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Abstract

In this paper we present two case studies of fitting
tester yield and defect level models to actual test data.
The two case studies correspond to two different chips
from two different manufacturers. Our results provide
new evidence that the models that account for the de-
fect/fault clustering effect are the most able to track
the experimental data. We also present an improved
numerical non-linear curve fitting procedure.

1 Introduction

The Yield (Y) of a given IC manufacturing pro-
cess is the fraction of fault free chips that come out
from production. It is during production test that the
good chips are separated from the faulty ones and Y
becomes known.

Defect level (DL), also known as reject ratio, is the
fraction of faulty chips among the chips that pass pro-
duction test. These chips are taken as good devices
and shipped to customers. They can later fail in the
field, causing the manufacturer significant expense and
adversely influencing important invisible parameters
such as customer satisfaction, company prestige, etc.

The economical importance of Y and DL hardly
needs to be highlighted. The problem is how to predict
and control their values.

To cope with the complexities of physical defect
phenomena, sophisticated yield models have been de-
veloped. Good yield and defect models must ac-
count for the defect clustering phenomenon, which has
been shown indispensable to produce accurate predic-
tions [1, 2, 3].
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In this work we are particularly interested in ex-
pressing Y and DL as a function of the fault cov-
erage f. As tests do not usually achieve 100% fault
coverage (f = 1), if we can find good Y (f) and DL(f)
models we can predict the true yield Yy = Y'(1), which
is used in the DL(f) model:

Yy

DL(f)=1- O

1)

A strong assumption in this work is that DL(1) =
0, i.e., DL will be zero if we manage 100% fault cov-
erage. Therefore, to reflect realistic Y and DL values,
the fault model used should be as accurate as possible.
The stuck-at fault model is still the most widely used
model and therefore is the one we use here. Our DL
actually means the fraction of chips that pass the test
while containing modeled faults. It cannot say any-
thing about unmodeled faults. However, this is not a
paper on fault modeling, and we will work with any
fault coverage metric the user deems appropriate.

Most well known yield theories [1] distinguish be-
tween two types of contributions to the overall yield
value: the gross yield (Y,) and the random yield (Y;):

Y =YY, (2)

Y, pertains to gross defects (catastrophic phenomena)
that cause immediate failure. Y, refers to localized
defects, which require more effort to be detected. It is
natural to expect that Y, contributions can be found
in all testing phases, including the stuck-at fault test-
ing one. However, the existing Y (f) models do not
usually incorporate Y, seeming to imply that during
this test stage a gross yield factor is unnecessary. Our
results show that, on the contrary, the inclusion of a
Y, parameters in the models improves their ability to
track the experimental data and improves the Yy and
DL predictions.



This paper is organized as follows. In Section 2 we
discuss the Y (f) models to be used in the experiments.
In Section 3, the curve fitting optimization procedure
to find the parameters of the models is explained. Ex-
perimental results are reported in Section 4. There,
it is shown how the introduction of the Y, factor im-
proves the curve fits. Section 5 concludes the paper
and gives directions for future developments.

2 The models

In this section, the Y (f) models we used in the
experiments are discussed. All these models disregard
the gross yield factor Yy, and thus assume that Y (f) =
Y (f).

In a lot containing N chips, if R; new chips are
rejected after application of test vector 4, which cor-
responds to a fault coverage f;, then Y,.(f) can be
experimentally evaluated in a sample of N chips by
Py = Tz )

We will require that a good Y'(f) model is such that
it can fit the experimental points Y (f;) as closely as
possible with a small number of parameters. Note that
N must be large enough so that the ¥ (f;) values from
the sample become close to the real Y (f;) values from
the population. Once a good Y (f) model is found, we
can predict the true yield as Yy = Y(1) and DL by
Equation (1).

With a set of assumptions equivalent to considering
a Poisson distribution for the number of faults in a
chip, Williams and Brown [4] derived the following
yield model

Y(f) = e (4)

where Ay is the average number of faults per chip. At-
tempts to confirm the Williams-Brown model exper-
imentally have not been very successful because the
assumption that faults are Poisson distributed turned
out to be not very accurate.

Another model based on the Williams-Brown for-
mulation has been proposed by de Sousa et al. [5]. Its
equation is

Y(f) = e—Af[l—(l—f)R], (5)

where R is a parameter that was called the fault-to-
defect susceptibility ratio. This model recognized that
fault coverage must be mapped to defect coverage be-
fore it can be used in the Williams-Brown formulation.
Compared to the Williams-Brown model it produces
a lower fitting error.

Considering a defect model with two parameters,
the true yield Yy and the average number of faults
in a faulty chip ng (assumed to be a Poisson random
variable), Agrawal et al. [6] proposed the model

Y(f)=Yo+ (1= 1 =Yo)e "V (6)

The fact that ng can be greater than 1 is a possible
way of modeling fault clustering. Equation (6) proved
much more accurate than the Williams-Brown formula
at tracking experimental data.

The clustering effect was explicitly incorporated by
Seth and Agrawal [2] in their negative binomial model

Mg (L—e=eh)]7™

rp=p+ 2 O
where A\g and a4 are the average number of defects in
the chip and the defect clustering parameter, respec-
tively, and c is the average number of faults per defect,
assumed to be Poisson distributed. The three param-
eters are positive real numbers. This model produced
better fits to experimental data, and more realistic
predictions of Yy and DL.

Realizing that defects causing multiple faults can
be modeled by the clustering parameter, de Sousa and
Agrawal recently proposed a simplified version of the
Seth-Agrawal model [3],

v = (1+ 2—;f> , ®)

where Ay and is the average number of faults in the
chip and oy is the fault clustering parameter. From
now on the clustering parameter and the average num-
ber of defects or faults will be represented simply by «
and A, assuming that the reader will know when we are
talking about defects or faults. For the chip studied
in [3], this model was able to produce Yy and DL val-
ues close to the values predicted by the Seth-Agrawal
model, while exhibiting a smaller fitting error.

3 Optimization procedure

Having presented the Y (f) models, we must now
address the problem of finding their parameters by
non-linear curve fitting. The data has been collected
while applying a set of test vectors to actual chip lots.
For each applied test vector ¢ we have the number of
rejected chips R;, and the cumulative stuck-at fault
coverage f;. The experimental yield Y(f;) is com-
puted by Equation (3). Then, for each Y (f) model
we will determine its parameters so that the square



",

$ AR
S HETRR
” TR
0 gy R
Ay Ay TR
IIII N
-2

alpha

lambda

Figure 1: Optimization surface for the de Sousa-
Agrawal model for an example chip.

error with respect to the experimental points }7'( fi) is
minimized. It is well known that the solution space
for a nonlinear fitting problem may have multiple lo-
cal minima. This forces us to use global optimization
techniques, which however cannot guarantee an op-
timal solution. Figure 1 plots the logarithm of the
square error as a function of A and a when applying
the de Sousa-Agrawal model to one of the chips.

The technique we used initiates optimization proce-
dures from various points in a region where we expect
the solution to exist. The starting points form a grid
over that region. The resolution of the grid is deter-
mined by the available computational time. However,
there is a point where further increasing the resolu-
tion of the grid does not necessarily lead to better
solutions.

The search region is determined by first computing
a global starting point and then considering a vicinity
of it. To determine the global starting point we will
use the de Sousa-Agrawal example of Figure 1. The
derivative of Y,.(f) at f = 0 is —\, according to Equa-
tion (8). Thus, by roughly measuring this derivative
from the data we can determine a starting point Ag
for \. We can use the number of chips that pass all
vectors and divide it by the total number of chips N to
get a rough Yy estimate. Using Yy and Ag, we solve the
yield equation numerically to get a starting point qq
for a. Next, given the starting point (Ao, ), we em-
pirically choose a vicinity beyond which local minima
is unlikely to occur (e.g., ap =1 and Ag +2).

The complexity of this method is related to the
size of the grid that represents the solution subspace.
Considering a square grid with m x n points the com-

plexity of the algorithm is O(m x n x C), where C
is the complexity of the curve fitting procedure used.
Clearly, the complexity of the method increases fast
with the number of parameters and resolution of the
grid. Thus, it is important to keep the number of
parameters small.

4 Experimental results

Preliminary experimental results were obtained for
the 5 models featured in Section 2. In the final version
of the paper more accurate results may be obtained, as
there are small improvements yet to be made in our
optimization script. The data examples come from
two different chips: one is provided by the SEMAT-
ECH consortium, also used in [7, 3]; the other is a
chip from DELCO. The maximum fault coverage for
the SEMATECH chip is frq, = 0.9939, while for the
DELCO chip fiee = 0.9889. The contents of the
data is as described in the previous section. A prelim-
inary version of the optimization procedure described
in Section 3 was run to determine the parameters of
the models. The procedure can optimize for 3 param-
eters and takes about 10 minutes in the worst case
using a MATLAB script running on a Linux PC.

Table 1 and Table 2 give the parameter values for
the 5 models on the SEMATECH and DELCO chips,
respectively. It also gives the values of the predicted
Yy, the standard deviation oy of the error in each
Y (f;) point, and the predicted DL. It should be said
that oy is not the standard deviation of the final Yj
estimate. In fact, the error in the Y (f;) points tends to
decrease with f; and, therefore, this correlation must
be analyzed before computing the accuracy of the Yy
prediction. Thus, oy should be much higher than the
actual standard deviation of Yy, and merely serves as
an indicator for the quality of the fit. For Table 1 and
Table 2 the gross yield parameter Y, has not been
considered, which is equivalent to saying it has been
set to Y, = 1. For the SEMATECH chip, the results in
Table 1 are slightly different from the results published
in [3] because the of the improvements introduced in
the optimization procedure.

The results in Table 1 and Table 2 show that the
de Sousa-Agrawal, Seth-Agrawal and Agrawal et al.
models produce the closest fits, and similar predictions
of Yy and DL. A common feature of these models is
that they all account for the defect/fault clustering
effect, either implicitly (Agrawal et al.) or explicitly
(Seth-Agrawal and de Sousa-Agrawal). The Williams-
Brown and de Sousa et al. models produce the worst
fits. In terms of the Yy and DL predictions, if we



Table 1: Results for the SEMATECH chip with Y, =1

Model parameters
Model S | X | c | -~ | R Yo oy DL
Williams-Brown [4] - 0.31 - - - 1 0.7334 | 0.0269 0.0019
de Sousa et al. [5] - 1026 - - | 221]0.7711 | 0.0070 | 3.4719e-06
Agrawal et al. [6] - - - 26| - |0.7628 | 0.0057 | 3.8579e-04
Seth-Agrawal [2] 0.29 | 1.98 | 1.46 | - - 1 0.7649 | 0.0039 | 4.7256e-04
de Sousa-Agrawal [3] || 0.11 | 1.18 | - - - 1 0.7628 | 0.0028 | 6.1394e-04
Table 2: Results for the DELCO chip with ¥, =1
Model Model parameters Yy oy DL
a [ X ] ¢ [n] R
Williams Brown [4] ~ [03L] - | - | - ]0.7334]0.0168 | 0.0034
de Sousa et al. [5] - 0.31 - - | 1.20 | 0.7334 | 0.0147 | 0.0014
Agrawal et al. [6] - - - 2.2 - 0.7490 | 0.0067 | 0.0011
Seth-Agrawal [2] || 0.37 | 1.02 | 0.96 | - | - | 0.7489 | 0.0054 | 0.0013
de Sousa-Agrawal [3] || 0.15 | 0.88 | - - - 0.7490 | 0.0046 | 0.0014

assume that the other three models are accurate, it
can be said that the Williams-Brown model produces
under estimates Yy and underestimates DL. The de
Sousa et al. model underestimates Yy and overesti-
mates DL for the SEMATECH chip. However, its
DL estimate for the DELCO chip is quite accurate,
despite the high fitting error and underestimated Yy
value.

Now we examine the case where the extra Y, pa-
rameter is included. Our optimization procedure is
still being upgraded to deal with the Y, parameter.
However, by manually inserting Y, values in the mod-
els, we manage to decrease the overall fitting error.
We used Y, = 0.92 and Y, = 0.96 for the SEMAT-
ECH and DELCO chips, respectively. The results are
presented in Table 3 and Table 4. From the analysis
of these tables it is clear that the introduction of the
Y, parameter decreases the fitting error oy, indicat-
ing that we now have a better set of parameters. Only
in one case has the fitting error increased (but not by
much): the de Sousa et al. model on the SEMAT-
ECH chip. Another interesting effect is that after Y
was introduced, the Yy and DL predictions for differ-
ent models agree much more. The de Sousa-Agrawal,
Seth-Agrawal and Agrawal et al. models produced
extremely close predictions. Again, the fact that they
all account for the clustering effect may be responsi-
ble for their superiority. With the extra Y, parame-
ter the Seth-Agrawal model appeared slightly better

than the de Sousa-Agrawal model in terms of the fit-
tinmg error oy . This is a new result but it still has to
be confirmed by the final version of our optimization
procedure. The Agrawal et al. model has a slightly
greater fitting error than the de Sousa-Agrawal and
Seth-Agrawal models. The effect of the Y, parameter
can be better appreciated if we plot the Y(f;) data
points and superimpose the curves of the various mod-
els on the same chart. This is done in Figure 2. As
can be seen, after making Y, = 0.96 the model curves
become much closer to the experimental points. Also
note how the models that incorporate the clustering
effect (de Sousa-Agrawal, Seth-Agrawal and Agrawal
et al.) produce much closer fits than the models that
do not (de Sousa et al. and Williams-Brown). This
reaffirms the importance of having a clustering param-
eter.

5 Conclusion

We have fitted VLSI tester yield models to exper-
imental data of two different chips from two differ-
ent manufacturers: SEMATECH and DELCO. The
models we used were the following: the Williams-
Brown [4], the de Sousa et al. [5], Agrawal et al. [6],
Seth-Agrawal [2] and de Sousa-Agrawal [3] models.

Our results present new and further evidence that
the models that account for the defect/fault cluster-



Table 3: Results for the SEMATECH chip with Y, = 0.92

Model parameters
Model o | X | - | -~ | R Yo oy DL
Williams-Brown [4] - 0.21 - - - 0.8106 | 0.0102 0.0013
de Sousa et al. [5] - 0.21 - - | 1.05 | 0.8106 | 0.0099 | 9.8989e-04
Agrawal et al. [6] - - - 1.7 - ] 0.8275 | 0.0027 | 6.3231e-04
Seth-Agrawal [2] 0.31 | 2.00 | 0.54 | - - 0.8285 | 0.0023 | 6.4884e-04
de Sousa-Agrawal [3] || 0.15 | 0.38 | - - -] 0.8275 | 0.0025 | 6.5580e-04
Table 4: Results for the DELCO chip with Y, = 0.96
Model Model parameters Yy oy DL
a [ X ] ¢ [n] R
Williams Brown [4] || - ] 0.26] - | - | - | 07711 ] 0.0086 | 0.0029
de Sousa et al. [5] - 026 | - - | 1.15 | 0.7711 | 0.0061 | 0.0015
Agrawal et al. [6] - - - 1.6 - 0.7762 | 0.0030 | 0.0018
Seth-Agrawal [2] 0.49 | 1.96 | 0.42 | - - 0.7773 | 0.0028 | 0.0018
de Sousa-Agrawal [3] || 0.27 | 0.42 | - - - | 0.7762 | 0.0029 | 0.0018

ing effect (Agrawal et al. [6], Seth-Agrawal [2] and de
Sousa-Agrawal [3]) are significantly better at track-
ing the data than the models that do not (Williams-
Brown [4] and de Sousa et al. [5].

We have also experimented with a gross yield (Y})
factor in the models. This new parameter represents
catastrophic phenomena that fails a high number of
chips on the first vector. Only after does stuck-at fault
testing really begins. With the Y, parameter the yield
curves start from a value lower than 1 instead of from
1. The results show that practically all models ben-
efit from the inclusion of Y, which is demonstrated
by the lower fitting error achieved. After Y, has been
introduced, the models that account for clustering pro-
duced very similar Yy and DL estimates. This better
agreement among different models improves the con-
fidence in the predictions. For the SEMATECH chip
those models predicted a yield of about 82.8% and a
defect level of about 650 parts per million (ppm). For
the DELCO chip the models predicted a Yy of about
77.6% and a DL of 1800 ppm.

A strong assumption in this work, which is also im-
plicit in many previous analyses, is that DL drops to
zero when the stuck-at fault coverage is 100%. To
be precise, we should mean the coverage of the “re-
alistic” (i.e., those that actually occur) faults. The
justification for this assumption lies in the fact that
the measured tester yield depends on the capability of
the tests for detecting the actual, so-called realistic,

[4

faults. This argument needs further investigation.

The paper only presents data on two chips and the
applicability of the new model should be examined for
a wide variety of chips.
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