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ABSTRACT

Modern semiconductor manufacturing processes are very complex and
very expensive to implement. They are also very sensitive to changes in
process parameters, where a small change in one parameter can result in a
batch of circuits that fail to meet specifications, reducing yield. Therefore,
it is important that the process be monitored, and changes in process condi-
tions be diagnosed as quickly and accurately as possible. The challenge of
process diagnosis is complicated by the fact that for the many hundreds of
process parameters, there are relatively few observable variables; this is a
case of many to few mapping. Our goal in this research has been to develop
a powerful new diagnosis tool that surmounts the challenges posed by
modern semiconductor processing, and is flexible enough to support many
different processes.

We have developed a diagnosis methodology based on matching mod-
els of the nominal process and the actual process to be diagnosed. By using
a physically based simulator to supply information about the process
response surfaces, the diagnosis system can be easily tuned to support new
or modified processes. We have developed the technique of Nonlinear Prin-
cipal Component Analysis (NLPCA) as a modelling tool to extract as much
information as possible from both observed process data and simulated
data. The NLPCA algorithm utilizes the neural network paradigm to
develop models of data variance.

The development of the NLPCA based modeler is the focus of this
research, and its relationship to prior work by researchers in other fields is
discussed. In addition, an implementation of the modeler is presented,
along with its performance on a number of modelling tasks.
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SECTION 1

Introduction

1.1 Motivation for Process Diagnosis

Modern semiconductor manufacturing processes are very complex and very expensive to
implement. They are also very sensitive to changes in process parameters, where a small change
in one parameter can result in a batch of circuits that fail to meet specifications, reducing yield.
Achieving and maintaining an economically profitable yield is a primary concern of semiconduc-
tor manufacturers if they are to remain viable. Therefore, it is important that the manufacturing
process be monitored, and changes in process conditions be diagnosed as quickly and accurately
as possible. The challenge of process diagnosis is complicated by the fact that for the many hun-
dreds of process parameters, there are relatively few observable variables; this is a case of
many to few mapping. Our goal in this research has been to develop a powerful new diagnosis tool
that surmounts the challenges posed by modern semiconductor processing, and is flexible enough
to support many different processes.

These next generation of diagnosis tools must include a number of important attributes to
meet the needs of modern manufacturing processes. Among these attributes are independence
from the specifics of a particular process (which provides flexibility to adapt to new processes),
the ability to disambiguate multiple fault conditions, and maximization of the information
extracted from data. In addition, because actual process conditions are stochastic, the tools should
be based on statistical analysis methods. Finally, the tools should be able to isolate spatial vari-
ance across a semiconductor wafer.

1.2 Summary of Contribution

In this report we develop an algorithm which can assist in the diagnosis of parametric faults
(shifts, drifts, or increases in variance) in process conditions that affect the overall yield of the
manufacturing. The goal of the algorithm is to construct models that relate measured electrical
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performances to underlying physical process parameters. Models for known process relationships
can then be compared to unknown conditions to determine the fault condition.

Prior work in this area has mainly utilized linear models of the relationships between the
observed data and the process parameters. For example, the method of linear Principal Compo-
nent Analysis (PCA) has been used to model process variance [11]. Because linear models
quickly lose accuracy as parameters move away from the linearization point, and semiconductor
processing and its relationship to measurable electrical parameters are, in general, nonlinear, we
sought to extend these models to the nonlinear domain. To accomplish this goal, we have incorpo-
rated the neural network paradigm into the modeling process to develop models which are based
around nonlinear principal components.

1.3 Organization of this Report

The next section will cover prior research in the fields of process diagnosis and neural net-
works. This earlier work developed many of the concepts that were incorporated into the system
we present in this report. In particular, the extension of linear PCA to the nonlinear domain is
developed, and the practical aspects of different neural network models are selected for incorpora-
tion into the diagnosis system.

Section 3 will elaborate on the design of the system, discussing its two components: the mod-
eler and the pattern matching (or the front-end and the back-end). Some of the theoretical con-
cerns are discussed, along with anticipated shortfalls of the system. Only the modeler was actually
implemented for this work; future work in this area will include the pattern matching system to
complete the diagnosis.

The fourth section will cover the implementation of the modeler in detail. This will include
the selected topology, nonlinear basis functions, and network growth and training algorithms.
Practical implementation choices are also covered, along with other options that were tried.

Section 5 will detail preliminary results obtained with the modeler. Benchmark and other fab-
ricated data are used first to demonstrate the capacity of the methodology. Then actual data from
an industrial semiconductor process will be modelled and the results analyzed.

The final section will conclude the study with final observations about the algorithm we have
developed and possible directions for future work. An appendix provides the quantitative details
and underpinnings of our modeler algorithm. This detail is not necessary to understand the princi-
ples behind the modeler described in this text but is included for completeness.
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SECTION 2

Background

2.1 Modeling For Diagnosis

One method of process diagnosis is based on comparing models of known faults to a process
containing unknown (or unidentified) faults. This involves constructing a collection of models,
usually using a simulator. This collection can be referred to as the “process model library.” Here
process parameters are varied, either singly or jointly, and the response surfaces are modeled and
collected, as in Figure 2.1. Actual observed data from a process to be diagnosed is then also mod-
eled, resulting in unidentified fault models. The final step involves some method of matching the
unknown fault models to the process library models in order to identify them and make a diagno-

Process Process
Parameters— ™ \Simulator Modeler
Observed
. _Data Modeler Fault
(in situ, in-line) Models

Process
Model
Library

Process
Model
Library

Pattern
Matching

— Diagnosis

Fault
Models

Figure 2.1 The elements involved in diagnosis by modeling.
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sis. This is the diagnostic method that we chose to study in this report.

A primary advantage of this approach is process independence; this is due to the use of a
physically based simulator. There are no “rules” or “heuristics™ tuned to a specific process intrin-
sic in the design of such a model based system. When a new or modified process is developed, it
is only necessary to generate a new process model library. This section will review prior work in
modeling for diagnosis and the use of neural networks for classification.

2.2 Principal Component Analysis

Principal Component Analysis (PCA) is a statistical method of data analysis that attempts to
explain the variance and covariance in observed data by a number of components or factors.
These components reflect the influence of assumed underlying variables on the observed variable,
based on their sample correlations. In the context of diagnosis, we assume that these underlying
variables represent the process parameters. PCA can be thought of as modeling observations in
terms of underlying variables.

2.3 Linear Principal Component Analysis

Previously, Kibarian [11] has investigated model building using linear principal component
analysis for measurement data and simple polynomials for spatial information. He used conven-
tional factor analysis of the autocorrelation matrix of the observations to extract linear relation-
ships in the data. The eigenvectors of the autocorrelation matrix are the components; the linear
sum of the components can be used to represent the original data. If a sample consists of m vari-
ables but only n eigenvectors are significant, (where n < m) then the observations are considered
to be generated by » underlying variables as indicated in equation 2.1. Here, the [ j terms, called

sample; = | e, +1 e, +... [ e Q.1

in P

loadings, are proportional to the value of the underlying variable for the jth component of the ith
sample.

However, when attempting to model a nonlinear relationship, multiple components will be
generated, which often must be manually identified. Kibarian has termed the secondary compo-
nents generated by PCA shadow factors, as demonstrated in Figure 2.2. In these two example
cases, the two variables X, and X, are related by a fourth order polynomial; the data has been
plotted after normalization to zero sample mean and unit sample standard deviation. The eigen-
vectors determined by LPCA are superimposed on the data plots; the lengths of the vectors are
scaled to indicate the relative magnitude of their eigenvalues. Two different sample distributions
of the normal random variable X, result in two sets of eigenvectors which represent the linear
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components. In the first case, where X, has zero mean, the eigenvalues are nearly identical,
though the eigenvectors are orthogonal. In the second case, where the mean of X, is nonzero, the
second vector is much smaller, and could be mistakenly attributed to noise in the data. This can
lead to some measure of uncertainty over which components are significant and which are not.
Additionally, the form of these shadow factors may resemble other, truly independent compo-
nents. This ambiguity is due to the failure of the data to meet a primary assumptions of LPCA:
that the observations be only linearly related.

The process model library is based on the sensitivity matrix of the first partial derivatives of
the process with respect to the process parameters as derived from simulations of the process (see
equation 2.2). This matrix is the basis of a linear model of the process response around its nominal

0
S = -é-p—kprocess(po) (2.2)

operating point p, as in equation 2.3. Diagnosis is then performed by matching the principal com-
Asample = Ap.s, 2.3)

ponents e ; to the sensitivity vectors s, .
This approach is limited by the fact that it addresses only linear relationships between the

observed measurements and their physical bases. Linear models, by their very nature, convey

only first order information and can be very inaccurate as the system moves away from the nomi-

nal center of linearization. It is also worth noting that linear models reduce all the observations
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Figure 2.2 Principal factors extracted from the relationship X =X ‘1‘ after normalization.
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into slopes around a single point; each successive data point improves a global fit. In the limit, as
the number of observations becomes large, the importance each point decreases asymptotically to
Zero.

Our work will extend this methodology to nonlinear relationships, which can also be extended
to account for spatial dependencies. The advantages of this approach include more reliable and
accurate diagnosis as well as the ability to extract much more information from the observed data.

2.4 Feedforward Neural Networks

Neural networks, in their simplest form, are a collection of nodes, or elements, or “neurons”
that perform some transformation on the numerical values at their inputs and present the result as
their output, which can in turn, be an input to another node (or unit). While a node can have more
than one input, it has only one output, but its output can be distributed to many other nodes. The
connections between nodes are weighted; representing a scaling of an input to a particular node
before the input is used by the node. Usually, the inputs to a node are summed before the transfor-
mation is applied.

The transformations implemented by a node (called its activation function) can be as simple
as a weighted sum of its inputs, called a linear unit, to the more common sigmoidal function
(often implemented by the ranh(x) function). Other activation functions are often used, including
the unit step (or hard limiter) function. In general terms, a node implements a scalar function g(u)
where u is an affine function of an input vector x, as indicated by equation 2.4. The term w, is

node output = gu) = gwlx +wy) (2.4)

called the bias or the threshold, and may be thought of as a weight from a unit with a constant out-
put of 1. Many proofs of convergence require that the node activation functions must be bounded,
continuous, and measurable [3][1][7]; in addition, for other reasons, they must have a continuous
derivative. These requirements constrain the selection of activation functions.

A network can easily be represented by a graph, where the vertices represent the nodes, and
the labelled edges represent the connections and their weight. When considering a collection
nodes such as a network, it is often easier to explicitly label every connection and weight as in
equation 2.4 which would represent the ith unit’s output. The most common network topology,

0; = &( 2 wijxj) 2.5)
ji=0

the feedforward [3] net, directly maps to an acyclic graph. These networks are conventionally
organized in layers, where each unit in a layer is independent of other nodes in the same layer, and
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each layer connects the previous layer to the succeeding layer. Typically, there will be one input
layer and one output layer, and intervening layers are referred to as being “hidden” because their
activity can not be directly observed (see Figure 2.3).

Once the topology of the network is determined, the weights are initially set to random start-
ing values; which, in a sense, makes the final network nondeterministic. The network weights are
adjusted (or trained) by using a gradient following optimization method to minimize the sum of
the squared error of the output units o; and the desired outputs ¢;, also called the energy, as
defined in equation 2.6. This training is called “Back Propagation” by the PDP Group [15]

1examples ougluts )
E=5 % % (o5t (2.6)

J 4
because the error terms are propagated backwards through the network using the gradient of the
activation functions. It is because of this requirement to calculate the gradient that a first deriva-
tive of the activation function must exist.
Another commonly used metric of network learning performance is the root of the mean
squared error (RMS) as defined in equation 2.7. Here E is as defined above, m is the number of

, 2E
RMS error = P Q2.7

training vectors, and » is the number of output units (also, the length of the training vectors). This
measure of error is often useful because it adjusts for the size of the training data.

2.5 Linear Principal Component Analysis using Neural Networks

The concept of using a linear neural network (that is, a network of only linear units) to per-
form linear principal component analysis was explored by Sanger [16]. He built a network con-
sisting of a single hidden layer which was trained to reproduce its inputs at its outputs. This work

Inputs ~<—————Hidden Layers

Outputs

Figure 2.3 General structure of a feedforward network.







