
WO 03/023538 PCT/US02/28872  STATE ESTIMATION AND SCHEDULING FOR A
MANUFACTURING SYSTEM TECHNICAL FIELD This invention relates generally to
the field of semiconductor device manufacturing and, more  5 particularly,
to state estimation and scheduling for a manufacturing system. BACKGROUND
ART It is typical in semiconductor manufacturing to see many different
products being made by using a  variety of process conditions on the same
pieces of equipment. Because of the nature of the process conditions  and
the high cost of materials, it is very difficult and often impossible to
obtain measurements of key process 10 variables while the process is
operating. Product wafers are run in batches on processing tools using
recipes,  which specify the parameters necessary to run the tool such as
pressure, temperature, and processing time.  Measurements are made after
processing steps are completed to determine if batches meet their
specifications.  Run-to-run control methods use the measurement data
available at the end of each run to determine better recipe  settings for
subsequent batches. This task is made more difficult by the fact that
measurements are often  15 confounded by several different possible sources
of variation. The manufacture of semiconductor devices is characterized by
expensive equipment and raw materials  being used to create microscopic
features in a batch processing environment. In this environment, batches of
wafers are subjected to a series of unit operations with the ultimate goal
being to create functional parts.  Throughout the operations, extreme
processing conditions and features with a critical dimension being 20
constructed are recurring themes. These conditions ultimately mean that it
is difficult (and in many cases.  impossible) to measure important quality
variables in situ. Variables of interest are typically measured after a
batch has been processed. Unfortunately, it is typically not possible to go
back and perform an operation again  to correct a misprocessed batch.
Therefore, effective process control is needed to ensure that every run
goes  according to plan. 25 Run-to-run control in semiconductor
manufacturing is a type of batch control, where a batch may be as  small as
one wafer or as large as several lots of wafers. The standard output of a
run-to-run controller is a  process recipe. This recipe defines the set
points for "low-level" controllers built into the processing tool. In  this
way, the run-to-run controller supervises the tool controller by specifying
required values for process  variables such as temperature, pressure, flow,
and process time. The tool controller handles the actuations 30 necessary
to maintain these variables at the requested values. A typical run-to-run
control setup includes a  feedback loop where adjustments are made to the
recipe parameters based on batch properties measured after  processing.
Typically, the job of the run-to-run controller is to ensure that each
batch hits its inline targets.  Inline targets refer to measurements that
are taken while the wafers have only completed some of their  processing
steps. The inline targets are designed to provide guidelines for having
functional parts at the end of  35 the manufacturing line. Run-to-run
controllers for discrete parts manufacture have several inherent
complications. Unlike a  continuous process, where plant outputs can be
blended together to make particular products, each part that is  produced
must meet all of its quality or performance objectives to function
correctly. As a result, aggressive  control laws must be chosen because the
manufacturing constraints do not allow a series of off-target batches 40
while the controller approaches the target. When the system model is able
to make accurate predictions, the  



-1 WO 03/023538 PCT/US02/28872  controller can be quite aggressive. This is
because the stability of the controller is tied to the ability of the model
to match the behavior of the real system. A controller that is too
aggressive in the presence of model error and  other uncertainties can
actually exhibit poor performance and may lead to instability. This
situation may arise  because a controller makes process decisions based on
assumptions about how its input changes will affect the 5 process. The
qualitative effects of small input changes are often easily understood and
predicted in terms of the  underlying physics of the system. On the other
hand, larger, more dramatic changes can upset the process by  introducing
dynamics more quickly than the process can handle. With better
understanding of the process,  changes can be made more quickly and
effectively. The most aggressive controller that can be used is a plant
inverse, or deadbeat controller. This  10 controller attempts to
immediately reject any measured incoming disturbances and set the
controlled parameters  for each batch exactly at their targets. The
parameters may be determined by substituting the desired outputs  into the
process model and solving directly for the inputs. More conservative
control actions can be obtained by  imposing limits on how quickly input
variables are allowed to change. Because the process gain and other
variables important to the manufacturing processes can change over  15
time, a successful controller must adapt to changing process conditions. At
the foundation of such an adaptive  controller are system identification
techniques. System identification techniques aim to determine a model with
the same input-output characteristics and possibly the same natural model
structure as the physical system under  study. In many practical
applications, it is not feasible to obtain an exact model form for the
process under  study. So, online system identification often takes the form
of a parameter estimation problem. In this 20 formulation, a form for the
model is predetermined, and the model parameters are updated recursively
from  process data. Changing process conditions can be seen as a change in
the estimated model parameters over  time. In microelectronics
manufacturing, it is standard practice to apply statistical process control
(SPC)  techniques to the process outputs. SPC can also be applied to the
outputs of a system under automated control.  25 These outputs include not
only the controlled outputs of the process but also the measured deviation
of the real process from the prediction used by the controller. In general,
the use of SPC techniques involves setting limits  on the variables of
interest and investigating the process when it strays outside the limits.
As its name implies,  statistical process control is heavily rooted in
treating the process variables of interest as distributions. Several
different statistics can be monitored to ensure that the process remains
stationary. These techniques are 30 designed to indicate whether a process
is running in control or not, but decisions about what to do when the
process goes out of control are left to engineers. These SPC techniques can
represent how well an automated controller is doing in terms of keeping the
process running inside the control limits. When the limits are exceeded,
either the process or the automatic  controller must be adjusted. However,
real processes and the disturbances to them change over time, so it is not
35 necessarily true that all process variables of interest will remain
stationary. In addition, there are many systems  where all of the
measurements important to control cannot be taken as frequently as desired.
For these systems,  it is possible that some measurements that would be
outliers are not identified simply because they are not  measured. In this
context, static limits on process variables do not always make sense. The
ideal solution is an  



automatic controller that can detect process changes and adjust itself to
account for them. Such an automatic 40 controller could adjust the process
before the control limits on the quality outputs are even violated. This
-2 WO 03/023538 PCT/US02/28872  controller must recognize that the model it
uses may become invalid, so it must always treat new measurement  data as
an opportunity to remodel the process. To achieve adequate performance in
an uncertain environment, the control system must react to  process
changes. Adaptive control techniques are a class of control schemes where
the controller automatically  5 adjusts its model parameters and tuning to
account for observed changes in the process itself. These techniques often
rely on online model parameter estimation, and the controller settings are
continually adjusted to match  the current system model derived from the
measurements. Adaptive control is useful when the true model of  the system
is complicated or of high order, since the control law can be based on a
simpler model with  adjustable parameters. These controllers can be
obtained from a variety of design methods including pole 10 placement
techniques and minimization of quadratic cost functions. Adaptive control
techniques can enable  advanced control concepts such as optimal control to
be used in cases where the system under study is very  complicated or
poorly understood. For a given system with manipulated inputs and a
quantitative performance objective, optimal control  theory can be used to
find the best set of inputs. The optimal control problem is to determine
the set of inputs  15 that minimize (or maximize) an objective function
while satisfying the constraints of the system model and any additional
process requirements. Mathematically, this is described by the equations
below, where x represents  the process state, u represents the manipulated
input, t represents time, f is the objective function, and g; are a  series
of constraints on the solution. mir>f (x,u,t) (1)  20 g1 (x, u, t) ? 0 (2)
For certain types of systems, this works well for solving the control
problem. One advantage of optimal control is that the control objective is
clearly defined. Evaluating the objective function at the solution
provides a quantitative measure of the expected performance of the
controller. When paired with adaptive  techniques, optimal control can meet
the control objectives even when the system changes over time. The 25
optimal control equations are very general, and are not limited to
describing simple systems. The constraint  equations, g;, normally include
differential equations or difference equations that govern the process as
well as  operating limits that are imposed on the process inputs and
states. For most real processes, the above problem  often results in a set
of nonlinear differential equations with mixed boundary conditions. Optimal
solutions have been derived for some simple process models. One class of
such problems is a  30 linear (L) model and quadratic (Q) objective
function with additive Gaussian (G) noise in the model, also called  the
LQG problem. For these systems, the optimal controller can be derived. In
general, approximations must  be made for real processes, and a sub-optimal
controller must be used. This is because the true model of the  system is
often either unknown or too complicated for the optimal controller to have
a closed form solution. A  common approach is to formulate the problem as
LQG and to use the corresponding linear controller. 35 One method used in
adaptive control is a sub-optimal approach, where the process model is
assumed to  have a simple model form, but the values of the model
parameters are undetermined or time-varying. In this  



formulation, the optimal control law for the chosen model form can be
derived in terms of the unknown model  parameters. Then, system
identification techniques can be used to determine the values of the model
parameters that best explain the observed system behavior. -3 WO 03/023538
PCT/US02/28872 In this case the controller has a model that is accurate in
the vicinity of the current operating point. As  the process moves to other
operating points, the model parameters are updated, so that the controller
can still  function effectively. The key constraint is that the model must
match the input- output behavior of the real  process in the current region
of interest. The presence of disturbances and dynamics that are not
accounted for 5 by the model can affect the stability of the controller.
The controller must be able to respond intelligently to  errors in the
parameter estimates as well as actual changes in the process that require
changes in the model  parameters. An adaptive controller recursively
estimates the model parameters after each sample, and the  control action
is then calculated using the new values of the parameter estimates. There
are different approaches to adaptive control. The procedure described above
is an indirect  10 method, where the control action is computed based on
estimated model parameter values. In the direct  adaptive control method,
parameters in the control law itself (such as gains) are computed
recursively from the  measured errors. The optimal adaptive controller
tries to solve a dual control problem using a formulation  having as a goal
the simultaneous control and identification of the process. A sufficiently
advanced controller  takes into account the need to characterize the
process and "probes" the process to obtain better parameter  15 estimates.
The adaptive controller relies on system identification techniques to
bridge the gap between the chosen  model form and the actual model used for
control by choosing appropriate values for all the parameters in the  model
form. System identification techniques fall into two main categories (i.e.,
offline and online) depending  on whether or not they are performed in real
time on data that are obtained while the system is operating. 20 Offline
system identification schemes examine a complete set of process input and
output data to arrive  at a model. These schemes are very flexible because
many different model forms can be tried, and they have  the advantage of
being able to analyze all of the process data at one time. Such a system
can even use models  such as artificial neural networks (ANN) that do not
have prescribed structure. The main limitation of an offline  system
identification scheme is that it cannot predict how the model may change in
the future. 25 Online system identification techniques are active as the
process under study is running. They use  process measurements and
recursively update a system model of predetermined form. The estimator
observes  the system and adjusts the model parameters within the chosen
model structure. In general, the estimator does  not have a complete set of
data with which to work. It only has access to the measurements that have
already  been made. However, an online system identification scheme has one
distinct advantage over an offline 30 method. The online method can quickly
react to changes in the process. Process changes appear as errors in the
values of the model parameters. If the process change is gradual over time,
the online system identification  method can adjust the model as the
process changes, so the prediction error is kept low. The common
exponentially weighted moving average (EWMA) filtering technique can be
used in  recursive parameter estimation. Here, a new parameter estimate is
obtained by using a weighted combination of  35 a parameter estimate based
on the current measurement and the current parameter estimate as shown in 



xk+l = ,% xk+l + (1 - 2)xk , (3)  where x is the measured value, and x is
the estimate. The choice of the EWMA weighting parameter, A, affects
whether the estimator will respond slowly  (for slowly drifting processes)
or quickly (for processes undergoing a rapid change). So, different choices
of the  -4 WO 03/023538 PCT/US02/28872  weighting parameter affect the
stability of a controller using the parameter estimates under different
circumstances. To effectively estimate model parameters in an online
recursive fashion, some process characteristics  are required.
Identification of a process under automatic control is complicated because
the actions of the  5 controller mask the underlying behavior of the
process. In general, the inputs to the process have to vary in such a way
that the model parameters can be uniquely identified. This requirement is
called persistent  excitation. A difficulty arises because the satisfaction
of a typical control objective lowers the amount of  excitation as the
process reaches a steady state at the desired operating point. Adaptive
control techniques can be applied to batch processes for run-to-run
control. The system  10 model predicts the process behavior of each batch
as well as how the system changes from batch to batch. The  responsibility
of the controller is to choose the optimal input settings for each batch.
In a real manufacturing  environment, process conditions are constantly
changing, so the system models must be updated regularly. To  arrive at the
best inputs for each batch, the controller must react to the changing
process conditions by adjusting  the model parameters. This can be done by
solving the system identification problem each time new data  15 become
available. Run-to-run batch control in semiconductor manufacturing is often
complicated by having multiple  products and multiple processing tools.
These situations arise very often in semiconductor manufacturing, but  they
are also an issue in other batch processing environments, such as the
production of polymers. It is  important that each batch meet its required
specifications, but it is difficult to choose appropriate recipe settings
20 when switching between different products and tools. Online system
identification and adaptive control can  help make this problem much more
manageable. Of course, the success of the controller is dependent on the
properties of the disturbances and system inputs as well as the controller
design itself. Consider a process that can be modeled linearly as a simple
example, x = rt. (4) 25 The extent of the reaction after time t is given by
x, and r is the rate, which is known to fluctuate with changing  process
conditions. The target is a desired extent of reaction x`. After each run,
a new estimate for the rate r is  prepared based on the results of the run.
In many applications, it is quickly observed that different products will
have very different apparent reaction rates. However, the rate can drift
from batch to batch, even if only one  product is being made. This can be
caused by reactor fouling, degradation of consumable materials, or process
30 leaks. Simply tracking an estimate for r from run to run is not
acceptable because each switch to a different  product appears as a step
change. Each time the product switches, the rate estimate slowly moves to
the new  observed rate over the course of several runs. Reactor fouling
causes the rate to continually decay over the  course of the runs. An EWMA
is used to filter the apparent rate data from each run, and the filtered
values are 



35 used as the rate estimates. When a second product is run, the apparent
rate is much different than what it was  for the first product, and the
filter causes the state estimate to slowly perceive this over time. The
state estimate  thus lags behind the observed value, especially when the
products are switched. This difference between the  estimate and the real
state is what causes a controller using this estimate to miss the target.
-5 WO 03/023538 PCT/US02/28872  Previous work in this area has led to the
concept of observer scheduling. In this formulation, a model is developed
for the tool state (x) that is independent of the product. This tool state
is an intrinsic rate for the  tool. A change in this rate affects all
products that run on the tool. xk+l = Axk + Buk (5)  5 The process state x
is mapped to the product state y using the output equation .Yk = Cxk . (6)
Then, the estimator is used to track the tool state x, rather than product
state y. Inspection of the  Kalman optimal filtering equations indicates
that optimal observer gain is a function of the output mapping C.  So, by
using offline analysis, the repeatable product dependence can be quantified
to arrive at a new model for 10 the rate r, where ro is the "intrinsic
rate" of the processing tool, and kp is a product-specific correction
factor. r = ro kp. (7)  The observer then estimates ro instead of r, by
scaling the observed rate by the correct product-specific  factor kp. In a
situation where the product specific factors are known exactly, the scheme
described above  works very well. Changes in the operation of the
processing tool are observed regardless of which product is 15 running.
However, in a real manufacturing environment, several complications arise.
For example, there can be  several processing tools, new products appear,
and experiments can be very expensive in terms of both raw  materials and
processing tool downtime. The impact here is that the product specific
factors are not always  known a priori, so it is not necessarily safe to
assume kp (and hence C) are known values. The method above observes a
single parameter (r0), but it is necessary to find a way to quickly obtain
20 estimates for new values of kp. In principle, this can be done by
observing the rate at each run, and updating the  model parameters
accordingly. In practice, observability concerns arise. The result of each
run is a  measurement of the apparent rate r, which is confounded by both
ro and kp, so any estimation scheme must be  able to use the information
available to adjust all the parameters as necessary. To estimate ro and kp
from the data (r), the previous equation may be used with a Taylor series
25 approximation, Or=roxAkp+kpxAro. (8)  An apparent change in the value of
r can be expressed as a change in the estimates of ro and kp. So, it  is
necessary to classify the changes (using an analysis of variance technique)
to determine how to distribute the  error between the two parameters. 30
One simple method of distributing the error is to apply a linear filter to
each parameter. r0,new rO,meas2r + r0,/as, (1 - Ar) (9) kp,new =
kp,meas.l1'k + kp,las, (1- 2k) (10)  The lambda values are varied to
reflect the confidence in the parameter estimates. In situations where  



35 ro is expected to be changing, 2r is high, and in situations where kp is
thought to be in error, 2k is high. As an example, for a well-established
product, there is a high degree of confidence that kp is accurate.  In
addition, ro is known to drift over time. Thus, the relation 2r >> 2k is
used. On the other hand, for a new  -6 WO 03/023538 PCT/US02/28872
product, there is less confidence in the value of kp. It is expected that
an inaccurate kp will affect the rate more  than the noise or drift in ro,
so the condition 2k >> 2- is set. This technique, while simple to
understand, is limited because it is a rule-based scheme that relies on
concepts that are difficult to quantify. Furthermore, it is not always
possible to solve the model equations for  5 each parameter in turn. A
successful controller for the types of processes described herein would be
able to address the dual  problems of simultaneous identification and
control. It is easier to learn about the process by making large  input
changes or running non-production experiments, but this directly opposes
the primary goal of the  controller. Making the process choices involves a
tradeoff between tightly tracking the targets and helping to  10
characterize the process because the two objectives conflict with each
other. Run-to-run control as practiced in high-volume multi-product
semiconductor manufacturing does not  easily fit into the framework of
traditional approaches to process control. A traditional approach defines a
process model with a given set of states, inputs, and outputs. In some
cases, the model is static, and in others, it  changes over time. At each
time step, inputs and disturbances affect the states, and outputs are
measured. 15 Then, the controller makes an update and the process repeats.
One reason this approach is not always  successful is that there are often
multiple processing tools as well as multiple products. It is a common
practice  in today's microelectronics manufacturing facilities to have many
different products and processes run on each  processing tool, mainly
because of the high capital costs associated with the tools and the limited
capacity of the  facility. In addition, of all the measurements important
to a process, only a subset are generally made on each  20 run. Determining
how to do controller updates in this environment can be a challenging task.
A run-to-run controller relies on having a process model that is
consistently correct from run to run.  When the various processes run on
the tool are significantly different, the controller may behave
unexpectedly  because a change to a new process can appear to be a large
disturbance. In addition, it may take several  successive runs of a given
process for the controller to stabilize, but manufacturing constraints may
prevent this 25 from happening. In the best case, the controller would
determine optimal settings for all processes that must run  on the tool,
regardless of the order in which they appear. In an adaptive control
strategy, an online system identification scheme runs along with the
controller  and constantly adjusts the model so that it mimics the true
behavior of the system. One very difficult task in  this situation is
determining which of the many possibilities (parameters, bias estimates) is
the source of the 30 observed errors in the output. In semiconductor
manufacturing, a common question is whether the errors are  assignable to
tool differences or to product differences. The present invention is
directed to overcoming, or at least reducing the effects of, one or more of
the  problems set forth above. DISCLOSURE OF INVENTION 35 One aspect of the
present invention is seen in a method for monitoring a manufacturing
system. The  



method includes defining a plurality of observed states associated with the
manufacturing system. State  estimates are generated for the observed
states. An uncertainty value is generated for each of the state  estimates.
Measurement data associated with an entity in the manufacturing system is
received. The state  estimates are updated based on the measurement data
and the uncertainty values associated with the state  40 estimates. The
uncertainty values may also be used to influence scheduling decisions. -7
WO 03/023538 PCT/US02/28872  Another aspect of the present invention is
seen in a system for monitoring a manufacturing system. The system includes
a controller configured to define a plurality of observed states associated
with the  manufacturing system, generate state estimates for the observed
states, generate an uncertainty value for each of  the state estimates,
receive measurement data associated with an entity in the manufacturing
system, and update 5 the state estimates based on the measurement data and
the uncertainty values associated with the state estimates.  The system may
also include a scheduling controller configured to make scheduling
decisions based on  predicted changes to the uncertainty values. BRIEF
DESCRIPTION OF THE DRAWINGS The invention may be understood by reference to
the following description taken in conjunction with  10 the accompanying
drawings, in which like reference numerals identify like elements, and in
which: Figure 1 is a simplified block diagram of a manufacturing system in
accordance with one illustrative  embodiment of the present invention;
Figure 2 is a simplified block diagram of a portion of the manufacturing
system of Figure 1;  Figures 3A and 3B are graphs of exemplary probability
density functions; 15 Figures 4 through 29 a graphs illustrating the
performance of a controller of Figure 1 to under various  scenarios; and
Figure 30 represents a block diagram on a system including a process
controller and a scheduling  controller in accordance with another
embodiment of the present invention; and Figure 31 represents a simplified
flow diagram of a method for for scheduling activities in a  20
manufacturing system in accordance with yet another embodiment of the
present invention. While the invention is susceptible to various
modifications and alternative forms, specific  embodiments thereof have
been shown by way of example in the drawings and are herein described in
detail. It  should be understood, however, that the description herein of
specific embodiments is not intended to limit the  invention to the
particular forms disclosed, but on the contrary, the intention is to cover
all modifications, 25 equivalents, and alternatives falling within the
spirit and scope of the invention as defined by the appended  claims.
MODE(S) FOR CARRYING OUT THE INVENTION Illustrative embodiments of the
invention are described below. In the interest of clarity, not all features
of an actual implementation are described in this specification. It will of
course be appreciated that in the  30 development of any such actual
embodiment, numerous implementation-specific decisions must be made to
achieve the developers' specific goals, such as compliance with
system-related and business-related constraints,  which will vary from one
implementation to another. Moreover, it will be appreciated that such a
development  effort might be complex and time-consuming, but would
nevertheless be a routine undertaking for those of  



ordinary skill in the art having the benefit of this disclosure. 35
Referring to Figure 1, a simplified block diagram of an illustrative
manufacturing system 10 is  provided. In the illustrated embodiment, the
manufacturing system 10 is adapted to fabricate semiconductor  devices.
Although the invention is described as it may be implemented in a
semiconductor fabrication facility,  the invention is not so limited and
may be applied to other manufacturing environments. The techniques
described herein may be applied to a variety of workpieces or manufactured
items including, but not limited to 40 microprocessors, memory devices,
digital signal processors, application specific integrated circuits
(ASICs), or  -8 WO 03/023538 PCT/US02/28872  other similar devices. The
techniques may also be applied to workpieces or manufactured items other
than  semiconductor devices. A network 20 interconnects various components
of the manufacturing system 10, allowing them to  exchange information. The
illustrative manufacturing system 10 includes a plurality of tools 30-80.
Each of the  5 tools 30-80 may be coupled to a computer (not shown) for
interfacing with the network 20. The tools 30-80 are grouped into sets of
like tools, as denoted by lettered suffixes. For example, the set of tools
30A-30C represent  tools of a certain type, such as a chemical mechanical
planarization tool. A particular wafer or lot of wafers  progresses through
the tools 30-80 as it is being manufactured, with each tool 30-80
performing a specific  function in the process flow. Exemplary processing
tools for a semiconductor device fabrication environment, 10 include
metrology tools, photolithography steppers, etch tools, deposition tools,
polishing tools, rapid thermal  processing tools, implantation tools, etc.
The tools 30-80 are illustrated in a rank and file grouping for
illustrative purposes only. In an actual implementation, the tools may be
arranged in any order or grouping.  Additionally, the connections between
the tools in a particular grouping are meant to represent only connections
to the network 20, rather than interconnections between the tools. 15 A
manufacturing execution system (MES) server 90 directs the high level
operation of the  manufacturing system 10. The MES server 90 monitors the
status of the various entities in the manufacturing  system 10 (i.e., lots,
tools 30-80) and controls the flow of articles of manufacture (e.g., lots
of semiconductor  wafers) through the process flow. A database server 100
is provided for storing data related to the status of the  various entities
and articles of manufacture in the process flow. The database server 100
may store information 20 in one or more data stores 110. The data may
include pre-process and post-process metrology data, tool states,  lot
priorities, etc. Portions of the invention and corresponding detailed
description are presented in terms of software, or  algorithms and symbolic
representations of operations on data bits within a computer memory. These
descriptions and representations are the ones by which those of ordinary
skill in the art effectively convey the 25 substance of their work to
others of ordinary skill in the art. An algorithm, as the term is used
here, and as it is  used generally, is conceived to be a self-consistent
sequence of steps leading to a desired result. The steps are  those
requiring physical manipulations of physical quantities. Usually, though
not necessarily, these quantities  take the form of optical, electrical, or
magnetic signals capable of being stored, transferred, combined,  compared,
and otherwise manipulated. It has proven convenient at times, principally
for reasons of common  30 usage, to refer to these signals as bits, values,
elements, symbols, characters, terms, numbers, or the like. It should be
borne in mind, however, that all of these and similar terms are to be
associated with the  



appropriate physical quantities and are merely convenient labels applied to
these quantities. Unless specifically  stated otherwise, or as is apparent
from the discussion, terms such as "processing" or "computing" or
"calculating" or "determining" or "displaying" or the like, refer to the
action and processes of a computer 35 system, or similar electronic
computing device, that manipulates and transforms data represented as
physical,  electronic quantities within the computer system's registers and
memories into other data similarly represented  as physical quantities
within the computer system memories or registers or other such information
storage,  transmission or display devices. An exemplary information
exchange and process control framework suitable for use in the  40
manufacturing system 10 is an Advanced Process Control (APC) framework,
such as may be implemented  -9 WO 03/023538 PCT/US02/28872  using the
Catalyst system offered by KLA-Tencor, Inc. The Catalyst system uses
Semiconductor Equipment  and Materials International (SEMI) Computer
Integrated Manufacturing (CIM) Framework compliant system  technologies and
is based the Advanced Process Control (APC) Framework. CIM (SEMI E81-0699 -
Provisional Specification for CIM Framework Domain Architecture) and APC
(SEMI E93-0999 - Provisional 5 Specification for CIM Framework Advanced
Process Control Component) specifications are publicly available  from
SEMI, which is headquartered in Mountain View, CA. The manufacturing system
10 also includes a controller 130 executing on a workstation 140. As
described in greater detail below, the controller 130 determines operating
recipe setting for various tools 30-80  in the manufacturing system 10.
Abbreviations and symbol nomenclature used herein are summarized below in
10 Appendix A. The distribution of the processing and data storage
functions amongst the different computers or  workstations in Figure 1 is
generally conducted to provide independence and central information
storage. Of  course, different numbers of computers and different
arrangements may be used. Turning now to Figure 2, a simplified block
diagram of a portion of the manufacturing system 10 of  15 Figure 1 is
provided. In the illustrated embodiment, the portion of the manufacturing
system 10 includes first  and second processing tools 200 and 210
interfacing with the controller 130 and configured to perform  processes on
three different products (A, B, and Q. The number of tools 200, 210 and
products is selected  merely to facilitate the discussion. Of course, other
number of tools 200, 210 and products may be used. The  processes performed
by the tools 200, 210 may be performed in any product/tool combination. The
controller 20 130 includes a control law component 132, and an observer
component 134. The observer component estimates  and updates states of the
manufacturing system 10. The control law component uses this state
information to  determine operating recipe parameters for the tools 200,
210. Using a linearized form and assuming that there is a single "nominal"
point for all combinations, the  deviations from nominal removal for each
context can be described by the equations 25 YEA = ro.fot+rifoto +rofAto
(11)  YIB = ro.fot+rlfoto +ro.fato (12)  Yic = ro.fot+r, foto +ro.fcto (13)
Y2A = ro fot+r2foto +ro.fAto (14)  Yea = r0fot+r2foto +ro f1to (15) 



30 Y2c = rofot + r2foto + rofcto , (16)  where the subscript "1" refers to
the process tool 200, and the subscript "2" refers to the process tool 210.
The entire system can be combined into a single state-space model,  -10 WO
03/023538 PCT/US02/28872  xudi 0 0 0 0 0 0 xudi ro r, 0 1 0 0 0 0 r, 0  r2
_ 0 0 1 0 0 0 r2 + 0 fA 0 0 0 1 0 0 fA 0 14 (17)  fB 0 0 0 0 1 0 fB 0 fC
k+1 0 0 0 0 0 1 fC k 0  Y1A 1 foto 0 roto 0 0 xudj  Y1B 1 foto 0 0 roto 0
r,  YiC 1 foto 0 0 0 roto r2  _ (18) Y2A 1 0 f0t0 roto 0 0 fA  Y2B 1 0 foto
0 roto 0 fB  Y2c k 1 0 foto 0 0 roto fc k where the states consist of the
adjustment (xdj), tool biases (r, and r2), and product biases (fA,fB, and
fc). This  model is of a hypothetical situation where all product/tool
combinations run simultaneously with the same input  5 settings. Although
this situation is unlikely to arise in practice, it is useful from the
standpoint of understanding the interactions between the different
processing contexts. It is clear, for instance, that the single product
factor  fA is used for all runs of product A, regardless of processing
tool. The observability test calculated here, 1 foto 0 roto 0 0  1 foto 0 0
roto 0  1 foto 0 0 0 roto  1 0 foto roto 0 0  1 0 foto 0 roto 0 1 0 ft 0 0
roto (19)  07, 0 foto 0 roto 0 0 0 foto 0 0 roto 0  0 foto 0 0 0 roto  0 0
foto roto 0 0  0 0 foto 0 roto 0  0 0 foto 0 0 roto 10 is rank deficient by
one, so the system is not observable in its current form. The reason for
this situation is that  all runs are confounded by both a product bias and
a tool bias. An additional constraint would be needed to  lock down one or
the other. One method of adding additional measurements to the system
involves the use of  qualification experiments. During these events,
standard tests are run on the equipment that can include the  



processing of specially prepared "reference" batches. As these tests are
standardized across the group of tools, 15 it is convenient to declare that
there is no product-specific bias for these special runs. This means that
the tool  bias can be measured directly during the course of the test on a
particular tool. When such experiments are not  an option, it is also
possible to simply select a reference tool or product that has a (known)
nominal bias. The  -11 WO 03/023538 PCT/US02/28872  primary disadvantage of
this method is that it may be difficult to identify a reference tool or
product in a  manufacturing environment that is constantly changing. The
key here, though, is to find a way to make the  system observable. The only
ways to do this are to add needed outputs (measurements), add constraints
(effectively reducing the number of states), or change the form of the
model to something completely different. 5 In the example above, tool
qualifications would appear as two new cases described by the following
equations. Yj - r, (20)  Y2 - r2, (21)  wherey1 and y2 represent the
deviations from nominal removal observed during qualification of tools 200
(i.e., 10 1) and 210 (i.e., 2), respectively. If the qualification
experiments are added to the example system, then the new  output equation
for the combined system is Y1A 1 foto 0 roto 0 0 YIB 1 foto 0 0 roto 0 xudi
Yic 1 foto 0 0 0 roto r, Y2A 1 0 foto roto 0 0 r2 - (23) Y2B 1 0 foto 0
roto 0 fA Y2C 1 0 foto 0 0 roto fB  Yi 0 1 0 0 0 0 fc k  YZ k 0 0 1 0 0 0
The observability matrix for this new system is  1 foto 0 roto 0 0 1 foto 0
0 roto 0  1 foto 0 0 0 roto  1 0 foto roto 0 0  1 0 foto 0 roto 0  1 0 foto
0 0 roto  0 1 0 0 0 0 Or 0 0 1 0 0 0  = 0 foto 0 roto 0 0  0 foto 0 0 roto
0  0 foto 0 0 0 roto  0 0 foto roto 0 0  0 0 foto 0 roto 0  



0 0 foto 0 0 roto  0 1 0 0 0 0 0 0 1 0 0 0 (24) 15 is full rank, so this
system is observable. is full rank, so this system is observable. However,
the system here is  still the fictional case where all possible runs can
happen simultaneously. In practice, one run happens at a  time. It is
necessary to determine the appropriate way to update the model states after
each run. -12 WO 03/023538 PCT/US02/28872  Structurally, this system
resembles a real system where the different measurements are sampled at
different frequencies. With such a system, the observability changes over
time as different combinations of  measurements are available. The
underlying implicit requirement, though, is that the system be observable
in  the limiting case where all possible measurements are made at every
time step. 5 As described above by the equations above, it is possible to
have a discrete time system model where  only a subset of the possible
measurements are made at each time step. In such a system, it is necessary
to  make state updates whenever new measurements arrive, integrating as
much information as possible from the  new measurements into the state
estimates. In general, prediction errors (deviations between the measured
and  predicted outputs) drive changes to the state estimates. In the
illustrated embodiment, the primary case under  10 investigation has a
measurement that is affected by more than one state. Conceptually, such a
problem appears impossible to solve, because a single known measurement has
to  be used to update more than one unknown state. However, in the
illustrated embodiment, the controller 130  uses additional available
information to handle to state updates. As described in greater detail
below, the  observer component 134 maintains estimates for all the states
as well as a measure of the certainty of those 15 estimates and applies a
statistical analysis to determine which states are most likely to be the
cause of an  observed error in the predicted measurement. The discussion
now focuses on the design of the observer component 134. A major benefit
that results  from the understanding of optimal control theory is the
realization that the control actions may be separated  from the learning
about the system. This general principle enables intuitive possibilities
for controller 130 20 tuning. For instance, the response of the control law
component 132 can be made more sluggish without  affecting the state
estimation routine. The control law component 132 can use the best
information about the  state of the system 10 to make whatever decisions it
needs. The following discussion focuses on the state  estimation problem.
Once this problem is solved, any type of control law may be used to take
advantage of the  state estimates. 25 The following discussion addresses
the problem of performing state updates when not all  measurements are
taken at each time step. In addition to the control of a semiconductor
manufacturing line, this  kind of system also applies to a traditional
chemical process where some variables are sampled more frequently  than
others. For example, a flow meter can be constantly producing flow rate
measurements, but the  compositional analysis might only be done every
several hours. 30 It is necessary to determine the best guesses of the true
values of the system states given only partial  information. The first step
is to ensure that the system is observable in the case where all of the
possible  measurements are taken at each time step, as described above. 



The system states are generally unknown quantities that are affected by
noise and disturbances in  addition to the known effects captured in the
system model. From the standpoint of analysis, each system state  35 can be
treated as a continuous random variable. For convenience in this
description, it is assumed that each is  normally distributed around its
current estimate with some variance, Cr 2 At the beginning of an estimation
procedure, all of the variances are initialized to static values based  on
an experimental analysis of the process. The probability density function
of each state is then given by z  .f (x) = 1 exp (25)  2 9 C 6 2 6 13 WO
03/023538 PCT/US02/28872  where x is the mean and 62 is the variance. A
plot of this function is shown in Figure 3A. For an n-vector of random
variables, the probability density is given by f(x)= 1 expl
-I(x-x)TV-1(x-x) (26)  (2 ~r) det V `` JJ  where x is the vector of means
and V is the covariance matrix given by 5 V =E((x-x)(x-x)T ). (27)  A plot
of this multi-dimensional probability density function is shown in Figure
3B. If there is nothing initially  known about the interdependencies
between the states, then V is simply a diagonal matrix of the variances of
the state estimates. The expected values of all the states are needed,
given the measurements taken at a particular time  10 step. The procedure
will be described for a simple example case and then generalized. For this
example,  assume a system has two states described by x = 11 x1 (28) x2
and an output equation given by y = C x, (29)  15 where C = a, a2 (30)  b,
b2 . At any given time step, x, and x2 are the current estimates for the
states, while o and a2 are the  variances associates with those estimates.
Assuming the states are independent and normally distributed around  the
estimates, then the probability density function is given by (x )2 (X2 - '2
20 f (x) 4?r2 6 6 eXp 2a 22a2 (31) 2 i 2 The output matrix contains two
measurements, but if only one is obtained, it is still necessary to do a
state update. According to the equations above, the predicted value for the
first measurement is given by  A=a,x,+a2z2. (32)  If a measurement ofyj,,,,
is obtained foryj, then the prediction error is 



25 ey, = Y1 -Yl,n,  (33)  The observer component 134 distributes this error
between the states x, and x2. This distribution can  be accomplished since
a line I implied by the measurement, Yr.. = ai xr + a2 x2, (34)  is
contained in the space where the probability density functions for the
states are defined. The projection of the  30 joint probability density
function onto this line 1 provides an indication of the probability
distribution after receiving the measurement. The line I may be visualized
in Figure 3B as the intersection between the plane, p,  and the probability
density function. -14 WO 03/023538 PCT/US02/28872  To compute the expected
values of the states, let (xl,o, x2,0) represent the point on I closest to
(x1, x2 This point is chosen for convenience as it exists for any line 1.
The point is derived here as the solution to the  following problem min(xl
- x1)2 + (x2 - x2)2 (35)  xl,x2 5 a,x1 + a2x2 = Yl n, (36)  If a2 t 0, then
- a1x, + YI21,, = xz (37)  a2 a2 Substituting this into Equation 35 yields
z  2 a, x, yl, , min(x1- x1) + - + - x2 (38)  xl,xz a2 a2 10 Setting the
derivative with respect to x1 to zero yields 2(x, -x1)+2 -a'x' +YI1", -x2
-a, =0. (39)  a2 a2 a2 Grouping the x1 terms yields  2 x1 I+ aa12 xl - ay,
+ a' x2 0 (40)  a2 a2 a2 Therefore, a,Y, alxz X+ a22 a2 a22 a22x1 +alyl
-a,a2x2 15 xl a2 a2 a2+a2 (41)  + ! a2 1 2 z  a2 By symmetry,  2^  



a, x2 + a2 y1 -a 2 a,x, )  x2 a12 +a 2 2 (42)  So, - a22x1 +a,y1 -a1a2x2
a12x2 +a2Y1 -a2alx, (43)  (x l,o' x2,o ) - a I 2+ a 2 2 a 1 2+ a2 2 20 The
line, 1, can be parameterized in t by x1(t) = x10 +a 2 t (44)  x2 (t) = x2
0 - a,t (45)  Now, the unnormalized integral, k1, of the probability
density function along line I may be defined by  -15 WO 03/023538
PCT/US02/28872  1 (x1 - x,)2 (x2 - x2)2 k, = J, exp - 2 - 2 dl, (46)
4~r2Q,C2 26, 262 or (x,(t)-xi)2 (x2(t)2 2 x2)2 k, = J exp - - dt. (47)  -00
4 2 26~2 ~ 262 5 Then, the expected value oft is given by eXp = ( t 1 eXp -
(xl ~~ 2x1)2 - (x2 62x2 ) 2 k, f t dt, (48) 4,r26,a'2 , 2 and the expected
values of the states are given by x1 = x1 0 + Ct2teXp (49)  x2 = x2 0 -
altexp . (50) 10 Conceptually, the update will distribute the prediction
error between the two states in a way that the  change made to the state
estimate is larger for a parameter with more uncertainty (variance). This
is because the  expected point on the line 1 is dominated by the parameter
estimate with a "wider" probability density. This is  illustrated
graphically in Figure 3B. The plane, p, cutting through the probability
density function represents the  information contained in a new measurement
that is a function of both x, and x2. The intersection of the plane,  15 p,
with the probability density function is the probability distribution given
the new information. The discussion above has a similar goal to a
derivation of the discrete Kalman filter. It is desired to  use uncertainty
information to obtain better parameter estimates. There are multiple ways
the Kalman filter can  be derived. The formulation above treats the
measurement information (1) as an absolute while in the Kalman  filter
derivation it carries uncertainty just as the state estimates do.
Mathematically, the line 1 acts as a 20 constraint above while in the
Kalman filter formulation, it corresponds to a penalized term in an
objective  function that is being minimized. The Kalman filter approach to
this problem will be outlined in greater detail  herein as it is a much
more general approach to the estimation problem. Consider a system where x
is the current vector of state estimates, P is the error covariance matrix
for  the state estimates, and y is a vector of measurements described by 25
y=Cx+v, (51)  



where v represents random measurement error with zero mean and covariance
matrix R. Given the system described above, the discrete Kalman filter
essentially minimizes the performance  index J = 2 ((X - X)T P-1(X - x) +
(y - CX)T R-( y - Cx)) , (52)  30 over x to arrive at the new state
estimate vector. This weighted least squares performance index minimizes
the prediction error while penalizing  changes to state estimates where the
confidence in the current estimates is high. This is easy to see if the
covariance matrix P is a diagonal matrix consisting only of the variances.
A highly confident state estimate will  -16 WO 03/023538 PCT/US02/28872
have a low variance, so the corresponding element of P'' will be very
large. In addition, if multiple  measurements are received, they are
weighted in the objective function in accordance with their confidence
levels (as determined by the variance terms in the matrix R). It is useful
to note that when the terms of R are very small in magnitude, the new x
must do a good job  5 of explaining the measurement y, because the (y - C
x) terms are heavily penalized for large R-'. If R is small,  there is very
little uncertainty in the measurement vector y. In the extreme case, the
solution approaches the  case where the state estimates end up on the line
(or plane) defined by the measurements as in Equation 34. The  optimization
problem described in Equation 52 can be solved analytically by setting the
differential dJ to zero.  dJ = dxTP-' (x - z) - (Cdx)T R-' (y - Cx). (53)
10 Thus, 0 = dxT [P-' (x - x) - CTR-' (y - Cx)1 . (54) Since dx can vary
arbitrarily, the term in brackets must be zero, and it is possible to solve
for the optimal x  algebraically. 0 = P-'x - P-'x - CTR-'y+CTR-'Cx (55)  15
0 = (P-' + CTR-'C)x - P-' x - CTR-'y (56)  (P-' + CTR-'C)x = P-'x + CTR-'y
+ CTR-'x - CTR-'x (57)  (P-' + CTR-'C)x = (P-' + CTR-'C)z + CTR-'y _CT
R_'Ci (58)  x = x + (P-' + CTR-'C)-' CTR-' (y - C%) . (59)  In the
two-variable case described above, 20 C = [a, a2 l (60)  and 2  P= ~' 0
(61)  0 C2 Since there is only one measurement, the matrix R is simply the
single term R. So for this case  el - 1 0 -) -1 [ ] (~ l r l R[y-Cx]. (62)
x+ i ' + a' LRJ [a, a2] [a2 ' CZ  



2  25 Equation 62 can be further simplified by C; a, + R a, a2  2 X = x +
C, R R a, r 1 ~y _ Cx~ (63)  a,a2 CZa2 + R az L R R C2R -17 WO 03/023538
PCT/US02/28872  a2 2 2 a2 +R a1a2 z z 2 X=X+ a1a2R 62R R a, r l l[y_Cx]
(64)  6j a1 2 +62 a22 +R a1a2 612 a; +R a2 R R o-1 2R  a, 2 2 2 X = X + 6,
a2 R a2 R [y - Cx] (65)  a1 a1 + 62 a2 +R a2 (Ti R  1 alai X = x + [y -
Cx]. (66)  a1 a, 2 + 62 a2 + R a262 This result demonstrates how the
uncertainties in the state estimates and the measurement affect the  5
update. In the case where only a subset of the measurements are obtained,
y, R, and C in Equation 52 are  replaced by the reduced versions. Here yr
is the vector of measurements obtained, C, contains the rows in C  that
give the measurements obtained, and Rr is the covariance matrix for this
reduced set of measurements. In  this situation, the state update is given
by 10 X = X+(P-1 +CrTRr-1Cr)-1CrTRr-'(yr -CrX) . (67)  As different
measurements are taken, the effective C and R matrices change. Since the
effective output  matrix is not constant, the variance estimates (and hence
the effective update weights) never reach a steady  state, even when the
controller 130 runs for many time steps. The observer component 134 is
constantly  changing its gain as the processing mix changes. 15 State and
variance estimates are updated at two distinct times: at the processing
time and when  measurement information arrives. The update at the
processing time is a predictive update using the known  model of the
system. In this case, the model error is assumed to have zero mean and
known covariance. The  current state and variance estimates are both passed
through the state transition matrix to arrive at new  estimates. The update
at the measurement step (the innovation) takes into account the new
information learned  20 from the measurements by solving the problem stated
in Equation 52. 



The evolution of x in time is given by Xk+1 = AkXk +Bkuk +Gkwk (68)  where
Uk is the process input and wk is a random process error with zero mean and
covariance matrix Q. As  above, the measurement taken is given by 25 Yk =
CkXk + Vk , (69)  where v represents random measurement error with zero
mean and covariance matrix R. Any time the process is run, the state
estimates and error covariance are updated using the following  equations:
X new = A xold + B u (70)  -18 WO 03/023538 PCT/US02/28872 new = APold AT
+GQGT (71)  These equations update the estimate for x assuming there is no
noise, but the uncertainty contained in  P increases. Any time a
measurement is taken, the state estimates and error covariance are updated
using these  equations: 5 xnew = X old + (Pold-I + CTR-ICr)-1 CTR-I (Y _ C
X old) (72)  -1 T I -1 J P,eW = (Pold + CRC). (73)  These equations ensure
that the new estimate of x reflects the measurement data, and the
uncertainty  contained in P decreases. It is useful to note that the
measurement update changes the off-diagonal terms in the  error covariance
matrix. These terms retain a memory of how states are related to each other
based on past  10 measurements. So after each time step, the error
covariance matrix is updated along with the state estimates. In  general, a
processing step increases the uncertainty (variance) while an additional
measurement decreases the  uncertainty. The fact that different
combinations of measurements are made leads to different patterns in the
covariance matrix. 15 Nonlinear systems can be handled by using the matrix
of partial derivatives of the model equations  instead of the matrices A,
B, and C. In general, the same analysis still applies, and the process
model is  linearized around the current operating point at each time step.
In the nonlinear case, the model equations are a more general relation
between the current and future  state values. 20 Xk+1 =f(Xk,Uk) (74)  Yk =
h(xk) (75)  At a given time step, these equations can be linearized to
create the corresponding terms from the  linear model. of of L  axl aX2 A a
2 aft L (76)  &I axe M M O 



of of L au, au2 25 B aft aft L (77)  aul au2 M M O -19 WO 03/023538
PCT/US02/28872  ate, ate, L &l ox2 C ak ak L (78)  &1 Ox2 M M O The
following discussion outlines the use of an estimation algorithm based on
the Kalman filter to be  used in a run-to-run control situation with
multiple processing contexts. The algorithm utilizes xk and F,, the  state
estimate vector and the uncertainty information contained in the error
covariance matrix. When it is time 5 to compute settings for a particular
run, the observer component 134 must first identify the states and
measurements that apply to the run. Since the objective for the run is to
achieve a particular value of the system  output, the controller 130 must
calculate the effective output mapping C,. for the given context. Given the
correct output mapping and the current state estimates, the control law
component 132 can  compute the process inputs and allow the process to
proceed. Also at this time, the observer component 134  10 computes
estimates for the post-process states xk+1 and covariance Pk+1 using the
process model. Using the  effective output matrix, the observer component
134 can also predict the output yk+1  After the run, the observer component
134 receives a measurement yk+i. The observer component  134 can use the
current state and covariance estimates along with the new measurement to
minimize Equation  52. This results in new values for xk+1 and Pk+1 . As
new products or tools 200, 210 are added, their state  15 estimates must be
added to the states already being stored and updated. Due to changing
process conditions such as the addition of new products or tools 200, 210,
it is  possible for the number of states tracked by the observer component
134 to change. It is beneficial for these  changes to disturb the
controller 130 as little as possible. To achieve this minimized
disturbance, the  information about the new state is merged into the
existing state vector and error covariance matrix. After 20 choosing an
appropriate initial guess for the state estimate, a new element is added to
the state vector to track  the new state. In addition, a new row and column
are added to the error covariance matrix. These new  elements in the
covariance matrix can all be initialized with zero except the variance
term, which should be set  relatively high to indicate that the new state
is not well characterized. The tuning parameters include the estimated
noise properties for the model uncertainty (the G and Q  25 matrices in the
system model equations) and measurements (the R matrix). Also, the initial
guesses for new  states and state estimate variances must be determined. By
choosing a high initial guess for the uncertainty in a  new state estimate,
the observer component 134 will be forced to update it preferentially until
it more closely  matches the performance of the existing states. The choice
of the R matrix affects how quickly the estimation scheme responds to
measurement data.  



30 Larger values lead to a more sluggish response. The choices for the G
and Q matrices affect how quickly the  relative uncertainties in the
different model states increase with processing. These can be used to cause
the  estimation scheme to favor updating certain parameters more than
others. -20 WO 03/023538 PCT/US02/28872 The optimal tuning and even the
model form depend heavily on process conditions. There is no  perfect
controller, but rather only a best controller for a given set of process
conditions. A good understanding  of the expected disturbances leads to a
design that performs well under those circumstances. In the state
estimation scheme described above, there are two times that the state and
uncertainty  5 estimates are changed. These are the prediction made at
processing time and the update at measurement time.  To function correctly,
the state estimation algorithm maintains a complete history of all runs
that have been  processed including all known measurements relating to
them. In a batch-oriented processing environment with  measurements taken
before and after processing, it is possible for measurements to be delayed
or even skipped  entirely. It is necessary to ensure that the state
estimator correctly assembles the information it receives into an  10
accurate processing history. In principle, it is possible to retain a
complete processing history for the system, containing the inputs  and
outputs for each processing run. Then, when a measurement arrives, it is
simply inserted into the history at  the appropriate point. All the current
state estimates can be computed by starting with the original guesses and
iterating through each time step in the history. 15 Such a method requires
very large data storage capacity. However, it is not always necessary to
store  all this data to calculate the correct current state estimates. In a
system with 100% metrology (all variables  measured for every run), the
results from all of the runs will eventually be measured. If a record for
the run is  created at the processing step, it can be updated with the
measurement data when the information becomes  available. 20 All of the
complete (process and metrology data available) records starting from the
beginning of the  history table and continuing until the first unmeasured
run can be collapsed into the running "initial guesses" for  the table.
This is accomplished by performing both the prediction update and
measurement update for each  record. Nothing can be processed without
making a processing record, so there is no chance of acquiring a
measurement that does not correspond to a process event still in the table.
This reduces the history table down  25 to only the period of time where
there are still measurements missing. In the case where the operating
constraints do not allow every run to be measured, it is necessary to
define an expiration time. Runs older than the expiration time that have
not yet been measured are discarded  with the assumption that they will
never be measured. This allows the standard collapsing described above to
go on even in the case of incomplete metrology. An unmeasured process run
only has the predictive update  30 done when it is collapsed. The
adjustments described above allow the controller to treat the measurement
data as a continuous  stream even though the data can really arrive late
and sometimes not at all. The following example shows how  the controller
for a multiple tool and product process would handle a typical situation.
In this case, it is  assumed that the tool and product names are sufficient
to determine which model states are affected in each run.  35 Table 1
illustrates a list of process events for this case. 



40 -21 WO 03/023538 PCT/US02/28872  Table 1 - Process Events: Case 1 Event
ID Batch ID Description Controller Action  I I Run Product A on Tool 1
Predict States 2 1 Measure Update States  3 2 Run Product A on Tool 2
Predict States  4 2 Measure Update States  5 3 Run Product B on Tool 2
Predict States  6 3 Measure Update States  7 4 Run Product B on Tool I
Predict States  8 4 Measure Update States If the process proceeds in the
order described in Table 1, then no historical information needs to be
saved at all. Each event can update the controller states in the normal way
as described in the table. Here, the  5 only data that must be saved are
included in x*, which denotes the "running total" of the set of state and
uncertainty estimates. The values for x* are updated with each event, and
then the event data are discarded.  However, if the processing occurs as
described in Table 2 below, then the observer component 134  must decide
how to interpret each new piece of data. Handling the measurement events is
not as simple as  before because the measurement information is out of
date. Clearly, the observer component 134 still needs to 10 do a state
update with each new measurement, but it cannot simply base new state
values on the latest  measurement because the new information refers to an
operation that took place in the past. The solution is to  save all the
event information so that the complete history can be constructed as the
information becomes  available. Information is then discarded only when it
is no longer needed. Table 2 - Process Events: Case 2 Event ID Batch ID
Description Controller Action  1 1 Run Product A on Tool I Predict States 2
2 Run Product A on Tool 2 Predict States  3 3 Run Product B on Tool 2
Predict States  4 2 Measure Update States  5 1 Measure Update States  6 4
Run Product B on Tool I Predict States  7 4 Measure Update States  15 Let x
denote the set of state and uncertainty estimates before any stored events
are included. Then x*  can be calculated by starting at x and iterating
over the stored events, applying the necessary updates. For the first event
in Table 2, there is no dependence on other information. Therefore, the
state  estimates can be predicted, and x can be updated. In this case x* is
equal to x, and the event data are  20 discarded. The next three events
(2-4) in Table 2 are incomplete because the measurement steps for earlier  



batches have been skipped. In this case, x remains constant, and the data
for the three events are added to an  -22 WO 03/023538 PCT/US02/28872
internal history maintained by the observer component 134. This history is
illustrated below in Table 3. Note  that the event that is known to be
missing is denoted with "N/A." Now, x* can be calculated by starting at x
and iterating over the three events in Table 3. Table 3 - Controller
Internal History (Events 2-4)  Event ID Batch ID Description Controller
Action  N/A 1 Measure Update States 2 2 Run Product A on Tool 2 Predict
States  4 2 Measure Update States  3 3 Run Product B on Tool 2 Predict
States  5 When the next event (5) arrives, the observer component 134 has a
complete set of data for all batches  so far, so x can be updated. Here the
internal history contains the events listed in Table 4. The observer
component 134 can update x by iterating over these events. Then, the event
data are safely discarded. Table 4 - Controller Internal History (Events
2-5)  Event ID Batch ID Description Controller Action  5 1 Measure Update
States 2 2 Run Product A on Tool 2 Predict States  4 2 Measure Update
States  3 3 Run Product B on Tool 2 Predict States  10 The next two events
(6-7) are incomplete because batch 3 was never measured. As before, the
observer component 134 adds them to its internal history as shown in Table
5 and does not update x. As  described above, it is possible to define an
allowable time window for the data to arrive. If enough time passes,  the
observer component 134 can assume that the batch 3 measurement data will
never arrive, and it can proceed  15 by collapsing the data from events 6
and 7 into x. Table 5 - Controller Internal History (Events 6-7) Event ID
Batch ID Description Controller Action  N/A 3 Measure Update States 6 4 Run
Product B on Tool I Predict States  7 4 Measure Update States Based on the
analysis above, each element in the measurement matrix is a random variable
equal to a  function of one or more of the states. Thus, it is possible to
define a probability density function for the  predicted values of the
vector of measurements. If x has an error covariance matrix P, and the
prediction of the 20 output is given by C x, then the covariance for the
predicted output is given by C P CT. This covariance matrix  may be used to
construct a probability density function for the predicted output using
Equation 26. Confidence intervals calculated for the predicted measurements
can then be compared to specified  operating limits to determine the
processing and sampling requirements necessary to stay within the operating



-23 WO 03/023538 PCT/US02/28872  limits. This comparison gives the
controller 130 a metric for estimating its own performance and potentially
warning the user or even taking action to prevent a problem before it
happens. In this discussion, it has been shown that there is a statistical
basis for using an uncertainty term to  drive state estimate updates. The
technique described updates states in a model even when direct measurements
5 of them are not available. The discussion now presents simulation data
for many different combinations of  operating conditions as well as some
comparisons to other control methods. The state estimation scheme described
above is designed to analyze large systems with several sources  of
variation using only portions of the desired data at any given time. The
following discussion describes  several simulations that illustrate how the
state estimation scheme responds to different processing conditions. 10
First, a base case is built to verify the controller 130 performance under
nominal conditions. Then,  complications are added sequentially to build up
to more realistic operating conditions. The performance is also  compared
to a different controller (not shown) using the same challenge data. In
this section the initial testing environment is described, and some of the
basic assumptions made in  the remainder of the tests are justified based
on the results obtained. To study the real effects of the changing  15
process conditions, a simple run-to-run plant model is chosen. This plant
model is a discrete-time model that evolves over the run number. The
continuous-time effects that occur during processing of each batch are
integrated to represent average characteristics of the batch as a whole.
According to the plant model, the output  is simply equal to the input plus
the plant bias. The plant bias is not affected in any way by the chosen
value of  the input. 20 Since the following runs simulate the use of
several different kinds of products and different  processing tools, it is
necessary to determine the sources of variation so that appropriate system
states may be  chosen. In a real application this involves a detailed
analysis of available process data, but in this example, an  assumption is
made that the bias consists of a component from the processing tool as well
one from the product  being run. 25 In terms of the simulation, product
refers not only to distinct products, but to the general class of  features
that make one run on a tool different from another. In other words, each
product/layer combination in a  real environment would be a different
"product" in this simulation. The process model for a particular tool and
product can be written y=x, +xP +u, (79)  30 where y is the output, x,; and
xpi are the tool and product biases, and u is the chosen process input. The
target  is a particular value of y. For most of the simulations, a value of
zero is chosen as the target. A further  assumption is that tool
qualification events are available and capable of measuring x, directly for
every tool i.  This assumption of qualification events results in the
system being observable. A traditional discrete time state space model is
used, including the terms for process and metrology  35 noise, Xk+l = Ak
+Bkuk +Gkwk, (80)  Yk =CkXk +Vk. (81)  So, for a system with m tools and n
products, a state vector is constructed as 



-24 WO 03/023538 PCT/US02/28872  T X = [xud; x,, x,, L x,. x, x, L x, (82)
where xadj is the adjustment state, and all tools and products are tracked
with individual elements. The vectors  w and v represent the process noise
and measurement noise, respectively, and they are both assumed to be
normally distributed with zero mean. The noise vectors are used in the
control model so that assumptions can 5 be made in the state estimation
routines. In the simulations, other disturbances are added to the model in
addition to the noise terms. These other disturbances affect the system by
directly modifying the states in a way  that the controller 130 cannot
predict. The state transition matrix is a square matrix of size m + n + 1
and is given by  0 0 0 L 0 0 1 0 L 0 A= 0 0 1 L 0 (83)  M M MO 0 0 0 L 1 10
which shows that all the tool and product parameters are nominally
stationary. The process input is assumed to  affect only x,,dj, so it is of
size m + n + I by 1 with an effect given by B = [1 0 L Of. (84)  The
complete output matrix (of size mn + m by m + n + 1) for the process is
given by -25 WO 03/023538 PCT/US02/28872  1 1 0 L 0 1 0 L 0 1 1 0 L 0 0 1 L
0  M M MO M M MO 1 1 0 L 0 0 0 L 1  1 0 1 L 0 1 0 L 0  1 0 1 L 0 0 1 L 0  M
M MO M M MO 1 0 1 L 0 0 0 L 1  C=MMM M M M M M 1 0 0 L 1 1 0 L 0  1 0 0 L 1
0 1 L 0  M M MO M M MO 1 0 0 L 1 0 0 L 1 1 1 0 L 0 0 0 L 0, (85)  1 0 1 L 0
0 0 L 0 M M MO M M MO 1 0 0 L 1 0 0 L 0 which results in an observable
system. In each simulation run, only one row from the output matrix is
active.  



This reduced subset of the output matrix is denoted by Cff. The simulations
in this description employ three main components that are constrained to
communicate  5 only in certain ways. The primary component is the
simulation driver 136, which is responsible for maintaining  the "real"
parameter values and calculating "measurements" based on control moves.
Although, the simulation  driver 136 is illustrated in Figure 2, it would
not normally be used in an actual implementation. It is depicted to  aid in
the understanding of the illustrations below. The control law component 132
is responsible for  computing the settings to use for each run based on
tool and product IDs provided by the simulation driver 136. 10 The observer
component 134 is responsible for updating the state estimates based on
measurement information  calculated by the simulation driver. This
flexibility allows for a different model to be used for the plant than the
controller 130 itself uses, but for ease of illustration, this capability
is not used in these initial simulations. In these initial tests, a plant
with ten tools and ten different products is used. Each tool and product is
assigned a unique bias, so there are twenty bias states in the model. In
addition, each bias is assigned its own  15 disturbance properties
including noise and drift. The noise in each state is roughly an order of
magnitude smaller than the average difference between the values of
different states. A similar amount of noise is added to  each measurement
taken. A nominally stationary process is chosen to highlight the state
estimation. As the  states are not normally moving, the effects of
disturbances are easier to visualize. -26 WO 03/023538 PCT/US02/28872
First, the process signal dataset is generated by choosing products and
tools to run at random, with all tools and products having equal
probability. This dataset is saved as a history of tool IDs, product IDs,
and real  states for each run. For each run in the simulation, the
simulation driver sends the product and tool IDs, the  target, and a unique
ID for the particular run to the control law component 132. The control law
component 132 5 returns the chosen process input and is responsible for
maintaining its own set of information about each run.  The simulation
driver 136 then computes the process output based on the given input and
the true states. This  output is then passed to the observer component 134
of the controller 130 along with the unique ID for the run.  The observer
component 134 updates the state estimates for the controller 130 based on
the supplied output  data. 10 Since the focus of this discussion is on
state estimation, a very simple control law is chosen for  implementation
by the control law component 132. The control law component 132 uses the
state estimates for  the current tool and product biases and uses a plant
inversion to solve for the input that will place the output at  the target.
Of course, in an actual implementation, a variety of different control laws
may be used. Using this  control law, the deviation of the output from the
target shows the error in the state estimates used. 15 The design of the
observer component 134 contains many adjustable parameters that can be used
for  tuning. As described above, these parameters deal with the assumed
noise properties of the system under study.  In these simulations, a number
of assumptions are made. First, all of the measurements are assumed to be
equally reliable, so the variance estimate contained in the Rf- matrix is
always the same. In a real  manufacturing facility, maintenance information
from measurement tools and information about certain 20 products may
provide different values. The other assumptions deal with the process
noise. The noise terms in  the process model are constant throughout the
simulation. The G and Q matrices are set so that the noises  affecting the
different states are not related, and tool states are noisier than product
states. Again, in a real  



application, offine analysis must be used to determine these values.
According to the model, the noise affects  all the states, even the ones
corresponding to tools and products that are not active for the current
run. 25 These noise estimates are part of the model and are not related to
the actual noise inserted into the  simulations as they run. It is possible
to manipulate the estimates to achieve different results. For example, if
the observer is too sluggish, the process noise terms can be set higher.
Since the parameters would then have  more uncertainty, the observer
component 134 would make larger adjustments to the state estimates. The
first test for the controller 130 is to start with no information about the
states of the system to be  30 sure that it is able to bring the system
under control. The real states contain noise and slight amounts of drift.
Figure 4 illustrates a plot of the output when the controller 130 is placed
on a process with 10 tools and 10  products. The controller 130 has no
prior information about the values of the states, and it is able to learn
them  quickly and bring the process under control. The controller is
initialized with all of its state estimates at zero. There is also an
initial covariance  35 matrix. Here, a diagonal matrix is used as the
starting point with values chosen to represent the initial  uncertainty in
each of the states. Because product to product differences can be more
dramatic that tool  differences, the initial variance for the product
states is set higher than that for tool states. As shown in Figure 4, the
controller 130 negates the majority of the error after about 25 runs, and
the  controller 130 runs at a steady operating state after that. The steady
noise level in the output is approximately  40 equal to the magnitude of
the noise being inserted into the process states by the simulation driver
136. The  -27 WO 03/023538 PCT/US02/28872  controller 130 begins with 20
unknown states, and it identifies them all reasonably well after about as
many  runs. While it is important to be able to illustrate that the
controller 130 can accomplish this task, it is not a  case that is likely
to appear in a real production environment. Offline analysis could be used
to determine  5 reasonable initial guesses for the controller 130 states.
If a process is running with this combination of tools and products before
a controller 130 is to be deployed, the observer component 134 of the
controller 130 could be  run on the production data to establish the
correct state estimates before starting the controller 130. It is more
common for new products to be introduced slowly over time, while existing
ones gradually  disappear. In this example, there are a total of 10 tools
and 10 products, as in the previous case, but the rules for  10 the
simulation are different. All 10 tools are available at the start, but
products are added slowly over time. Initially, only one product is
available, but every 100 runs a new product is added to the mix. The
response of  the controller 130 is shown in Figure 5, which shows a plot of
the effective combined tool and product bias as  10 products are ramped up
on 10 tools. For each run, the product to run and tool to use are selected
at random  from the available set. The plot of Figure 5 is obtained by
charting the output y when the input u is held at zero. 15 Each new product
appears as a disturbance when it is first added, but the controller 130
quickly  addresses disturbances. It is unlikely that entire batches of
brand new products would be committed to  production without any
preparation in a real manufacturing environment. When a new product is
introduced, in  many cases, partial batches can be run to provide the
controller 130 with the appropriate information. In other  cases, an
engineer may have enough knowledge to effectively choose a reasonable
initial guess for the new  20 state. 



Intuitively, when a new product appears, there is a high probability that
the initial state estimate is in  error. For this reason, the state for the
new product should be adjusted if indeed the controller 130 does not hit
the target. In the control algorithm, this is accomplished by specifying an
initial variance estimate for new  states. When a new state is added, a new
element with the initial state estimate is inserted into the state vector,
25 and a new row and column are added to the error covariance matrix. In
these simulations, the new row and  column in the covariance matrix are all
zeros except the diagonal element. This element is set to the initial
variance estimate for the state. Specifying a higher value for this initial
estimate means that the new state will  absorb more of the error from the
first run where the new state is used. Subsequent test cases begin with
stable systems and assuming that the controller 130 begins near the  30
correct state values. In this manner, individual disturbances can be
injected and analyzed without the observer  component 134 having to do the
initial state estimate learning again each time. In this section a series
of  standard disturbances are generated and used as the process signal for
the controller 130. In each case, the  system begins at a stable operating
point, and the controller 130 has current state estimates. The ability of
the  controller 130 to respond to step disturbances, ramp disturbances, and
target changes is tested first. Then, more 35 difficult challenges such as
measurement lag and missing measurements are illustrated to see the
robustness of  the controller 130 in the face of more realistic situations.
It should be noted that the disturbances under study here involve
repeatable and systematic effects. In  general, there are also random and
unpredictable high-frequency components that appear as noise because they
are not captured by elements of the chosen process model. The observer
component 134 can only detect 40 variations within the scope of the chosen
model form, and the goal of the controller 130 is to eliminate them.  -28
WO 03/023538 PCT/US02/28872  There are many events that can result in an
apparent immediate shift in the performance of a tool. A step disturbance
is a common signal used to test filters and controllers. Mathematically,
the step disturbance is  represented as a step function Sk (t) = 0, t < k
(86)  5 Sk (t) = 1, t >_ k (87)  The simulation driver 136 adds a step
disturbance to one of the tool states after 100 runs to ensure that the
controller correctly rejects the unexpected disturbance. In a multiple
processing setup such as this system,  the step disturbance is not as
straightforward as in a traditional process. In a simple system, a step
disturbance  remains visible from the time it appears until a correction is
made. However, in the system under study here, 10 the controller 130
observes combinations of different states at every time step. The
disturbance only shows up  occasionally because it is only visible when the
perturbed state is used. As shown in Figure 6, the controller is able to
compensate for the step disturbance at run 100. There is  more than one
"spike" on the graph is because the controller 130 has to determine whether
the disturbance was  in the product or the tool state, and a few runs pass
before the suspect tool and product are used again. When 15 the controller
incorrectly predicts the results for a run, it is not immediately apparent
which of the state  estimates is in error. As described above, the observer
component 134 uses the current estimates for the  parameter uncertainties
to assign the error to the parameters. Intuitively, to isolate the state
that is in error, a  subsequent run that shares either the tool state or
the product state must be used. Each subsequent run exhibits  



the disturbance to a lesser degree. 20 The error covariance matrix that is
present in a Kalman estimation scheme contains information about  how the
states are related. In this case, when the step disturbance first appears,
the observer component 134  does not know whether the tool state or the
product state used is in error. However, it distributes the error  between
the two states according to their relative uncertainties, meaning that one
state estimate is partially  moved incorrectly in the case of a disturbance
to only a single state. However, the cross terms in the error 25 covariance
matrix relating the two states involved are also adjusted. This adjustment
essentially provides  information to the observer component 134 that it can
use to repair the incorrectly moved state estimate once  appropriate
information becomes available. This backfilling of information is a useful
property of the observer component 134. As noted earlier,  common state and
parameter estimation schemes for multiple process environments are based on
the  30 partitioning of data. A characteristic of partitioned data is that
one measurement only affects its own peers. Information from a new
measurement of one parameter, for example, cannot be used to confirm or
reject an  observed signal in a different parameter. This combined
estimation scheme can share data in this way, though,  which means that
fewer measurements are required to achieve proper state estimates. Another
example of the usefulness of this technique is in the use of qualification
data. While many  35 qualification events in a real plant are performed
after tool maintenance or other discrete events, it is possible to  use a
qualification event to aid in state estimation. When a major disturbance is
detected, the observer  component 134 does indeed have to assign the error
between different states. However, running a qualification  test
immediately on the affected tool can help minimize the impact of the
disturbance on the controller 130.  The qualification event is a direct
measurement of the state associated with a particular processing tool. 40
Intuitively, this will demonstrate whether the observed error was due to a
tool issue or a product issue. Because  -29 WO 03/023538 PCT/US02/28872 the
covariance matrix remembers what adjustments are made, after the tool state
is measured, both the affected  states will be moved to the correct values.
The simulation presented in Figure 7 is identical to the one in Figure 6
except that in this case a tool  qualification is forced immediately after
the disturbance is discovered. In this case the disturbance is rejected  5
much sooner. There are also many circumstances where a ramp, or continual
drift may appear in the process. In this  simulation, one of the tools is
ramping between runs 100 and 400. To the controller 130, this type of
disturbance appears as a persistent deviation from target, even as the
states estimates are continuously updated.  There has been a small amount
of drift in all the simulations so far, but in this case, the magnitude of
the drift is  10 much larger. As shown in Figure 8, the controller 130 is
able to compensate for this disturbance to some extent.  Generally, this is
a difficult disturbance to reject, and overall controller performance is
degraded during the  length of the drift. Controllers can be specially
tuned to reject this kind of disturbance by augmenting the state  matrix so
that the ramp disturbance is included in the model, but this causes a
trade-off in the performance with 15 other types of disturbances. This
particular controller is much more suited to dealing with step
disturbances.  Ramp disturbances of the magnitude of the one in the
simulation generally indicate a major tool problem and  



would most likely result in a shutdown. In a real manufacturing
environment, it is not always possible to wait for measurement results
before  running the next batch of product. The measurements can take
considerable time because wafers must be  20 picked up individually, and
usually several sites are examined on each wafer destined for metrology. It
is important to keep the processing tools busy, so they must go ahead and
start running again as soon as possible  after each batch finishes. Thus,
the measurements can lag behind the processing steps by several runs. This
is  not a straightforward example of a time delayed process because the
delay is not constant. Measurements arrive  as they are finished, and the
controller 130 needs to take them into account as soon as possible. 25 In
this series of tests, the process datasets from the earlier tests are used
again, but the measurements  are not sent to the observer component 134
right away. Instead, the measurements constantly lag behind the  processing
by a fixed number of runs. The simulation depicted in Figure 9 has a delay
of 10 runs on the  measurements, and the simulation depicted in Figure 10
has a delay of 30 runs. In these tests, the controller 130 is still able to
reject the step disturbance, but the response is delayed  30 because the
error is not seen until the measurements arrive. Compared to the case
without measurement delay,  there are many more runs that miss their
targets, and the test with the longer delay takes longer to settle after
the  disturbance. As with a traditional single-input/single-output process,
if the measurement delay is too large, the  controller 130 will be
ineffective. It is not always possible to measure the properties important
to control on every batch at every  35 processing step. This is a result of
a number of factors. First, measuring wafers from a batch after a
particular  processing operation increases the time those wafers will be in
the plant. The need for accurate characterization  must be balanced with
the need to move material through the line as quickly as possible. Only as
much material  as is needed to build a representative sample is measured.
Also, the number of measurements that are to be  taken in a given period of
time determines the number of metrology tools that must be present in the
plant. As  40 the tools are normally very expensive, this is also a
limiting constraint. -30 WO 03/023538 PCT/US02/28872 So, there can be runs
where the controller 130 must compute the settings but never receives
feedback  from the measurement system. In the simulation environment, the
impact of this situation can be measured  because the simulation driver 136
can always determine what the missing measurements would have been and  add
them to the chart of the controller output. In these simulations, the step
disturbance case from above is  5 used, but the controller 130 only
receives one third of the measurements. Figure 11 shows how the output
appears to the controller 130, while Figure 12 shows the real outputs,
including the batches the controller 130 did not get to see. The
measurements visible to the controller 130  compare reasonably well with
the complete measurements case depicted in Figure 6. However, many of the
unmeasured batches around the time of the step disturbance were away from
the target. The fact that there are 10 three spikes on the graph is
coincidental and not related to the fact that one out of every three
measurements  were used. In this particular case, the third run affected by
the disturbance was the first one measured. Figure  13 illustrates the same
case as the scenario of Figures 11 and 12, but with different measurements
removed (i.e.,  a different third of the measurements were not received by
the controller 130). As seen in Figure 13, when  different measurements are
removed, the overall performance of the controller 130 changes. 



15 Depending on process conditions, different variables may be easier or
harder to observe. In the  following section, a series of tests were run
with a similar setup to the earlier ones, but with different processing
rules and conditions. The scenarios in these tests attempt to impose
realistic constraints on the operation of the  process. Variables studied
include plant size, product prioritization, and business operating rules.
Real manufacturing facilities have large numbers of tools and products. A
values in the range of 20  20 tools and 50 products are reasonable values
for a process area. The number of products can get very large  because each
process area contains batches at many different points in their process
flow. Each layer being  formed on a given product can behave just as
differently as a different product as far as the state estimation
algorithm is concerned. The simulation run here contains 10 tools and 50
products. The response of the  controller 120 in this larger system to a
step disturbance is plotted in Figure 14. 25 The plot of Figure 14 is very
similar to the plot for a 10x10 system shown in Figure 6. The controller
130 is able to quickly identify the offending state and reject the
disturbance. This result is important because it  illustrates the ability
of the state estimation routine to scale up to much larger systems. One
technique for addressing the problems associated with the large number of
products and tools is to  keep running specific products on specific tools
for a long as possible before switching. This technique is  30 commonly
referred to as tool dedication, and is in fairly widespread use. In a
situation where there are more tools than products, it reduces the control
problem from a large multivariate problem to a number of simpler  single
variable problems. For each tool-product combination, only the combined
state needs to be tracked, and  no information is shared between contexts.
Usually there are more products than tools, so tools are dedicated to  long
runs of particular products between switches. 35 However, tool dedication
involves a trade-off. A tool dedication scheme reduces flexibility by
limiting  the potential tools where a given batch is allowed to run. When
throughput of a particular product is a concern,  tool dedication can cause
unacceptable delays. Also, a problem occurs when a tool Must be taken out
of service  (even temporarily). The products that run on the particular
tool must be moved to other tools, and it is  necessary to experiment to
find the appropriate processing settings for the new combination. -31 WO
03/023538 PCT/US02/28872 The parameter estimation scheme described herein
is affected by tool dedication, because dedicating  causes certain
combinations of tool and product states to be much more common than others.
Intuitively, if a  given product always runs on the same tool, it becomes
more difficult to differentiate between errors in the state  estimates for
that tool and product. The next two simulations described use the 10 tool
and 50 product step  5 change datasets used above, but vary in the degree
to which dedication is enforced. Figure 15 illustrates the response when
the controller 130 on a 10 tool and 50 product process reacts to  an
unanticipated step disturbance at run 100. During the simulation, short
continuous runs of tool dedication are  encouraged by only switching to a
different tool 25% of the time. Figure 16 illustrates the case where longer
durations of tool dedication are encouraged (i.e., switching only 10% of
the time). 10 The results of the simulations of Figures 15 and 16 show many
spikes in the controlled output, and the  spike with the longer runs of
dedication is much more dramatic. Each of the spikes is caused by a switch
to a  different tool/product combination. By contrast, the step disturbance
is rejected much more rapidly than in  previous cases. The other useful
thing to notice is that between the spikes, the noise level is lower than
in the  



previous simulations. Ideally, the controller 130 would achieve this
reduced noise level all the time, but this is a 15 part of the unavoidable
trade-off. As will be discussed in greater detail below, the system as
defined in these  tests is unobservable when dedication is in effect.
During a run of dedication, the measurements that are taken  are a
combination of a tool state and a product state. The controller 130 has to
adjust one or both whenever  output errors are detected, and it has no way
to determine which one is really in error. When it is time to  switch,
there is a high probability that at least one state estimate has a
significant error. Thus, tool dedication is 20 a trade-off where short term
gains are accepted at the cost of having greater uncertainty when the
inevitable  switch occurs. In the next scenario a typical manufacturing
case is tested where one particular product appears much  more frequently
than the others. The goal of the scenario is to illustrate that the minor
products are not  "forgotten" during long runs of the major product.
Furthermore, the major product should not be disturbed 25 when switching
back from the minor ones. During this 10 tool and 10 product simulation,
over half the runs are  of a single product. The other nine products are
evenly distributed among the other runs. As in the previous  simulations, a
step disturbance affects one of the tools at run 100. As illustrated in
Figure 17, the controller 130  handles this scenario effectively. From a
robustness and stability standpoint, there are two main ideas to consider.
Traditionally, the idea  30 is to be sure that the control actions and
state updates are not so aggressive that they respond to noise or  outdated
measurements in a way that causes the process to become unstable. This
analysis is very dependent on  the particular control law that is chosen
and how well the model represents the true process. Because the
manufacturing application requires a very aggressive control law, this
discussion will focus on the stability of  the state estimation itself and
how well it tracks the true states. 35 In a traditional time-invariant
observable process where the same measurements are made at each time  step,
the error covariance matrix used in a Kalman estimation scheme eventually
reaches a steady state. At this  steady state, the increases in uncertainty
due to the noise inherent in the process exactly balance the reductions  in
uncertainty due to the measurements. As long as the model of the
uncertainty in the process is fairly  accurate, the diagonal terms of the
covariance matrix provide steady state values for the uncertainties in each
40 state estimate. This means that with the exception of unanticipated
process disturbances the uncertainties in the  -32 WO 03/023538
PCT/US02/28872  controlled process outputs are known as well. Proper
process characterization is important here because these  results are only
meaningful if the inherent process noise is well understood. When the
Kalman state estimator is used on a process where the output matrix varies,
the error  covariance matrix cannot reach a steady state. Each time the
output matrix changes, relative uncertainties  5 between different state
estimates change. Even though a steady state cannot be achieved, it is
still important to be able to bound the uncertainty in the parameter
estimates. This allows the uncertainty in the controlled  process outputs
to remain bounded as well. Clearly, enough measurements must be taken to
ensure that the  parameter estimate uncertainty remains at an acceptable
level. The next portion of the description details how  this uncertainty
changes with different types of processing conditions and measurements. 10
The system parameter estimation portion of an adaptive control method
consists of a closed-loop  system identification scheme. Closed-loop system
identification can be difficult because the controller 130 can  



significantly change the apparent input-output behavior of the process. If
the controller 130 is working well, the  process is running near the target
with very little variability. In this case, the dynamics of the system are
difficult to observe. 15 A common approach used in closed-loop system
identification is the use of a persistent excitation  constraint. The
general idea is to be sure that the process conditions are varied
sufficiently to excite all the  modes in the chosen model form. When the
controller 130 is running a process at the target without any
disturbances, there is very little movement in the process states, and the
dynamics of the system are difficult (or  sometimes impossible) to observe.
20 Persistent excitation injects small perturbations into the manipulated
variables so that the dynamics  become visible at the cost of small
fluctuations around the process targets. It may also be possible to look at
process inputs in the same way as a designed experiment. When designing an
experiment to estimate model  parameters, input points are chosen that
attempt to examine all possible modes of the model form. If the  process
were to ever run with inputs that resemble the ones in the experiment, then
it should be possible to  25 prove that this results in the best possible
estimates of the model parameters. It is not straightforward to apply
standard persistent excitation techniques to many of the process  systems
and models that are prevalent in a batch processing environment. In many
cases, the state variable to  be estimated is not directly affected by the
commonly chosen input variables. A common example is a timed  process,
where the state to be estimated is a rate and the processing time is
manipulated. Due to reactor fouling 30 or consumable degradation, the
chosen processing time can indeed have an effect on the processing rate for
future runs. However, the time would have to be adjusted well outside the
standard operating range for the rate  differences to become noticeable.
There are processes where standard persistent excitation techniques can be
used, but for many  processes, a somewhat different approach must be used.
Because of the high importance placed on every batch  35 reaching its
targets, a technique is explored for choosing times to excite the process
while letting it run  undisturbed at the target most of the time. It is
important to realize that not all data obtained in a manufacturing
environment are the same. Some  data are more informative because the
quality of data is dependent on what is measured and the conditions  under
which the measurements are taken. The information content of data is
dependent on what the observer is 40 trying to learn from the data. For
example, repeated measurements of temperature at a given pressure show  -33
WO 03/023538 PCT/US02/28872  clearly what the temperature is, but they do
not provide any insight into what the temperature would be at a  different
pressure. Based on a chosen model form, different input signals can
highlight different modes and frequency  ranges. As will be illustrated in
the next section, it is necessary to have the right information at the
right time to  5 control a process well. Only an understanding of the
process under consideration leads to the knowledge of  exactly what
information is required. Standard tests for observability conditions can be
used to compare different strategies for locating  sensors from the
standpoint of the information they can provide. Even when a system is
observable, there are  varying degrees of ease with which parameters can be
estimated. The condition number of the observability 



10 matrix can provide insight into these effects. Techniques for testing
observability are used herein to compare  the estimation ability under
different operating conditions. A simple example illustrates the importance
of good information when closed-loop identification is  practiced in
conjunction with process control. Consider a simple process where the
output stays constant unless  an input is applied. The objective is to
respond quickly to target changes, but the gain on the input fluctuates in
15 an unpredictable way. The equation, Yk+l =f(YkAbk,uk)=Yk+bkuk, (88)
where bk is the unknown gain (effective at time k) and Uk is the applied
input, describes the process. Since b is an unknown parameter, it must be
added as an extra state for the purposes of estimation. A  20 standard
Kalman estimation scheme can be used by linearizing the system around the
current operating point.  This is accomplished as described by the
following equations: X Sf Sf x '5f + Su [u]k (89)  & A bk+l 0 1 [bjk 0 [y]k
= [1 01 xl (90)  x21k. Note that t5 f = 1, S f = uk , and S f = bk. For
this system, the observability test matrix is given  Sxk Sbk Suk 25 by 1 1
0 0 u (91)  k Thus, the system is only observable when Uk is not zero. This
is important because the steady state operating  point has u at zero. The
unknown parameter b can only be identified when u is kept away from zero,
which is  what would be accomplished by a persistent excitation constraint
on the controller. This simple example  30 illustrates how a persistent
excitation condition can be related to an observability condition. In
general, allowing a state estimator to run at the unobservable point will
lead to unpredictable results.  However, it is necessary to do feedback
control in case there is a disturbance. A Kalman estimation scheme  -34 WO
03/023538 PCT/US02/28872 will keep the estimates moving slowly because the
estimates are moved only as much as is needed to explain the  measurements.
In the following simulations, the process described above was run with
different excitation conditions.  The first one has no excitation. The
second run has a persistent excitation constraint imposed, and the third
run  5 has excitation enforced only for a small portion of the time. In all
cases, a plant inversion was used by the control law component 132, and a
Kalman state estimator was used for the observer component 134. During  the
course of the simulation, the true value of the gain b is ramping as shown
in Figure 18. Because the plant  inversion is used as the control law,
errors in state estimation are immediately visible as errors in the
controlled  



output. 10 In the first simulation, shown in Figure 19, the input is not
applied until the target changes. Because  the gain has changed, there is a
significant deviation from the target for the first time step where the new
target  is in effect. During most of the simulation, the controller 130 is
starved for information as there is no way to  observe the unknown gain. In
the second simulation, shown in Figure 20, a persistent excitation
constraint is applied. Here, the  15 input varies enough at each time step
so that the gain can be estimated. When the target changes, the controller
130 makes the switch with less error than in the previous case. However,
perturbations have been introduced  throughout the entire simulation to
make the gain apparent. The rank of the observability test matrix is
commonly used to test for observability. When this matrix  has full rank,
its condition number is bounded. In the first simulation, the condition
number of the observability  20 test matrix went to infinity because the
matrix became rank deficient. By contrast, under persistent excitation, the
condition number stays well within reasonable limits. Figure 21 tracks the
condition number of the  observability test matrix for the second
simulation. Another useful piece of information is the trace (sum of
diagonal elements) of the error covariance matrix used in the state
estimation routine. The trace provides an  overall measure of the
uncertainty evident in the covariance matrix. Figures 22 and 23 show this
value for the  25 first and second simulations, respectively. In the third
simulation, shown in Figure 24, it is assumed that it is known ahead of
time when the target  change will occur. In this case, it is not necessary
to perturb the process until the information about the gain is  needed.
Here everything runs smoothly until the target change is imminent. The
target change still happens  correctly, and the process it not disturbed
until the information is needed. 30 The case where the process is excited
to learn about the parameters is contradictory to what a controller  using
a pure mean squared error objective would try to obtain. In semiconductor
manufacture, a different sort  of performance function lends itself to the
problem. In general, the devices being manufactured have tolerances  for
most of the inline targets. As long as the measured value is reasonably
close to the target value, the device  will function properly. Within the
tolerance region, there is very little noticeable difference in the final
output 35 characteristics of the device. However, there is a very steep
drop-off past which the device simply will not  work. An example of this is
in the alignment of process layers to make electrical contact. It is
possible to have  a performance function that mimics this behavior by
treating all data points within the tolerance region as good  and all
points outside as bad. This kind of performance metric is very well matched
to an observation scheme  involving persistent excitation because the
excitation can induce learning while staying safely inside the  40
tolerance region. -35 WO 03/023538 PCT/US02/28872 The number of data points
is not the only thing that matters in determining the efficacy of the
controller 130. Each of the preceding simulations had the same number of
measurements of the same output  variable. The order of the data and the
actual values affect the information content. The conditions under  which
the data are obtained are also important. 5 It is not necessary to have
perfect information all the time. In the second simulation, the correct
value  of the process gain was known at all times. However, the third
simulation was able to control the process just as  



well with the gain known only at certain times. In a real process, it is
often possible to know about upcoming target changes before then occur.
However, the process is also subject to unknown disturbances. In both of
these cases, it is important to have  10 enough information to drive the
process quickly to the target value. So, clearly there is a balance between
learning everything there is to know about the process and letting it run
without perturbations. In the examples above, both the trace of the error
covariance matrix and the condition number of the  observability test
matrix were shown to be indicators of the amount of process information
available. These  values can be used to create excitation constraints that
the controller 130 can use to keep the process observable. 15 Turning now
to Figure 31, a simplified flow diagram of a method for scheduling
activities in a  manufacturing system is provided. In block 300, a
plurality of observed states associated with the  manufacturing system is
defined. In block 310, state estimates are generated for the observed
states. In block  320, uncertainty values for the state estimates are
generated. In block 330, a plurality of candidate schedules for  performing
activities in the manufacturing system is identified. In block 340, changes
to the uncertainty values 20 are predicted based on the candidate
schedules. In block 350, one of the candidate schedules is selected based
on the predicted changes to the uncertainty values. The discussion now
focuses on using the information identified above to make scheduling
decisions  for the manufacturing system 10. In discrete parts manufacture,
it is imperative that each batch be on target,  and intentional
perturbations of the process are discouraged. In addition, it is common to
assume a process 25 model where the process inputs for one run do not
affect any subsequent runs. Therefore, it is beneficial to look  at the
identification problem in another way. In this technique, nontraditional
manipulated variables are shown  to affect the process in a similar way to
standard persistent excitation. The previous section illustrated that
having the right information at the right time is important. Each of  the
cases had the same number of data points, but the results were very
different. Clearly it is useful to be able  30 to define what is meant by
the right data to extrapolate these findings to more useful situations.
This section attempts to find some ways to quantify the idea of having the
right information at the right  time. For instance, it is intuitive that
all appropriate information should be available before attempting to run an
important product through a process. However, to apply the theory
consistently and objectively, it is helpful to  know what information is
important as well as how it is to be used. as described in greater detail
below, a 35 mathematical objective function is created that concisely
expresses the expected value of the output in terms of  the decisions to be
made. By comparing the value of an appropriately crafted objective function
for different  choices of actions, it is possible to reach a solution that
satisfies the needs described above. The covariance matrix that is
available when using a Kalman estimation scheme can provide valuable
insight. The diagonal elements of this matrix measure the current amount of
uncertainty in their corresponding  40 state estimates. The evolution of
the covariance is completely determined by the processing order and chosen
-36 WO 03/023538 PCT/US02/28872  measurements. When the system advances to
the next time step, the uncertainties in the states cause the error
covariance matrix to be updated per the equation Pne,,, = A PAT + G Q GT.
(92) When a measurement is taken (using a particular C, and R" the error
covariance is updated according  



5 to Pnew = (PP/d + CTR IC) ' . (93)  These equations do not depend on the
actual numerical values that are measured or on the current state  of the
process. They simply define the effects of measuring different quantities
given some assumptions about  the structure of the underlying system. 10
Tracking the terms of the covariance matrix is a complicated exercise. This
is because everything that  is known about the relationships between
different variables is taken into account. Taking a measurement of  one
variable affects how future measurements of other related variables will be
treated. A very simple example system illustrates these ideas. Consider a
nominally stationary process with  two states and two measurements as
described by the equations below. XI 1 0 x, 15 _ (94)  x2 k+1 0 1 x2 k ['1
1 0 x, Y2 k 1 1 x2 k (95)  This system can be thought of as describing a
simple process where x, is a measurable tool state while  x2 is a product
parameter that has no available direct measurement. In any case, it is
important to be able to  identify both parameters as well as possible, and
a direct measurement is only available for one of them. 20 In each of the
following series of simulations, an equal number of y, and y2 measurements
are taken.  In each new simulation, the measurement order is varied to
determine its effect on the error covariance. A  Kalman filter-based scheme
as described earlier is used as the state estimator with all noise and
variance  estimates starting at unity. The variance terms for both states
are plotted for each of the cases. The effective  measurement mapping
matrices for the two measurements are described by the following equations.
25 [y, ~k - C,Xk = [1 0] [x1] (96)  IX2 k [x1]  [y2 Jk = C,Xk = [1 11 x2 k
In the first simulation, shown in Figure 25 all of the y2 measurements are
performed first. Because the  measurement is affected by both states and
there is no information about the relative values of the states, the
uncertainty of both states increases steadily through the first half of the
simulation. In the second half, the y, 30 measurements are being taken.
Since this is a direct measurement of x,, the uncertainty associated with
that  state quickly drops. However, since there is no information about x2,
its uncertainty grows rapidly. It is important to note  that the point on
the chart with the lowest total uncertainty is the run immediately after
the halfway point. Here,  -37 WO 03/023538 PCT/US02/28872 the first bit of
information about the true value of x, is provided, and the covariance
already contains the  information about how x, and x2 are related. In the
second simulation, shown in Figure 26, all of they, measurements are done
first. The results are  



similar to the previous case. While y, is being measured, the uncertainty
in the estimate of x, stays low while  5 that of x2 climbs rapidly. While
yz is being measured, the uncertainty in both estimates rises. Again, the
point with the lowest total uncertainty is at the switchover. Whenever only
one measurement is being taken, the total  uncertainty continues to grow
until a complementary measurement is taken. The third simulation,
illustrated in Figure 27, utilizes some of the findings of the first two
simulations.  Here, the measurements alternate between y, and yz. The
constant sharing of information allows the uncertainty  10 in both
parameter estimates to remain low. Because the state transition matrix for
the process is the identity  matrix, the observability test matrix for this
simple system is given by 0 = [C] 0 1 11 . (98)  For this system, a rank of
2 is required, and this matrix satisfies that constraint. However, if
either measurement  were not available, the system would not be observable.
This is why the uncertainty grows when only one of 15 the measurements is
used for long periods of time. Table 6 summarizes the results in terms of
the average  values of the variances. Table 6 - Processing Order Dependence
Results  Test Configuration Average Variance I Average Variance 2  Product
First 3.9 11.1 Qual First 4.2 10.9  Mixed 1.0 1.9 In a typical
manufacturing facility, there would be more products and many fewer
qualification runs.  20 However, the concept that the processing and
measuring order affects the quality of the parameter estimation  does not
change. What the tests show is that long stretches of a particular kind of
run reduce the overall  effectiveness of an estimator trying to identify
all of the process parameters. When there are multiple sources of
variation, performing only a single type of run does not allow an
estimation scheme to distinguish between the  different error sources. This
series of tests provides a theoretical basis for the idea that frequent
product and  25 tool switching may be better from a parameter estimation
perspective. The previous simulations suggest that it is possible to
quantify the amount of information in a set of  data. It is clear that the
quality of the information obtained is completely separate from the
quantity of data.  The value of information depends heavily on the
properties of the system under consideration. In a completely  static
system without disturbances, new information is not as crucial. Once the
system properties are 30 determined, any new data just serves as a
confirmation. However, in a dynamic system with potential  disturbances,
fresh information is always needed. When more about the system is known,
disturbances can be  identified more readily. The error covariance matrix
is a useful and convenient indicator of the need for more information.
Proper initial process characterization leads to accurate estimates of the
amount of noise in the system, and the  35 evolution of the covariance
matrix captures those estimates. The evolution of the covariance matrix
does not  -38 WO 03/023538 PCT/US02/28872  depend on the values of the
measured data. Along with the system noise characterization built into the
model,  only the order and choice of the measurements affect the covariance
matrix. Every processing or measurement event affects the state estimate x
and the covariance matrix Px in a  



known way. The trace (sum of diagonal elements) of Px provides a measure of
the total amount of uncertainty  5 in the state estimates. Previous
mean-square estimation routines attempt to minimize the trace of the error
covariance matrix by changing the state estimates. It is now possible to
look at processing decisions in terms of  how they affect the trace of P.
The following section examines some common processing decisions from the
perspective of how they  relate to the information quality. Rather than
focusing on typical run-to-run process settings, such as recipe  10
setpoints, this section looks at overall trends instead. The impact of
processing order and tool selection are  investigated for their effects on
the information available about the system. Simply put, the final objective
of a semiconductor manufacturing facility is that working products are
obtained as quickly as possible at minimum cost. It is possible to identify
several (possibly conflicting)  objectives that can be expressed
mathematically. Some common objectives are summarized below: 15  Maximize
throughput (minimize time).   Minimize use of raw materials.  Minimize
mean-squared deviation from inline targets.  Minimize the number of gross
outliers from inline targets. Intuitively, it is obvious that a trade-off
must be made amongst these objectives. At one extreme,  20 special
experiments could be run before each batch of product material is processed
at each unit operation so  that all the important parameters are known.
Conversely, the material gets out the door fastest if no experiments  are
ever run and no measurements are taken on the product. In reality, the
balance shifts as business needs  change. An ideal control system would be
able to understand and respond to these changing requirements at a  very
high level. 25 A number of processing decisions have an effect on the
information available to a state estimation  algorithm. A few key decisions
are described here along with specifics on how they could be optimized to
aid  in the state estimation. One apparent decision is which batches to
measure. In many run-to-run control  applications, it is not practical to
measure all the parameters important to control on every batch. Taking
measurements uses possible manufacturing time, and in some cases,
additional materials (such as pilot wafers) 30 are required as well. For
these reasons, a run-to-run controller in an industrial setting may have a
reduced set of  process measurements with which to work. Clearly it is
beneficial to choose the set of measurements that  provide the most
information about the process, and an overall cost minimization would be
appropriate. Typically, rule-based methods are used to select sampling
plans. In these methods, a series of criteria  are checked to determine if
a given batch will be measured. For example, it might be specified to
measure the  35 first batch that runs on each tool after each maintenance
event, all batches of a particular product, and every  third batch not
covered by the earlier rules. While these plans are easy to implement, it
is difficult to understand how they really affect the process.  The methods
described herein are based on objective functions. An objective function is
defined that can be  used to compare one plan to another and make a
judgment about which is better. -39 WO 03/023538 PCT/US02/28872  Another
important decision is the processing order itself. In a processing
environment with uncertainties and subject to disturbances, changing the
order of processing (and measuring) changes the  



information available when each batch is processed. The allocation of
material to run on different processing  tools has a large effect on the
information available. This effect is described in more detail below. 5
Each of these scheduling decisions can be analyzed in terms of its effect
on the state error covariance  matrix. However, it is useful. to note that
there are other effects as well. Changing the processing order or the  tool
allocation impacts throughput, so it is helpful to take downstream
consequences into account. The strategy  employed here is to first analyze
each of these process decisions individually. Then, a more general
formulation  is presented that addresses the combinations that appear in
practical use. 10 For a given processing plan (tool allocation and
processing order), there is a constraint on the total  number of
measurements. The particular measurements to take can be chosen freely as
long as they satisfy the  constraint. In a processing area, all of the
material either being processed or waiting to be processed defines a  queue
of possible measurements. This queue defines the prediction horizon for a
selection algorithm and is  assumed to be of length n. 15 A vector u of
binary variables is defined, with each element u, corresponding to one
batch in the queue.  In this vector, a 1 means the batch will be measured,
while a 0 means it will not be measured. For a given  choice of the vector
u, the process model can be used to evolve the covariance matrix over the
entire prediction  horizon taking into account all the processing and the
chosen measurements. Let J(P) define a performance index in terms of a
particular covariance matrix P. An exemplary index  20 would be the trace
of P. The sum of the diagonal elements in the error covariance matrix is a
good measure of  the amount of uncertainty in the particular estimates.
Alternatively, the values corresponding to particular  parameters could be
weighted more or less heavily based on arbitrary concerns. Let fn(u) refer
to the sum over all time steps in the prediction horizon of the value of
the performance  index calculated based on the input vector u. The value of
this objective function depends on the structure of  25 the underlying
system model and the chosen values of the noise parameters. Also, depending
on the current values in the covariance matrix at the time the optimization
is solved, different results may be obtained. This is  intuitive because at
different times, different measurements are in greater need. Now, an
optimization problem can be defined to identify the proper measurements. At
a particular  instance, if c denotes the number of batches in the queue
that are allowed to be measured, then the following  30 equations define
the problem mathematically: mm n f" (u) (99)  U Y-u;<_C  (100)  u,E{0,1}.
35 (101) The vector u that solves the optimization problem minimizes the
uncertainty in the parameter estimates  while satisfying the constraint on
the maximum number of measurements. -40 WO 03/023538 PCT/US02/28872 For a
given processing and sampling plan, there is some flexibility in the order
in which material is  processed. There is a queue of material waiting to be
processed in the area, and batches may be selected from  



the queue in any order, as long as certain constraints are met. As shown
previously, the error covariance matrix  is path dependent. Changing the
order of runs can have an effect on the information available when each run
is 5 to be processed. So again, the error covariance matrix can be used to
drive an optimization problem. It is  predetermined which batches will be
measured and that will only run without being measured. The queue of
batches is again assumed to be of length n. A vector u of integer variables
is defined,  with each element u; corresponding to one batch in the queue.
In this vector, the value u, of each element i  denotes the time step when
the batch will run. For this reason, the vector u must be constrained to
contain all  10 the integers between I and n. Again a performance index
J(P) can be defined in terms of a particular covariance matrix P, and for
the purposes of choosing the processing order, the trace of P would be a
reasonable choice, although the  weighting could be adjusted to make some
parameters more important than others. Letfn(u) refer to the sum over all
time steps in the prediction horizon of the value of the performance  15
index calculated based on the input vector u. As above, the value of the
objective function depends on the  system model and the initial values in
the P matrix. As in the case above, an optimization problem can be  defined
to determine the proper choice of the input vector u. min f, (u)  U (102)
20 u. E {0, 1, 2, K , n}  (103)  u,#uj (i~j). (104) For a given set of
material to process, appropriate tools must be selected for processing.
Naturally,  constraints exist because of capacity and throughput concerns.
However, within the boundaries of the  25 constraints, it is possible to
select certain material for certain tools to gain more knowledge about the
system. There are a number of heuristics that can be expressed given the
framework of tracking parameter uncertainty in  terms of different products
and tools. Given the fact that some parameters will have higher confidence
than  others, it makes sense from a business perspective to run more
important or critical products on tools with more  reliable or current
state information. 30 From an identification viewpoint, it is possible to
learn about an unknown tool by running a well  characterized product on the
tool. Conversely, running a new product on a tool that is understood with a
high  degree of confidence can help to learn about the new product quickly.
This section will attempt to define these  rules more objectively. This
problem cannot be examined without considering the implications on total
plant throughput. Tool  35 scheduling decisions are traditionally made with
the objective of minimizing time. In this test study, throughput  concerns
will be handled with a simple constraint, but in general this is just
another part of a larger optimization  problem. In fact, other researchers
have investigated the use of the model predictive control formulation to
optimize throughput and inventory. -41 WO 03/023538 PCT/US02/28872 As in
the previous cases, there is a queue of n batches waiting to run in a
process area. For each batch  



the product is known, and it is predetermined whether or not the batch will
be measured. If the processing tools  are numbered from 1 to k, then a
vector u of integer variables can be defined, with each element u,
corresponding to one batch in the queue. In this vector, the value u; of
each element i denotes the tool where the  5 batch will run. Again a
performance index J(P) can be defined in terms of a particular covariance
matrix P. For the  case of determining which process tools to run, the
trace of P can again be used, and as before the weighting  could be
adjusted to make some parameters more important than others. Letfn(u) refer
to the sum over all time steps in the prediction horizon of the value of
the performance  10 index calculated based on the input vector u. Again,
the value of the objective function depends on the system  model and the
initial values in the P matrix. As in the case above, an optimization
problem can be defined to  determine the proper choice of the input vector
u. min f"(u)  U (105)  15 u,E{O,1,2,K,k}  (106)  In this section, it was
shown that there is more to state estimation than the amount of data
obtained. Methods were described that attempt to quantify the amount of
information in a set of data. These methods can  be used to make processing
decisions that will lead to more information being available for state
estimation.  20 The following discussion unifies these last few scenarios
into a coherent strategy for acquiring data. This strategy complements the
uncertainty-based state estimation by providing a steady and reliable
stream of new  information. The previous sample scenarios involved process
decisions and their effects on state and parameter  estimation. While each
of the situations is worth studying in its own right, in a real production
facility they  25 must all be considered simultaneously. The following
discussion addresses the need for a comprehensive plan  for information
collection and parameter estimation. As a preliminary step, it is first
demonstrated that processing decisions, such as scheduling and  sampling,
can be made using the needs of the state estimation algorithm as a guide.
For this reason, a number  of simulation runs are shown using the
optimization problems described above. In each of these test scenarios, 30
the plant and state estimation algorithm are initialized in the same way. A
different processing decision is  investigated in each one. To limit the
number of possible solutions and allow the cases to be easily understood, a
system with  three process tools and three products is specified by the
simulation driver 136. As in earlier situations, the  assumption is made
that the only important sources of variation are the differences between
the products and 35 tools. Random noise and a slight drift are added to the
states during the simulations. In each scenario, the  controller 130 begins
with no knowledge of the system states and runs for 200 time steps to
completely settle.  The next 20 runs are the subject of the test. All the
tests use the same set of runs as the base case. Table 7  shows the base
configuration used in all the scenarios. -42 WO 03/023538 PCT/US02/28872  



Table 7 - Process Decision Base Case Run Summary Run Tool Product  1 2 1  2
3 2  3 2 2  4 1 2  5 3 (qual)  6 2 2  7 3 2  8 1 3  9 3 1  10 1 3  11 3 3
12 1 3  13 2 1  14 1 2  15 1 3  16 3 2  17 3 3  18 3 1  19 1 2  20 2 3 The
first set of tests deals with choosing an optimal sampling plan. The
objective of the test is to  choose the runs to measure so that the
uncertainty in all the parameter estimates is minimized. This is
accomplished by using the objective function defined in Equation 102 and
its associated constraints. Evaluation 5 of the objective function is a
nonlinear, iterative process. Once an input vector u is chosen, the process
model  can be used to evolve the covariance matrix forward through time.
For this problem, the constraints (Equations 103 and 104) completely define
the feasible solution  space. Essentially, c measurements must be chosen
out of the possible n. Since the processing order is fixed,  the order in
which the measurements are selected does not matter as long as they are all
selected before 10 processing begins. This means that the number of
feasible candidate schedules that may be defined is given by  n! (n-c)!c!
(107) For a total of 20 runs this optimization problem can be solved by an
exhaustive search of the feasible  domain. Table 8 below summarizes the
results of the tests for several different values of c. 15 -43 WO 03/023538
PCT/US02/28872  Table 8 - Summary of Sampling Optimization Tests 



c Samples Objective Value  1 5 932 2 5,8 811  3 5,6,8 708  4 2,4,5,6 678  6
4, 5, 6, 11, 12, 13 551  8 4, 5, 6, 7, 10, 11, 13, 14 488  10 1, 4, 5, 6,
7, 10, 11, 13, 14, 16 444  16 1, 2, 3, 4, 5, 6, 7, 8, 9, 11, 12, 13, 14,
15, 16, 18 385  20 (all) 375 Several results are immediately apparent from
these runs. First of all, run 5, the tool qualification run,  is present in
each solution. This particular run is the most helpful in locking down the
true values of the  5 parameters. Next, the algorithm favors measuring runs
near the beginning of the test. This is intuitive because the uncertainty
increases on every run. By measuring more runs near the beginning, the
estimator can keep the  average uncertainty down. The runs with fewer
measurements illustrate that the algorithm attempts to learn  about the
entire system. By sampling several runs that cover the entire spectrum of
tools and products, the  estimation algorithm can have a complete picture
of the system. 10 It is interesting to note that the value of the objective
function levels off above about 10 measurements.  This is more clearly
illustrated in Figure 28. This suggests that a practical use of this
algorithm would be  identifying measurements that do not provide enough new
information to justify their costs in time and  resources. The second set
of tests deals with choosing the order of processing. Here, the runs to be
measured are  15 predetermined, but the processing order can be arbitrarily
arranged within the given queue of batches. Again,  the objective is to
minimize the uncertainty in the parameter estimates. The constraints in
Equations 103 and  104 define a set of feasible solutions. The order is
determined by selecting one batch at a time from the queue  until all runs
have been completed. Because this problem has n! possible solutions (i.e.,
candidate schedules),  an exhaustive search of the solution space is not
practical. 20 For these test runs, a sub-optimal approach is used to limit
the number of candidate schedules and get  approximate solutions that are
sufficient to illustrate the key points. Rather than trying to cover the
entire  solution space, a series of n simpler problems can be solved. For
each run, the one batch that provides the most  immediate improvement in
the objective is selected. This process is repeated until all the batches
are run. To run the test, it is necessary to predetermine the sampling
plan. To test with varying amounts of  25 information, tests are run
measuring every batch, every other batch, every third batch, every fourth
batch, and  every fifth batch. Knowing when the measurements will be taken,
the controller 130 must decide the processing  order that maximizes the
available information. 30 -44 WO 03/023538 PCT/US02/28872  Table 9 below
presents the results of the processing order study. In each of the tests,
the value of the objective obtained using the new order is compared to the
value obtained using the default order presented in  



Table 7. In each of the tests, solving for a better processing order
significantly improves the value of the  5 objective function. Table 9 -
Summary of Order Optimization Tests  Allowed Samples % Improvement in
Objective Value  20 19.8 10 20.4  7 17.6  5 15.9  4 15.9 10 The final set
of tests deals with the tool allocation problem. Here, the processing order
and sampling  plan for a set of batches is predetermined. The objective is
to minimize the uncertainty in the parameter  estimates by choosing the
most appropriate processing tool for each batch in the queue. The
constraints in  Equations 105 and 106 define a set of feasible solutions.
With a queue of n batches and a total of k tools, there are k" possible
solutions. As the number of  15 potential solutions increases exponentially
with the problem size, an exhaustive search of the solution space is  not
generally practical. As above, a sub-optimal approach is used to achieve
approximate solutions by limiting  the number of candidate schedules. For
each run, the tool is chosen that would result in the largest improvement
in the objective function.  Thus, a series of n simpler problems are solved
to determine where to run all the batches. Table 10 below  20 shows the
processing order determined by the algorithm. 25  30  -45 WO 03/023538
PCT/US02/28872  Table 10 - Tool Allocation Run Summary Run Tool Product  1
1 1  2 3 2  3 2 2  4 3 2  5 3 (qua])  6 2 2  7 1 2  8 2 3  9 3 1  10 2 3
11 3 3  12 1 3  13 2 1  14 2 2  



15 1 3  16 3 2  17 2 3  18 3 1  19 1 2  20 1 3 This allocation of batches
on tools results in about a 10 percent improvement in the value of the
objective function. However, there are some more striking results. Figure
29 compares the simulated output  5 error of the control algorithm when
using the default tool allocation plan and the optimized plan. Large
amounts of variability are removed in the optimized version, because the
products with high parameter estimate  uncertainty are run on tools with
relatively small estimate uncertainty. An important feature of this
simulation is that there is no constraint that dictates even usage of the
tools. The results show that the algorithm divided the runs up evenly among
all the tools involved. The reason  10 for this is that the uncertainty in
the parameter estimate for a given tool increases over time, even if the
tool is not selected for usage. Thus the algorithm has to utilize all the
tools so that enough information is available to  keep the uncertainty low
across all the tools. As shown in the previous section, manufacturing
process decisions such as tool scheduling and  sampling plans have a very
real effect on the ability to effectively perform process control.
Furthermore, it is  15 shown that proper manipulation of these decision
variables can improve the controlled output. While the decision variables
do not directly affect the process variables that the controller 130
manipulates, they do affect  the quantity and quality of the information
available to the controller 130 for use in updating its state and
parameter estimates. For a model-based controller, different values of the
model parameters lead to different  values of the objective function, and
therefore different process inputs are chosen. -46 WO 03/023538
PCT/US02/28872  Using the error covariance matrix available in a Kalman
state estimation scheme, the manufacturing decisions are shown to have an
explicit relationship to the relative uncertainties in different parameter
estimates  in the controller 130. A model can be created that relates
process decisions to their effects on the uncertainties  in the parameter
estimates. Depending on the current confidences in the parameter estimates,
taking a particular  5 measurement or running a particular processing tool
can have very different effects. At this point, it is convenient to
separate the process model from the supervisory scheduling model, as  shown
in Figure 30. A process controller 300 implements a low-level, process
model 310 that describes how  the process variables are affected when the
inputs are manipulated. Process variables include recipe settings,
measured batch properties, and sources of variation. In this model, batches
are unknown until they appear, at 10 which point their properties determine
how they will be affected by the processing equipment. A scheduling
controller 320 implements a supervisory, scheduling model 330 and is not
concerned with the details of how  batches are processed. Instead, it deals
only with the movement of material through the plant. The environment is
made up of a series of discrete events. These events include batches being
processed, tools being qualified, and batches being measured. For each one
of these events, the process model  15 310 can be used to determine the
anticipated effects on the real process states as well as the uncertainties
in the 



parameter estimates. The higher-level, scheduling model 330 can be used to
determine the effects of the event  on inventory levels, cycle time, and
tool utilization. A multi-level control strategy is used here. The state
estimation techniques described above and  implemented by the process
controller 300 are well-suited to solving the problem of determining the
best  20 parameter estimates given all the available process information.
This state estimation has no input as to the order that material will be
processed or what measurements it will receive, but it can effectively deal
with the  information as it arrives. At the next level, the scheduling
controller 320 handles the scheduling by analyzing candidate  schedules to
meet several objectives. In addition to ensuring that processing tools are
effectively utilized and  25 material gets through the plant in a
reasonable amount of time, the scheduling controller 320 has to make sure
that the lower-level process controller 300 and its state estimation
algorithm receive appropriate information.  This cascade scheme allows for
a modular design with each controller 300, 320 handling the tasks for
which it is best suited. An even higher level factory optimization
controller 340 may be provided for defining  the objectives for the
scheduling controller 320. 30 The inputs to the scheduling model 330 are
the process decisions. At a given time step, there are a  number of
decisions to be made. For simplicity, assume that all the runs take the
same amount of time and that  they all start and end simultaneously. This
allows for a simplification in the decision variables. If there is a  queue
of nb batches waiting to run in a process area, then at a given time step
it must be decided which batches  will run on all the tools in the process
area during the time step. If there are n, tools in the process area, then
the 35 n, elements of the vector u define the batches that will be run on
the tools. For generality, the batches in the  queue do not all have to be
production batches. Tool qualifications and other such events can also fit
into the  same framework. A second input vector v, also of length n,, is
needed to specify whether each of the runs  described in u will be
measured. -47 WO 03/023538 PCT/US02/28872 For the chosen decision vectors
(i.e., candidate schedules) for a time step, the effect on the error
covariance matrix for the process state estimator can be computed. As in
the previous examples, an objective  function can be defined in terms of
operations on this matrix. A model predictive control (MPC) formulation can
provide an excellent vehicle for solving the  5 optimization problems
described above in a practical situation. While a simulation can be run
with a  predetermined queue of material in a known environment, a real
manufacturing facility is more complicated.  Processing conditions are
always subject to change, and the decisions made by the controller can be
overridden  according to business needs. Using an MPC formulation, only the
first decision is implemented each time the  optimization problem is
solved. After new information becomes available, the problem is solved
again. This  10 scheme is well suited to handle the quickly changing
conditions in the plant. MPC can look several time steps ahead to examine
how current changes will affect future runs. To use  an MPC formulation,
the system states and a model for how they change are defined. The states
are simply the  parameter estimate uncertainties as determined using the
state error covariance matrix used by the process  controller 300. The
model for how they change is determined from the equations that determine
how the  15 covariance matrix changes as batches are processed and
measured. 



The "measurements" that the scheduling controller 320 receives are the new
values in the covariance  matrix as provided by the process controller 300
after the actual processing decisions are implemented. The  actual
processing decisions may or may not match the decisions that the scheduling
controller 320 desired  because of outside influences. 20 Another major
benefit of the MPC approach is the ability to include constraints on the
decisions. By  using the prediction horizon, complicated constraints such
as the percentage of material measured over a long  time period may be
used. Constraints on tool allocation, sampling, and the time that batches
wait to be  processed can all be inserted into this very generic framework.
There are many benefits to this unified process and factory control
strategy. Traditionally, the  25 scheduling has been done as business needs
dictate, with little or no analysis given to the impact on process
control. The process control is something that has to be done within the
limits of the factory constraints.  Integrating the needs of scheduling
with the needs of process control has several distinct advantages for both
as  outlined here. In general, measurements are taken to ensure that
batches are being processed correctly. By allowing  30 the process
controller to have input into the sampling plan, the understanding of the
uncertainties in the  processes can be used to select measurements that are
relevant. Since the uncertainties in parameter estimates  translate
directly into uncertainties in the process outputs, it is possible to
reduce measurements down to what is  needed to ensure that all process
outputs are within appropriate tolerances. Not only does this save time,
but it  also limits the number of measurement tools that must be present.
Of course, the scheduling controller 330 can 35 also suggest carefully
selected measurements when output uncertainty becomes too high. It has the
proper data  to make an informed decision about which potential
measurements will provide the most benefit. Another exemplary application
of the scheduling optimization is the processing of "important" lots. A
particular lot may have been flagged as a high priority lot for various
reasons (e.g., predicted performance  characteristics, test lot, etc.). For
such a lot it may be desirable to optimize the processing associated with
the  -48 WO 03/023538 PCT/US02/28872  designated lot. The uncertainty
analysis may be applied to different candidate schedules including the
targeted  lot, and the candidate schedule having the lowest uncertainty
when processing the target lot may be selected. The scheduling controller
330 can also choose times for special events such as tool qualifications.
These events are normally used for equipment maintenance, but they can also
be used to enhance the quality of  5 data. The scheduling controller 330
has the information available to know when the estimated parameters for a
tool state have significant uncertainty. This is a good time to perform
maintenance on the tool as the post- maintenance qualification will provide
fresh information about the state of the tool parameters. This kind of
action can reduce downtime and improve controlled output by scheduling
events when they are really needed. The scheduling and sampling
optimization problems investigated earlier fall into a class of difficult
10 mathematical problems. First of all, the evaluation of the objective
function is a very nonlinear process. Even  when the low-level process
model is linear, the update to the error covariance matrix upon receipt of
measurement data requires matrix inversion techniques. The problems are
further complicated by the fact that  the decision variables are
discrete-valued rather than continuous. A common method for finding the
extrema of  a continuous nonlinear function is to take derivatives with
respect to the independent variables. In general, 



15 these extrema do not correspond with the discrete values of the decision
variables allowed by the system  constraints, so more complicated search
methods must be used. As illustrated in the simulation runs earlier in this
section, the number of objective function evaluations  required by the most
straightforward search schemes quickly becomes astronomical as the system
size  increases. Some relief can be found by breaking the problem into
smaller pieces and joining the solutions 20 together as was done in the
later simulations. In addition, it is possible to work from a feasible
solution,  applying small changes that result in other feasible solutions
to see if the objective value improves. The  drawback of these methods is
that there is no guarantee of reaching the global optimum. A balance must
be  achieved between the need for the most accurate answers and having the
answers in a reasonable amount of  time. There are a large number of
factors that must be taken into account when determining the scheduling of
25 runs in a large factory. In one embodiment, a single objective function
and associated constraints may be defined to  encompass all the concerns.
That objective would meet the needs of many different parties with
different areas  of expertise. For example, while a control engineer may be
able to describe the importance of a particular batch  in terms of how much
process information it would yield, an operations research expert would be
more 30 concerned with how long the batch waits to run and how to move it
through the line more efficiently. In  addition, an engineer trying to
improve a process may need to run certain batches on certain tools with
special  settings. Creating a single objective that meets all these needs
requires the specification of the relative  importance of each concern. An
alternative approach is to have separate systems tailored to the needs of
each party. Each of these  35 systems can easily determine the process
decisions it would most like to see. A supervisory system would then  be
responsible for resolving conflicts. As mentioned in the previous section,
rule-based systems are commonly  used to schedule production runs. These
systems are generally designed to minimize delays and costs with little
regard to the needs of run-to-run control applications. Integration with
this kind of system would be necessary  to influence scheduling in an
existing facility. -49 WO 03/023538 PCT/US02/28872 The techniques described
herein present a powerful approach to understanding the handling of the
many different processes that are simultaneously active in a large-scale
semiconductor manufacturing plant.  The study of the combined system model
reinforces the fact that there is a great deal of data that can be shared
between different processes. As the differences between equipment,
products, and processes are often much 5 larger than the run-to-run
fluctuations of a single process, the combined model succeeds in capturing
the  differences between the different areas of the process by utilizing
data from several runs at a time. The key  benefit of this method is that
information is shared between different processing contexts so that the
system  model is updated very quickly when errors are detected. Another
major result is that in a state and parameter estimation algorithm,
understanding the amount of  10 uncertainty in the estimates is just as
important as obtaining the values of the estimates themselves. A recursive
state estimation routine based on estimating confidence levels was proposed
to perform updates even when only  a portion of the desired measurement
data is available. Practical manufacturing issues such as delayed and
missing measurements were described and addressed. The result is a robust
scheme that is applicable to many  



different processes in the manufacturing facility. 15 A distinction was
made between the available data and the useful information it contains. The
performance of a state estimation scheme is heavily dependent on the
quality of the information it receives. The  state estimate error
covariance matrix was identified as an indicator of the uncertainty in the
estimates, and the  effects of measurements on that matrix were explained
in terms of how the measurements affect the  uncertainties in the
estimates. 20 Processing decisions such as batch scheduling, tool
allocation, and sampling plans were shown to have  an effect on controller
performance. Using the parameter estimate uncertainty information contained
in the  error covariance matrix, these processing decisions can be
optimized to give more favorable process control  results. Simulation
results demonstrated that measurable improvements in state estimation and
control output  performance can be achieved by using information from the
process controller to help make better scheduling 25 and sampling
decisions. In addition, it was shown that the state estimation algorithm
can identify measurements  that provide little information so that those
measurements could potentially be skipped. The particular embodiments
disclosed above are illustrative only, as the invention may be modified
and practiced in different but equivalent manners apparent to those skilled
in the art having the benefit of the  teachings herein. Furthermore, no
limitations are intended to the details of construction or design herein
shown, 30 other than as described in the claims below. It is therefore
evident that the particular embodiments disclosed  above may be altered or
modified and all such variations are considered within the scope and spirit
of the  invention. Accordingly, the protection sought herein is as set
forth in the claims below. -50 WO 03/023538 PCT/US02/28872  CLAIMS 1. A
method for monitoring a manufacturing system (10), comprising:  defining a
plurality of observed states associated with the manufacturing system (10);
generating state estimates for the observed states; 5 generating an
uncertainty value for each of the state estimates; receiving measurement
data associated with an entity in the manufacturing system (10); and
updating the state estimates based on the measurement data and the
uncertainty values associated with  the state estimates. 10 2. The method
of claim 1, further comprising: generating a state estimate vector
including the state estimates; and generating a covariance matrix
associated with the state estimate vector including diagonal terms
defining the uncertainty values and off-diagonal terms defining
interdependency relationships  amongst the states. 15 3. The method of
claim 1, further comprising: performing a processing step in the
manufacturing system (10); and updating each of state estimates based on
the processing step and the associated uncertainty values. 20 4. The method
of claim 1, wherein the manufacturing system includes a plurality of tools
(30- 80) configured to process a plurality of products and defining the
plurality of observed states further comprises  



defining at least one of a tool state and a product state. 5. The method of
claim 2, further comprising: 25 identifying an additional observed state
associated with the manufacturing system (10);  generating an initial state
estimate for the additional observed state; merging the initial state
estimate with the state estimate vector; generating an initial covariance
estimate for the additional observed state; and  merging the initial
covariance estimate with the covariance matrix. 30 6. The method of claim
1, further comprising:  identifying a set of initial state estimates at a
first time; maintaining a queue of events associated with the manufacturing
system (10) occurring after the first  time, the events including process
events and measurement events; 35 receiving a first measurement event;
identifying one of the process events associated with the first measurement
event;  selecting events occurring after the identified process event; and
iteratively updating the initial state estimates based on the first
measurement event and the selected set  of events. 40 -51 WO 03/023538
PCT/US02/28872  7. The method of claim 1, further comprising: generating a
first output mapping based on the measurement data; updating the state
estimates based on the first output mapping, the measurement data, and the
associated uncertainty values; 5 receiving a second measurement associated
with a second processing event occurring after the first  processing event;
generating a second output mapping based on the second measurement; and
updating the state estimates based on the second output mapping, the second
measurement, and the  associated uncertainty values. 10 8. The method of
claim 1, further comprising: identifying a plurality of candidate schedules
for performing activities in the manufacturing system;  predicting changes
to the uncertainty values based on the candidate schedules; and selecting
one of the candidate schedules based on the predicted changes to the
uncertainty values.  15 9. The method of claim 8, wherein generating the
plurality of candidate schedules further  comprises: scheduling a plurality
of processing activities; and scheduling a plurality of metrology
activities associated with a subset of the processing activities, each  20
candidate schedule having a different subset of the processing activities. 



10. The method of claim 8, wherein generating the plurality of candidate
schedules further  comprises scheduling a plurality of processing
activities, each candidate schedule having a different order for  the
processing activities. 25 11. The method of claim 8, wherein generating the
plurality of candidate schedules further  comprises: identifying a
plurality of processing activities; identifying a plurality of process
tools capable of performing the process activities; and 30 generating each
candidate schedule having different process tools selected for performing
the  processing activities. 12. The method of claim 8, further comprising:
generating an uncertainty metric associated with each of the candidate
schedules based on the predicted  35 changes to the uncertainty values; and
selecting the candidate schedule having the lowest uncertainty metric. 13.
The method of claim 8, wherein each candidate schedule includes a priority
process activity,  and selecting one of the candidate schedules based on
the predicted changes to the uncertainty values further  -52 WO 03/023538
PCT/US02/28872  comprises selecting the one of the candidate schedules
having the lowest uncertainty while performing the  priority process
activity. 14. A system for monitoring a manufacturing system (10),
comprising a controller (130)  5 configured to define a plurality of
observed states associated with the manufacturing system (10), generate
state  estimates for the observed states, generate an uncertainty value for
each of the state estimates, receive  measurement data associated with an
entity in the manufacturing system (10), and update the state estimates
based on the measurement data and the uncertainty values associated with
the state estimates. 10 15. The system of claim 14, wherein the controller
(130) is further configured to generate a state  estimate vector including
the state estimates and a covariance matrix associated with the state
estimate vector  including diagonal terms defining the uncertainty values
and off-diagonal terms defining interdependency  relationships amongst the
states. 15 16. The system of claim 14, further comprising a scheduling
controller (320) configured to  identify a plurality of candidate schedules
for performing activities in the manufacturing system (10), predict
changes to the uncertainty values based on the candidate schedules, and
select one of the candidate schedules  based on the predicted changes to
the uncertainty values. 20 -53 




