for controlling a manufacturing process, the
method comprising: receiving dependent variable data measured during the
manufacturing process, the dependent variable data representative of values
of a first set of process parameters observed by one or more sensors;
receiving manipulated variable data measured during the manufacturing
process from a plurality of process tools and predicted manipulated
variable data representative of a second set of process parameters.
determining at least one of a predicted score value, a multivariate
statistic, or both based on at least the received data; and determining
operating parameters of the manufacturing process based on at least the 



predicted score value, the multivariate statistic, or both. 2. The method
of claim 1, wherein the second set of process parameters, represented by
manipulated variable data, are controlled during the manufacturing process.
3. The method of claim 2, wherein the first set of process parameters,
represented by dependent variable data, are not directly controlled during
the manufacturing process. 4. The method of claim 1, wherein the operating
parameters comprise values for manipulated variables, further comprising
providing the manipulated variable values to the plurality of process
tools. 5. The method of claim 1, further comprising modifying the present
or future values of the manipulated variables based on the past or present
values of the manipulated variables and of the dependent variables.6. The
method of claim 1, further comprising receiving predicted values for the
dependent variable data. 7. The method of claim 1, further comprising
predicting values of the dependent variable data. 8. The method of claim 1,
wherein determining operating parameters further comprises satisfying a
controller objective. 9. The method of claim 8, wherein satisfying a
controller objective comprises optimizing an operational objective function
associating values of process data, yield data, result data, or any
combination thereof of the manufacturing process. 10. The method of claim
9, wherein the objective function includes one or more constraints on the
dependent variable data, the manipulated variable data, the predicted score
value, the multivariate statistic, or any combination thereof. 11. The
method of claim 10, wherein the one or more constraints are user-specified.
12. The method of claim 10, wherein the one or more constraints are
associated with penalties for deviating from a multivariate model. 13. The
method of claim 8, wherein the controller objective is a quadratic-type
function and satisfying the controller objective further comprises
minimizing a parameter of the objective function. 14. The method of claim
1, further comprising determining desirable values of the score or 



the multivariate statistic. 15. The method of claim 1, further comprising
using a dependent variable model that predicts values of predicted
dependent variable data based on determined values of the
manipulatedvariable data, the past or present values of the dependent
variable data, or any combination thereof. 16. The method of claim 1,
further comprising using a score model that predicts future values of the
first set of process parameters, represented by dependent variable data,
and the second set of process parameters, represented by manipulated
variable data. 17. The method of claim 1, further comprising a determining,
with a multivariate model, the predicted value for the score, the
multivariate statistic, or both. 18. The method of claim 17, wherein the
multivariate model receives measured manipulated and dependent variable
data and predicted manipulated and dependent variable data. 19. The method
of claim 1, wherein the multivariate statistic comprises at least a score,
a Hotelling's T2 value, a DModX value, a residual standard deviation value,
or any combination thereof. 20. The method of claim 1, wherein the
multivariate statistic comprises a principal components analysis t-score or
partial least squares analysis t-score. 21. The method of claim 1, wherein
the manufacturing process is a batch-type manufacturing process. 22. The
method of claim 1, wherein the manufacturing process is a continuous-type
manufacturing process. 23. A multivariate controller for a continuous or
batch-type manufacturing process, the controller comprising: a control
module in communication with a plurality of process tools and a plurality
of sensors to monitor manipulated variable data from the process tools and
dependent variable data from the sensors, the control module including a
multivariate model, the dependent variable datarepresentative of values of
a first set of process parameters observed by the plurality of sensors and
the manipulated variable data representative of expected values of a second
set of process parameters; and a solver module to receive, from the
multivariate model, at least one of predicted yield data, predicted
manipulated variable data, predicted dependent variable data, a
multivariate 



statistic, or any combination thereof, based on at least the monitored
manipulated variable and dependent variable data and to generate values of
the manipulated variables for providing to the plurality of process tools
and to a prediction model that provides at least predicted statistical
data. 24 The controller of claim 23, wherein the controller adjusts one or
more parameters of the plurality of process tools based on the generated
values of the manipulated variables. 25. The controller of claim 23,
wherein the multivariate statistic includes at least one of a score,
Hotelling's T2 value, a DModX value, a residual standard deviation value,
or any combination thereof. 26. The controller of claim 25, wherein the
prediction model includes a score model to generate predicted values for
the solver module of one or more multivariate statistics. 27. The
controller of claim 23, wherein the prediction model includes a dependent
variable model to generate predicted dependent variable values. 28. The
controller of claim 23, wherein the prediction model provides predicted
values of dependent variables from the manufacturing process. 29. The
controller of claim 23, wherein the prediction model provides the predicted
statistical data to the control module and the solver module.30. The
controller of claim 23, wherein the solver module generates values of the
manipulated variables based on a controller objective. 31. The controller
of claim 30, wherein the controller objective optimizes a quadratic-type
function associated with the manufacturing process. 32. The controller of
claim 30, wherein the controller objective includes one or more constraints
on the dependent variable data, the manipulated variable data, the
predicted yield data, the multivariate statistic, or any combination
thereof. 33. The controller of claim 32, wherein the one or more
constraints are user-specified. 34. The controller of claim 32, wherein the
one or more constraints are associated with penalties for deviating from
the multivariate model. 35. The controller of claim 23, wherein the solver
module is a constrained optimization solver. 36. The controller of claim
23, wherein the control module comprises the solver module. 



37. A system for controlling a manufacturing process, the system
comprising: a data acquisition means for acquiring, from a plurality of
process tools, manipulated variable data representative of expected values
of a set of process parameters and acquiring, from a plurality of sensors,
dependent variable data representative of values of a second set of process
parameters observed by the plurality of sensors; a process control means
for determining operational parameters of the plurality of process tools of
the manufacturing process; a multivariate control means to determine, based
on a multivariate statistical model, values for the manipulated variable
data to provide to the process control means, the multivariate statistical
model receiving at least the acquired manipulated variable and dependent
variable dataand providing predicted yield values and statistical
information to the process control means based on at least the received
data. 38. The system of claim 37, wherein the operational parameters
determined by the process control means optimize or satisfy a control
objective. 


