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Abstract

In manufacturing as well as other application areas there is a need to learn standard
operating conditions in order to detect future changes or deviations. This is related
to the even more general problem of detecting instances (cases, records) that are
unusual compared to the bulk of the data (outliers). Examples of the problem are
fault detection in chemical engineering and statistical process control. The outlier
problem is ubiquitous.

If specific deviations are not a priori specified, this is a type of unsupervised
learning problem. The focus here is on the important, practical case for modern
data environments. That is, training data with multiple (usual many) variables of
mixed types (without the expedient assumptions common in statistics of multivari-
ate normality that rarely holds in practice).

An elegant technique is used to transform an unsupervised learning problem to
a supervised one. This methodology uses an artificial reference distribution. For
the focus here such a specific reference distribution requires appropriate proper-
ties. Then an effective, universal, and nonparametric supervised learner (a gradi-
ent boosting machine) is applied to the transformed problem. The results are then
in a sense inverted to the original problem. Extensions are mentioned as well as
additional insight that becomes available. An illustrative example is presented to
justify the validity of this generic and general methodology.

1 Introduction

In manufacturing as well as other application areas there is a need to learn stan-
dard operating conditions in order to detect future changes or deviations. This is
related to the even more general problem to detect instances (cases, records) that
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are unusual compared to the bulk of the data (outliers). It is well-known that such
data can excessively distort and influence continuous measurements and thereby
affect the decisions obtained from an analysis.

If specific deviations are not a priori specified, this is a type of unsupervised
learning problem. The focus here is on the important, practical case for modern
data environments. That is, training data with multiple (usual many) variables of
mixed types (without the expedient assumptions common in statistics of multi-
variate normality that rarely holds in practice). Examples of the problem are fault
detection in chemical engineering and statistical process control (SPC). The outlier
problem is ubiquitous. The motivation for our learning method is manufacturing
so that we briefly summarize traditional approaches.

When measurements from multiple variables (attributes) are available the chal-
lenge is called multivariate SPC in the statistics literature. A traditional approach
was proposed quite early based on Hotelling’s 72 statistic [1] as the metric to
signal a change. The distance of X;, an observed p — dimensional vector at
time ¢, to a target vector p is (X; — p)’T~'(X, — p), where T is the covari-
ance matrix of X,. The statistic, under the assumption of multivariate normality,
follows a y2 distribution (with p degrees of freedom) when sufficient training data
is available that estimation error in ¥ can be ignored. The decision rule applied
to a sequence of vectors (assumed independent over time) is the appropriate per-
centile from this distribution and this defines a control region that has the form
of an ellipse in p dimensions. The decision based on a single data point is well
known to be improved by filtering methods such as multivariate moving averages
or multivariate likelihood ratio methods. However, all these alternatives are rooted
in normal theory (and it inherent continuous measurements) and therefore result in
elliptical-based boundary (although the decision rule is more complex).

The problem has also been addressed from principal components analysis
(PCA). This has been used in chemical industry for a decade for multivariate
process diagnosis and fault detection. Applications to process control were con-
sidered as least as early as by Jackson [2]. Recently the semiconductor industry
has slowly adopted the methodology in manufacturing while more and more cor-
related process and quality parameters become available and more rigorous mon-
itoring is required for 90 nm process on 300 mm wafers. In an attempt to reduce
the dimensionality of the problem, a lower-dimensional subspace is the focus. The
data is projected to a lower-dimensional subspace that maximizes the variability of
the projected points [2]. Also, a measure of deviation from the subspace is com-
monly monitored [2]. The major axis of the subspace is aligned with the major
axis of the data, that is, the eigenvector corresponding the greatest eigenvalue of
the covariance matrix. But the implicit development from the covariance matrix
assumes the data is characterized only by first and second moments and conse-
quently the multivariate normal distribution is the foundation for the approach.
However, many parametric data are not normally distributed such as n-channel and
p-channe] leakages on a transistor. Furthermore, in semiconductor manufacturing
process, many characteristics are associated to non-numeric information such as
left zone and right zone on a wafer. Then these kinds of parameters cannot be
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used in the PCA method. Our approach below improves upon these limitations of
PCA.

Detection is often the first step, but application typically require more details
from an analysis. Successful fault detection leads to the question of fault diag-
nosis. A method to detect should consider the consequences: corrective action is
required to adjust the process back to desirable operating conditions. With multi-
ple variables the diagnosis can be a challenge and although the problem has been
well studied there are extensive computational and performance limitations of the
proposals. Runger ez al. [3] proposed a computationally simple approach for the
normal theory case. Outside of the comfort of the well-studied normal theory, a
general strategy for diagnosis is important. The approach should be conceptually
straightforward in order to facilitate its adoption, but comprehensive enough to
incorporate non-normal variables of different data types. Such a method is inte-
grated into our fault detection strategy.

In this paper, we propose a supervised classification approach to learn the pattern
of standard operating conditions, and thereby detect deviations from the pattern.
Our method does not require that the deviation be a priori specified. This is impor-
tant in our manufacturing application in which there are many variables of mixed
types and the deviations can exhibit various characteristics. We use an interesting
approach that transforms the problem to supervised learning through an artificial
contrast. Furthermore, we extend our methods to address the important question
of fault diagnosis.

2 Supervised pattern learning
2.1 Transformation to a density estimation problem

In practice, the joint distribution of the variables of interest is unknown and rarely
as well-behaved as a multivariate normal distribution. Instead, data describing the
standard operation of the process is available and a verifiable method is needed
to assign a future observation to the “fault” class with given confidence. In other
words, we are looking for a probabilistic decision rule which will assign a new
observation to the “fault” class of a given population. Thus we have binary clas-
sification problem. Motivation for the approach described in this section is from
an elegant technique (considered to be “statistical folklore™) to transform a density
estirnation problem to the one of function approximation [4].

Suppose f(z) is a unknown probability density function to be estimated, and
fo(z) is a specified reference density function (for example uniform). Combine
the original data set x1,%2,...,2zn and a random sample of size N drawn from
fo(z).

If we assign y = 1 to each sample point drawn from f(x) and y = 0 for those
drawn from fo(z), then

f(z)

p(z) = E(ylz) = 7@ + fol@)

1
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Therefore we can solve the regression problem on the sample

(z1,11), (2,42),-.., (T2N, yon) to obtain an estimate of the unknown density
/(@) -

~ p x

f(z) = folx) ——=—= 2

For the binary classification problem considered in this work, a natural reference
distribution is formed as a multivariate joint density of independently distributed
X variables

k
folz) = T fil=:) A3)
i=1

A sample from the independent joint density can be generated by randomly per-
muting values for each variable in the base data set (independently). Reference
data could also be generated from uniformly distributed random values from the
corresponding range of X-values for each numerical variable. For a categorical
variable X with [, levels one can assign nominal values with equal probabilities
1/l,. In any case, we still form the training sample (x;,y;) from the combined
data.

2.2 Classification engine

There are several major advances in generic, supervised learning recently pub-
lished in the statistical and machine learning literature that can be used to solve
this problem: SVM (Support Vector Machine) [5], MART (Gradient Boosting
Machine) [6, 7], RF (Random Forests) [8], and RLSC (a recent regularization algo-
rithm) [9, 10]. Both RF and MART are tree-based algorithms, and therefore inherit
all the powerful features of CART: natural handling of mixed data types and miss-
ing data, robustness to noise and outliers. In addition to these properties, MART
and RF show significantly improved prediction accuracy.

In this work we use the gradient boosting machine MART as the classification
engine. This approach approximates a response by an “additive” expansion of the
form

M
F(x)= 3 T(x,0m) )
m=0
where T'(x,0,,) (“base learner”) is an small regression tree of fixed size (a “base
learner’”). We use trees with 10 terminal nodes. Also, &, = {ij,ij}:’L:l
defines the tree’s partition/prediction at m** stage. More details for MART fol-

low.
For a binary classification problem, logistic modelling generalizes
ef(@)
p(z) = 1+ ef(@) (5)

with the deviance loss function

L{y,p(z)) = —1(y = log(p(z)) — I(y = —1)log(1 — p(x)) (6)
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An estimate of f(z) is obtained from a greedy stage-wise procedure. This is
referred to “stage-wise” because of new term in the additive expansion is added
at each iteration. At each step the procedure needs to solve

N
O, = arg %?;L(yi,Fm_l(xi) + T'(xi, Om)) 0]

where ©m = {Rjm, cjm }j=, define tree’s partition/prediction at m®" stage.

Note that for binary classification with exponential loss this stage-wise proce-
dure is equivalent [4] to the AdaBoost algorithm [11]. For more robust loss func-
tions (such as deviance) approximations are needed to solve (7). Therefore, in
general, MART uses a numerical optimization approach to solve (7). Specifically,
it mimics a steepest descent algorithm applied to a specified target (loss) function
with respect to a vector of parameters (values of an approximating function at NV
data points).

For a binary classification problem MART’s forward “stage-wise” procedure
can be summarized as follows (where v is a learning rate, usually < 0.1):

1. Initialize fo(z) =0

2. Form=1to M do:
)

Set pm(2) = THrmtey
Compute 7, = ¢ — pm(z), i=1,...,N
Fit a regression tree to the target 7, giving terminal regions Rjm, j =

1,2,...,Jm
z::t,-ER-m Tim

N
Compute Yjm = 3 5 . rim KI=FremD)”

i

Updatefm(2) = fn-1(2) + v 3257y YjmI (& € Rjm)
3. Output f(z) = fa(z)
Thus MART fits small trees (built by CART) to the current stage’s generalized
residuals (derivative of the loss function) at each iteration. The resulting model is
a weighted combination of a large number of simple trees. We emphasize that this
is but one choice for the classification machine and many other choices would be
suitable. For example, we have also had good success with variations of SVMs.

2.3 Variable selection/relevance/importance

As aresult of logistic modelling above we get relatively complex decision regions
and an important question rises: out of possibly hundreds variables which are
important and to what degree with respect to defining the in-control joint density
region.

For tree based models there is relatively simple way to estimate relative variable
importance. For a single decision tree Breiman et al. [12] proposed

M(@m,T) =Y AI(Zm,1) @®)
teT
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where Al(xzy,,t) is the decrease in impurity due to an actual (or potential) split
on variable ., at a node ¢ of the optimally pruned tree T'. The sum in (2) is taken
over all internal tree nodes where z,,, was a primary splitter or a surrogate variable.
For any primary splitter CART keeps a number of surrogate variables that mimic
primary split [12].

For additive trees such as MART this importance measure is easily generalized.
Simply average over the trees to

M
M(z;) = 1—\14- > M(zi, Tn) 9)
m=0
Due to the stabilizing effect of averaging, this measure turns out to be more reliable
than it its counterpart for a single tree. Also because of its regularization strategy
the masking of important variables by others with which they are highly correlated
is much less of a problem. Therefore, in (2) sum is evaluated over internal nodes

where the variable of interest is the primary splitter.

Note that using the same framework one could easily extract independent com-~
ponents of multivariate data set, and either control them separately (using simple
univariate SPC) or just ignore them (if there is no known impact on quality indica-
tors). To do that the reference distribution would be an independent version of the
base data set and the sample is generated by randomly permuting values for cach
variable in the base data set as mentioned previously. After a binary classification
model is built, variables with low relative importance signal their independence
from the joint density.

2.4 Diagnosis

Given a model to assign a new observation to in/out-of-control state, and a set of
importance scores for controllability variables, it would be very useful to obtain
insight on the nature of the fault.

Let O be an outlier point, and consider the value of

M;(0) = max P{X in control | z; = 0;,Vj # i} (10)

M;(0O) is the maximum probability for a point O to be in control along dimen-
sion z; where the rest of coordinates o; are fixed. This is easy to calculate given
the model (via a simple location search). If there is an ¢ such that M;(0) is large
enough (say > 0.5) it would imply that O is z;-outlier (out-of-control in dimen-
sion z;). Small values of M;(0) for all coordinates would indicate that O is a
global outlier, and could not be brought back in control by adjusting any single
variable. The distance along dimension x; between the i*" coordinate o; and point
where mazximum M;(0) is achieved provides a measure of “outlierness” in the
i** dimension.
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3 Illustrative example

To demonstrate the proposed method we use a challenging data set for a non-
parametric approach. That is, a data set in which traditional assumptions are valid.
We need to capture the smooth, closed elliptical boundary of a two-dimensional
normal distribution with a nontrivial covariance. This model is our pattern of stan-
dard (in-control) operations.

Figure 1 shows example the in-control data generated from the two-dimensional

—6
normal X = C * Z with covariance Cov(X) = C*+ C' = ( 26 50 ) with
E(X) =0.

10
{

X2
0
|

X1

Figure 1: Two-variate normal in-control distribution with 3 outliers.

The MART algorithm was used to build a model for p(x), the probability to be
in-control given an observation vector X. We used base trees of size 10, regular-
ization parameter v = 0.1, and the maximum number of iterations M = 400.
Generated data was divided into training (70%) and testing (30%) data sets, and
the sum of trees with minimum test error was used as a final model (approximately
150 trees). Figure 2 shows contour plots of the learned in-control probabilities with
very impressive generalization accuracy for a generic, non-parametric classifier of
82%.

Figure 3 illustrates the points made in evaluation of “outlierness” section. It
shows dependencies

f(%) = P{X in control | Tj = Oj,Vj # ’}
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Figure 2: Learned contour plots of in-control probability.
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Figure 3: Conditional in-control probability for three outliers along X ;o dimen-
sion given the second coordinate is fixed.

for three different outliers: A(z, — outlier), C(z, — outlier), B(global x1/9 —
outlier).
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4 Conclusions and future work

Our nonparametric approach to learning patterns can be used for a wide range of
problems. A solution to the difficult challenge to incorporate heterogeneous data
types has been proposed. As shown in the figures, the nonparametric boundary
captures the form of the ellipse in the test case of normally distributed data. We
have demonstrated it is feasible to apply the well-developed theory for classifi-
cation to this problem. Consequently, several solution methods are available. For
example, in related work we used support-vector machines for similar purposes,
with similar success. Our results are preliminary but promising.

Important questions remain. The control of false alarms and the stability of the
estimated boundaries as a function of training sample size must be studied. The
effect of dimensionality and the extension to higher dimensions is critical.

In other future work we will consider supervised pattern learning in the pres-
ence of a global quality characteristic (most often a binary characteristics like
“pass”/“fail”) that could be fully/partially explained or completely independent
from the variables under consideration. In practice a subset of the “pass” portion
of the data is considered to be a standard, and a reference set is formed against it.
Then the “fail” subset of the data forms the third class. A higher cost of misclassi-
fication of “fail” class to the standard class could be used in the model training.
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