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SYSTEM AND METHOD FOR ESTIMATING
RELIABILITY OF COMPONENTS FOR
TESTING AND QUALITY OPTIMIZATION

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims the benefit of U.S. Provisional
Patent Application Ser. No. 60/347,974, filed Oct. 19, 2001;
U.S. Provisional Patent Application Ser. No. 60/335,108,
filed Oct. 23, 2001; and U.S. Provisional Patent Application
Ser. No. 60/366,109, filed Mar. 20, 2002; all of which are
hereby incorporated herein by reference in their entireties
for all purposes.

FIELD OF THE INVENTION

The present invention relates generally to the field of
reliability testing and engineering; and more particularly to
a yield-reliability model based system and method for
classifying electronic components and other devices includ-
ing integrated circuits and memory chips based on predicted
early life reliability to allow optimization of test costs and
product quality.

BACKGROUND OF THE INVENTION

Electronic components such as integrated circuits, includ-
ing memory chips, often fail due to flaws resulting from the
manufacturing process. Indeed, even as manufacturing pro-
cesses are improved to reduce defect rates, increasingly
complex chip designs require finer and finer circuitry, push-
ing the limits of the improved manufacturing processes and
increasing the potential for defects. Electronic components
are commonly subjected to an initial wafer probe test after
production of the wafer from which the components are
separated, in order to detect catastrophic or “killer” defects
in their circuitry. Wafer probe testing, however, typically
will not detect less severe or “latent” defects in the circuitry
that may nevertheless result in early-life failure or “infant
mortality” of a component.

Although the percentage of electronic components such as
memory chips and integrated circuits that are manufactured
with latent defects may be relatively small (for example on
the order of 1-4%), many modern electronic devices incor-
porate up to fifty or more such components. Early-life failure
of any one of these components may destroy or significantly
degrade the performance of the overall device. As a result,
even a small percentage of latent defects in the components
can produce an undesirably high rate of failure in the
assembled device.

In order to reduce the incidence of infant mortality and
thereby increase reliability, many manufacturers subject
their components to accelerated life-cycle testing, referred to
as stress testing or “burn-in”. During burn-in, some or all of
the components produced are stress-tested by subjecting
them to elevated temperature, voltage, and/or other non-
optimal condition(s) in order to precipitate component fail-
ure resulting from latent defects that were not identified by
the initial wafer probe testing. Due to their very fine cir-
cuitry, however, many modern electronic components can-
not withstand severe burn-in conditions without incurring
damage, even to components that initially had no latent
defects. As a result, stress tests must now typically be
performed more gently, for example using lower tempera-
ture and/or voltage conditions, thereby requiring longer
duration burn-in periods to identify latent defects. In addi-
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tion, the stress testing conditions often must be very care-
fully and precisely controlled. For example, because differ-
ent chips within even a single production run may generate
differing amounts of heat during operation, burn-in of some
types of chips requires the provision of separate and indi-
vidually temperature-controlled burn-in chambers for each
chip being tested. Due to the increased complexity and
duration, the stress test or burn-in process represents a
significant portion of the expense of many modern electronic
components.

In order to reduce the time and expense of component
burn-in, a “binning” system and method have been devel-
oped. In many instances, both killer and latent defects result
from like or related causes. For example, a dust particle may
interrupt a conductive path entirely, resulting in a killer
defect; or it may interrupt a conductive path only partially,
resulting in a latent defect that passes the initial wafer probe
test but produces an early life failure. Because many causes
of killer and latent defects are localized, both types of
defects are often found to cluster in regions on a wafer. As
a result, it has been discovered that a component is more
likely to have a defect if its neighboring components on the
wafer also have defects. For example, a component that
passes wafer-probe testing is more likely to have a latent
defect if one or more of its neighboring components on the
wafer are found to have killer defects than if all of its
neighboring components on the wafer also pass wafer-probe
testing. And it has been discovered that the likelihood of a
component that passes wafer-probe testing having a latent
defect increases with the number of neighboring compo-
nents that fail wafer-probe testing. By “binning” those
components that pass wafer-probe testing into separate
groups depending on how many of its neighbors failed
wafer-probe testing, the components are separated into
groups expected to have greater or lesser degrees of early
life reliability. For example, as seen with reference to FIG.
1, a wafer 10 contains a plurality of components or die.
Some of the die on wafer 10 contain killer defects, indicated
with an “X”, which will fail the wafer-probe test. The
remaining die do not contain killer defects, but may contain
latent defects. Die without killer defects may be categorized
depending on the number of neighboring die that have killer
defects. For example, die A has five immediately adjacent
neighbors found to have killer defects, die B has one
immediately adjacent neighbor found to have a killer defect,
and die C has no immediately adjacent neighbors found to
have killer defects. Die categorized in this manner may then
be binned according to the number of immediately adjacent
neighbors found to have killer defects. For example, if the
eight immediately adjacent neighboring die on the wafer 10
are considered, each die will have between zero and eight
neighbors with killer defects. As shown in FIG. 2, die such
as C, with no neighbors having killer defects, will be placed
in bin 0; die such as B, with one neighbor having a killer
defect, will be placed in bin 1; die with two neighbors with
killer defects will be placed in bin 3; and so on.

Since defects (killer and latent) tend to cluster in regions
on the wafer, die in bin 0 will be statistically the least likely
to have latent defects, whereas die in bin 8 will be statisti-
cally the most likely to have latent defects. Die in the
successive intermediate bins 2—7 will have progressively
greater statistical likelihood of having latent defects. By
burn-in testing a representative sample of dies from each of
the bins 1-8 (“sample burn-in”), the statistical likelihood of
latent defects for all die within each respective bin can be
estimated. The remaining die in those bins having a statis-
tically-estimated likelihood of latent defect that is lower than
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the specified failure-in-time (“FIT”) rate (the maximum rate
of burn-in failure deemed acceptable) need not be individu-
ally burned in, since on average they will meet or exceed the
desired reliability. The remaining die in those bins having a
statistically-estimated likelihood of latent defect that is
higher than the specified FIT rate may be subjected to
individual burn-in testing. Although binning and sample
burn-in can reduce the cost of burn-in testing by eliminating
the need to individually test some of the die (namely those
die remaining in bins having a statistically-estimated like-
lihood of latent defect that is lower than the specified FIT
rate after sampling), burn-in costs can still be significant
since a statistically significant sample of die from each bin
must be tested. These costs can add considerably to the cost
of component manufacture. Thus, it can be seen that needs
exist for improved systems and methods for determining the
reliability of electronic components and other devices
including integrated circuits and memory chips. It is to the
provision of improved systems and methods for determining
the reliability of electronic components and other devices
meeting these and other needs that the present invention is
primarily directed.

SUMMARY OF THE INVENTION

The present invention provides improved systems and
methods for determining the reliability of electronic com-
ponents and other devices including integrated circuits and
memory chips. Although example embodiments will be
described herein primarily with reference to integrated cir-
cuits and memory chips, it will be understood that the
systems and methods of the present invention are also
applicable to reliability testing of any component that exhib-
its manufacturing defect clustering. For example, nanotech-
nology devices such as molecular computing components,
nanodevices and the like, may exhibit defect clustering in or
on the base materials from which they are produced.

Example embodiments of the invention provide improved
efficiency of reliability testing of components based on a
binning and statistical modeling system. Components are
binned or otherwise classified based on the number of
neighboring components found to have defects by wafer
probe or other form of initial testing. The number of
neighboring components included in the classification
scheme is not critical. As few as one neighboring component
may be considered, but preferably all of the immediately
neighboring components (typically numbering about 8) are
considered. Neighboring components beyond the subject
component’s immediate neighbors optionally also can be
considered, but in many instances their consideration will
not add significantly to the accuracy of the model. The
classification or segregation of components based on the
number of defects includes classification or segregation
based on the presence or absence of defects (i.e., zero
defects or greater than zero defects), as well as classification
or segregation based on the actual count of defects (i.e., one
defect, two defects, three defects, etc.).

The reliability models employ statistical methods to cap-
ture the effect of defect distribution on the wafer (i.e.,
statistically modeling a measure of the extent of defect
clustering). While negative binomial statistics are most
widely used in practice and are suitable for use in the
example models disclosed herein, any statistical method that
can reasonably model the clustering of defects on wafers
may be employed. For example, the center-satellite model
can also be used. Because the invented methods relate wafer
probe yield to early life reliability, most of the parameters
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4

needed by the reliability models can be readily obtained
from data available following wafer probe testing. Only an
estimate for the ratio of killer to latent defects, or equivalent
information, is needed for complete early life reliability
prediction for each bin. By sample testing components from
fewer than all of the bins or classifications, the ratio of killer
defects to latent defects is determined. For example, a
sample of components from only one bin or classification
need be tested. Preferably, a sample of components from the
bin or classification having the maximum number of neigh-
bors with killer defects will be tested (i.e., the “worst” bin
or classification having the lowest expected reliability), as
this classification will typically contain the greatest percent-
age of latent defects (due to defect clustering), and will
provide a statistically useful measure of the degree of defect
clustering with the smallest sample size. Based on this
sample testing, the reliability of components in all of the
bins can be estimated based on statistical modeling.

These reliability estimates can then be used to optimize
subsequent testing, e.g. burn-in, in a number of different
ways. For example, those bins determined to have a reli-
ability rate equal to or higher than a desired or specified
reliability rate need not be individually stress tested, or
tested using a lower cost test such as a elevated voltage
stress test instead of full burn-in. Further, if burn-in screen-
ing can ensure failure rates in the stress tested bins to be well
below the specified reliability rates, then one or more bins
with reliability rates somewhat below the specification can
also avoid expensive burn-in as long as all the bins taken as
a whole meet the overall reliability specification. Burn-in
duration for the different bins can also be varied to achieve
the desired reliability at minimum cost. For example, com-
ponents from bins with higher estimated reliability may be
stress tested for a shorter duration than components from
bins with lower estimated reliability. Thus, the present
invention obviates the need for burn-in testing of a sample
of components from each bin to determine the burn-in
fallout from each bin.

In other embodiments of the invention, the reliability of a
chip comprising redundant circuits that can be used to repair
faulty circuitry (including, without limitation, memory chips
and non-memory chips such as processor chips incorporat-
ing embedded memory) is statistically estimated, and the
circuits classified for subsequent test and quality optimiza-
tion, based on the number of repairs made to the subject chip
itself. The need for repair, such as switching in one or more
redundant rows and/or columns of memory cells in redun-
dant memory chips, typically results from an initial test
indicating the presence of a defect on the chip. Because
latent defects are found to cluster with defects observed by
initial testing, a chip requiring memory repairs is more likely
to also have latent defects that were not observed by initial
testing than a chip that did not require memory repairs.
Likewise, the greater the number of memory repairs required
on a chip (thereby indicating a greater number of defects
observed by initial testing), the greater the likelihood of that
chip also having latent defects. In other words, the more
memory repairs a chip required, the less reliable that chip is.

By sample testing to determine the ratio of latent to killer
defects, the reliability of chips comprising redundant
memory circuits is statistically modeled based on the inci-
dence of repairs. By binning or otherwise classifying com-
ponents based on the number of repairs required, such as for
example the number of redundant memory cells or arrays
switched in, the reliability of components in each classifi-
cation is statistically determined. The classification or seg-
regation of components based on the number of repairs
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required includes classification or segregation based on the
presence or absence of repairable defects (i.e., zero or
greater than zero repairs required), as well as classification
or segregation based on the actual count of repairable
defects. Preferably, the statistical determination of reliability
is carried out by testing a sample of components from fewer
than all bins or classifications, most preferably from the bin
or classification of components requiring the greatest num-
ber of memory repairs (as this classification will provide a
statistically useful sample with the smallest sample size).

Stress testing of individual bins or classifications can then
be optimized in various ways. For example, bins determined
to have a reliability rate equal to or higher than a desired or
specified reliability rate need not be individually tested.
Optionally, the number of repairs conducted on neighboring
components on a semiconductor wafer also are factored into
the reliability model. In further embodiments of the present
invention, reliability modeling is based on both the number
of neighboring die found to have killer defects and the
number of redundant memory repairs performed on the
subject die itself.

Example embodiments of the present invention advanta-
geously enable optimization of the duration of burn-in
testing of components. For example, a shorter burn-in time
can be used when testing a sample of components from the
bin or classification that is statistically the most likely to
have latent defects (i.e., the bin of components having the
most neighbors with killer defects or the bin of components
that required the greatest number of redundant memory
repairs) than would be needed for testing components from
the other bins or classifications, as a statistically significant
number of failures due to latent defects will generally take
less time to precipitate from such a sample.

The system and method of the present invention are also
well suited to reliability screening of die for use in multi-
chip modules (MCMs) or other composite electronic devices
assembled from components that cannot be stress tested.
Because burn-in testing of bare die for MCMs is difficult and
expensive, MCMs are typically burned in after assembly of
the dies into an MCM. A single failing die generally results
in scrapping of the entire high-cost MCM. Using only die
from the bin or classification that is statistically the least
likely to have latent defects (i.e., the bin of components
having the least neighbors with killer defects or the bin of
components that required the fewest number of redundant
memory repairs) can significantly reduce scrap loss.

In one aspect, the invention is a method of determining
the reliability of a component. The method preferably
includes classifying the component based on an initial
determination of a number of fatal defects. The method
preferably further includes estimating a probability of latent
defects present in the component based on that classifica-
tion, by integrating yield information based on the initial
determination of a number of fatal defects with sample
stress-testing data using a statistical defect-clustering model.

In another aspect, the invention is a method of determin-
ing the reliability of a repairable component. The method
preferably includes performing an initial test on the com-
ponent to identify repairable defects in the component. The
method preferably further includes classifying the compo-
nent based on the number of repairable defects identified by
the initial test.

In yet another aspect, the invention is a method of
determining the reliability of a component. The method
preferably includes classifying the component based on an
initial determination of a number of neighboring compo-
nents having fatal defects. The method preferably also
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includes testing a sample of components from fewer than all
of a plurality of classifications to estimate a probability of
latent defects present in the component.

In, yet another aspect, the invention is a method for
predicting the reliability of a component. The method pref-
erably includes classifying a component into one of a
plurality of classifications based on an initial test. The
method preferably also includes optimizing further testing of
the component based on the classification thereof.

These and other aspects, features and advantages of the
invention will be understood with reference to the drawing
figures and detailed description herein, and will be realized
by means of the various elements and combinations particu-
larly pointed out in the appended claims. It is to be under-
stood that both the foregoing general description and the
following brief description of the drawings and detailed
description of the invention are exemplary and explanatory
of preferred embodiments of the invention, and are not
restrictive of the invention, as claimed.

BRIEF DESCRIPTION OF THE DRAWING
FIGURES

FIG. 1 shows a wafer comprising a plurality of die for
reliability testing according to an example embodiment of
the present invention.

FIG. 2 shows bins of die grouped according to an example
embodiment of the present invention.

FIG. 3 shows a typical nine die neighborhood of a
semiconductor wafer, suitable for reliability modeling
according to an example embodiment of the present inven-
tion.

FIG. 4 shows a table of reliability failure probability for
various wafer probe yields and values of clustering param-
eter, determined according to an example embodiment of the
present invention.

FIG. 5 shows the reliability failure probability for each of
eight bins and for varying clustering parameter, determined
according to an example embodiment of the present inven-
tion.

FIG. 6 shows the fraction of die in each of eight bins for
varying clustering parameter values, according to an
example embodiment of the present invention.

FIG. 7 shows the reliability failure probability in bin 0,
fraction of die in bin 0, and the improvement ratio as a
function of wafer probe yield, determined according to an
example embodiment of the present invention.

FIG. 8 shows a schematic of a typical component with
redundant repairable memory cells.

FIG. 9 shows the burn-in failure probability for memory
components requiring 0, 1, 2 and 3 repairs, for various
clustering parameter values, determined according to one
example embodiment of the present invention.

FIG. 10 shows the burn-in failure probability for memory
components requiring 0, 1, 2 and 3 repairs, for various
clustering parameter values, determined according to
another example embodiment of the present invention.

FIG. 11 shows the burn-in failure probability for memory
components requiring 0, 1, 2 and 3 repairs, for various
clustering parameter values, determined according to
another example embodiment of the present invention.

FIG. 12 shows the burn-in failure probability for memory
components requiring 0, 1, 2 and 3 repairs, for various
clustering parameter values, determined according to
another example embodiment of the present invention.

FIG. 13 shows the relative failure probability for memory
components requiring two repairs, for various clustering
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parameter values and perfect wafer probe yields, determined
according to an example embodiment of the present inven-
tion.

FIG. 14 shows the burn-in failure probability for die with
zero repairs compared to die with zero repairs and zero
faulty neighbors, determined according to an example
embodiment of the present invention.

FIG. 15 shows the burn-in failure probability for die with
at least one repair compared to die with zero repairs and zero
faulty neighbors, determined according to an example
embodiment of the present invention.

DETAILED DESCRIPTION

The present invention may be understood more readily by
reference to the following detailed description of the inven-
tion taken in connection with the accompanying drawing
figures, which form a part of this disclosure. It is to be
understood that this invention is not limited to the specific
devices, methods, conditions or parameters described and/or
shown herein, and that the terminology used herein is for the
purpose of describing particular embodiments by way of
example only and is not intended to be limiting of the
claimed invention. Also, as used in the specification includ-
ing the appended claims, the singular forms “a,” “an,” and
“the” include the plural, and reference to a particular
numerical value includes at least that particular value, unless
the context clearly dictates otherwise. Ranges may be
expressed herein as from “about” or “approximately” one
particular value and/or to “about” or “approximately”
another particular value. When such a range is expressed,
another embodiment includes from the one particular value
and/or to the other particular value. Similarly, when values
are expressed as approximations, by use of the antecedent
“about,” it will be understood that the particular value forms
another embodiment.

In example embodiments, one aspect of the present inven-
tion utilizes an integrated yield-reliability model to estimate
burn-in failure and local region yield. Another aspect of the
present invention uses an integrated yield-reliability model
to estimate the rate of burn-in failure for repairable memory
chips. These models can be utilized separately or in tandem,
and are described in greater detail below, with reference to
the drawing figures.

Burn-in testing is used widely in the semiconductor
industry to ensure the quality and reliability of integrated
circuits. The objective is to precipitate early life failures
through stress testing before the parts are shipped, and
thereby maximize reliability in the field. Unfortunately,
burning-in bare die is difficult and expensive. To further
complicate matters, the burning in of die can actually reduce
die reliability in some cases, as by damaging defect-free
delicate circuitry by overstressing during burn-in. Also, the
contact pins that make electrical connections to bare die
during burn-in can scratch or dent the die’s bonding pads. In
MCM applications, some of these problems can be avoided
by burning-in the complete MCM package after assembly,
rather than as individual die. This can, however, signifi-
cantly increase the cost of losses from scrapped parts, where
failing die often cannot be replaced to repair an MCM. Thus,
a typical 1-2% burn-in fall-out rate for individual ICs (and
bare die) can result in an almost 10% burn-in fall-out rate for
a packaged 5-die MCM. Manufacturers are, therefore,
highly motivated to select only the most reliable die for use
in MCM assembly.

The majority of reliability failures of electronic compo-
nents are early life or infant mortality failures. These failures
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can generally be attributed to flaws acquired during product
manufacturing, and consequently, are the same types of
defects that cause failures detectable at wafer probe testing.
One embodiment of the present invention uses yield models
based on the number of circuit failures occuring at wafer
probe to estimate reliability failures detected during stress
testing or burn-in. Since defects are known to cluster, die
from low yield regions of a wafer are found to be more
susceptible to both catastrophic failures or “killer defects”
(detectable at wafer probe testing) and burn-in failures (due
to “latent defects™). Low yield regions of a wafer are known
to result in test escape numbers (i.e. defect levels) up to an
order of magnitude greater than high yield regions of a
wafer. Analysis of burn-in results suggests a similar rela-
tionship between local region yield and early-life reliability
failures. One aspect of the present invention exploits this
fact to obtain high quality (i.e. low burn-in fallout) die from
high yielding regions of wafers. In one application of the
invention, such high quality die can be used in Multi-Chip
Module (MCM) applications without the need for expensive
bare die burn-in tests.

The present invention uses an analytical model to predict
the number of burn-in failures one can expect following
wafer probe testing. The model is used to quantify the
benefits of binning die based on local region yield. Local
yield information is incorporated into testing and can be
done easily, for example, by considering a central die and its
8 adjacent neighbors. The number of neighboring die con-
sidered, is generally not critical, and more or fewer than 8
neighboring die can be considered. Extending the neighbor-
hood beyond the 8 adjacent die however, typically impacts
the results only marginally. Thus, in one example embodi-
ment, test results over a 9 die neighborhood are taken to
define the neighborhood or local region yield. This is shown
in FIG. 3. By sorting die that test good at wafer probe into
1 of 9 bins depending on how many of their neighbors test
faulty, one essentially separates die according to local region
yield. Die in bin 0 have 0 faulty neighbors, die in bin 1 have
1 faulty neighbor, and so on until bin 8, where all neighbors
were faulty. As in the case of defect levels, one expects die
in the lower bins (i.e. from high yield regions) to exhibit
significantly fewer burn-in failures than those in the higher
numbered bins (i.e. from low yield regions).

Yield models for integrated circuits under the present
invention preferably incorporate a determination of the
average number of defects per chip, generally denoted by A.
Traditionally, such models have focused on those defects
that cause failures detectable at wafer probe testing, while
neglecting those defects that cause early life or reliability
failures. The present invention recognizes that defects are
generally of three possible types: killer defects, latent
defects, and defects that cause no failures at all. The latter of
the three is of no consequence with regard to actual circuit
failures, and may therefore be neglected. Thus, one can write

M=hgthy ey
where A is the average number of killer defects and A, is the
average number of latent defects. Killer defects are of
sufficient size and placed in such a way as to cause an
immediate circuit failure. These can be detected at wafer
probe testing. Latent defects, however, are either too small
and/or inappropriately placed to cause an immediate failure.
These defects, however, can cause early life failures in the
field. Defects that cause failures detectable at wafer probe
are, in general, fundamentally the same in nature as those
which cause reliability failures; size and placement typically
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being the primary distinguishing features. Thus, it can be
assumed that A; is linearly related to A. Such an assumption
has been shown to agree well with experimental data over a
wide range of yield values. Under this assumption one may
write

M =Yhg 2)
where v is a constant.

The usefulness of equation (2) may be illustrated with a
simple example. The simplest model for yield assumes that
defects are distributed according to Poisson statistics.
According to this model, the yield following wafer probe
testing is

3

If the number of latent defects also follows a Poisson
distribution then one may write

Yg=exp(-hg)

Yr=exp(-Az) (©)]
Substituting (2) into (4) and using (3) relates the yields
through the constant y. That is,

Y =exp(-hy)=exp(-Yhx)=Yx" )]

Notice that taking the logarithm of both sides of equation
(5) gives a linear equation with slope y. Previous research
has used such an approach on yield data from microproces-
sors fabricated in a 0.25 um process to obtain a numerical
value of y. Plotting this data on a log-log scale they deter-
mined v to fall within the range 0.01-0.02. That is, for every
100 killer defects, one expects, on average, 1-2 defects to
result in latent faults. While the actual value of y is expected
to be process dependent, these values provide a useful order
of magnitude estimate.

Modeling Y, with the Poisson yield equation has been
found to be an over simplification. Indeed, such a model
generally underestimates the value of Y. This results from
the fact that defects are not randomly distributed as implied
by a Poisson model, but are known to cluster. Qualitatively
speaking, this simply means that defects are more likely to
be found in groups than by themselves. If such is the case,
then the probability that an individual die contains multiple
defects increases slightly. Consequently, although the total
number of defects may remain the same, the defects are
contained within fewer die. The end result is an increased
overall yield. Accordingly, preferred forms of the present
invention favor negative binomial statistics over the Poisson
yield model.

Imagine that an experiment consists of placing a single
defect on an integrated circuit. The outcome of this experi-
ment is therefore either a killer or latent defect. If these
defects occur with probabilities px and p;, respectively, then
a series of N such experiments will follow a binomial
distribution. Thus, if K(m) denotes the event of exactly m
killer defects and L(n) the event of exactly n latent defects,
then, given a total of N defects, the probability of m killer
and n latent defects is given by

N ©
PIK(m)L(n) | N] = (m ]P?PZ

where N=m+n and p +p,;=1. Note that (6) implies that the
average number of latent defects is A,=Np;. Similarly,
Ag=Np. Thus, A, =pL/pKh.. But from equation (2) we have
that A;=yA.. It follows that y=pL./pK. Combining this with
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the equation pg+p;=1 relates the probabilities for latent and
killer defects to the parameter y. That is,

M

Thus, for y=0.01, p,;=~0.0099 and p,~0.9901.

Equation (6) specifies the probability of m killer and n
latent defects given N defects. If the value of N is not known,
one must specify its probability as well. To do this, and to
account for the clustering of defects, one assumes that the
defects are distributed according to negative binomial sta-
tistics. That is, if II(N) is the probability that there are
exactly N defects over a specified area (e.g. the area of a
chip), then

roem [5)
(e
) = N (@) w/\ N

( +;)

where I'(x) is the Gamma function, A is the average number
of defects (both killer and latent) over some specified area,
and o is the clustering parameter. The value of a typically
ranges from 0.5 to 5 for different fabrication processes; the
smaller values indicate increased clustering. As a—co the
negative binomial distribution becomes a Poisson Distribu-
tion, which is characterized by no clustering.

It is of particular interest to consider equation (8) when
N=0. This gives the probability that a chip contains zero
killer and zero latent defects. That is,

—

A )
y=n(0)=(1+3)

This is the yield following wafer probe and burn-in testing.

Although equation (9) gives the overall yield, it is advan-
tageous to break it down further into the yield following
wafer probe testing and the yield following burn-in. Toward
this end, consider the probability of exactly m killer and n
latent defects. This can be written as

N (10)
PIK(m)L(m)] = ( M ]P?PZH(N)

where N=m+n is the total number of defects over the given
area. To obtain the probability of exactly m killer defects
regardless of the number of latent defects, one can sum
P[K(m)L(n)] over n. That is,

Q (an
PIK(m)] = ) PIK(m)Ln)]

n=0

Substituting equation (10) into (11) and using the identity
T(R+nyn!T(P)=(-1Y"(,”®) allows one to write the summa-
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tion as a power series of the form A X, _,™(, ®)(-x)"=A(1-
x)~P. The probability of exactly m killer defects can then be
written as

Ag ™ (12)
L@ +m) (?)
m![ (@) (1+/\_K)’“m

@

PIK(m)] =

where A =p . Thus, the number of killer defects follows a
negative binomial distribution with parameters (A, o). This
shows that the integrated yield-reliability model does not
change the standard yield formula for predicting wafer probe
failures. In particular, according to equation (23), the yield
following wafer probe testing is given by

Y = PIKO)] = (1 + A—")ia 13
[e’2

Defining the reliability yield Y, as the number of die which
are functional following burn-in divided by the number of
die which passed wafer probe, one can write Y,=P[L(0)K
(0)]. In words, Y, is the probability of zero latent defects
given that there are zero killer defects. From Bayes’ Rule
P[K(0)L(0)]=P[L(0)K(0)]P[K(0)] it follows that Y=Y,Y;.
Hence,

(14)

=
i
|
I

Y (1 L0

=)

where A;(0)=h/(1+)h /o) is the average number of latent
defects given that there are zero killer defects. Using A, =yh
and solving equation (24) for A allows one to write A,(0)
=y (1-Y ). Thus, equation (14) may be rewritten as

Y 14y(1-Ye ) s)
Notice that Y, and o are obtained from the results of wafer
probe testing, and thus vy is the only unknown parameter in
equation (15). y may be obtained either from the statistical
analysis of burn-in data or from direct calculation. A direct
calculation of v is carried out by considering the details of
the circuit layout. This method relies on the calculation of a
reliability critical area [?].

FIG. 4 tabulates the reliability failure probability (1-Y;)
in percent for various values of Y, a, and y=0.01. Notice
that clustering can have a significant impact on the prob-
ability of failure, particularly for the lower values of Y. For
example, when Y is 30 percent the probability of failure is
1.20/0.452=2.65 times greater for a=c (no clustering) than
for 0=0.5 (highly clustered). This ratio decreases as one
increases Y, falling to 1.11 at Y =90 percent.

An important limiting case of equation (14) occurs for
a—00. In this limit Y, —exp(-A,(0)) and A;(0)—h, =yAg.
Thus,

Y =exp(—hy)=exp(-Yhx)=Yx" (16)

This is identical to equation (5) described at the end of
previous section.

Suppose that all the die from a particular fabrication
process that test good at wafer probe are sorted into bins

20

25

30

35

40

45

50

55

60

65

12

depending on how many of their neighbors test faulty. For
the nine die neighborhood shown in FIG. 3 there will be nine
such bins labeled from zero to eight. Die in the i bin (i=0,
1, ..., 8) have tested good at wafer probe and come from
the i neighborhood, that is, the neighborhood where i die
are known to be faulty. These i die have failed wafer probe
testing. Since defects are known to cluster, one expects
neighborhoods that contain many faulty die to be described
by relatively large values of A=A +A;. Further, since A; is
proportional to A, die originating from neighborhoods
where A, is relatively large will have a A, value that is also
large. These die will, on average, experience a larger number
of infant mortality failures when compared to die from
regions of lower .

Now, let A, denote the average number of defects in the i”*
neighborhood. Then, based on the above discussion, one
expects A, >A, for i>j. Further, since die in the i” bin all come
from the i neighborhood, any latent defects present in this
bin should be randomly distributed among the die. Thus,
with

h=hgithy; an

it follows that

Y =exp(=Ay,) 13
foralli=0, 1, ..., 8. Equation (18) gives the reliability yield
for die in the i bin.

Note that while it is tempting to write Y, ,=exp(-A,,)=exp
(=Yhz)=Yg,", this is not correct. This is most easily seen by
considering die in bin 0, where A ,=0, but A y=0. Thus,
although die from bin 0 come from regions with no killer
defects, they may still contain latent defects.

Probability theory is used to calculate the value of A, for
each i=0, 1, . . ., 8. These values are then used in equation
(18) to estimate the reliability yield in the i” bin. As a
starting point, it is assumed that defects are distributed over
the 9-die neighborhood according to negative binomial
statistics. Thus, the probability of exactly N defects is given
by equation (8) with A replaced by A, the average number
of defects over the 9-die neighborhood. To incorporate
neighborhood information let D(i) be the event that exactly
i die in the 9-die neighborhood are faulty. Then P[K(m)L
(n)ID(1)] is the probability that there are m killer and n latent
defects per neighborhood, given that there are i faulty die in
a 9-die neighborhood. It follows that the average number of
latent defects per chip within the i neighborhood, A,,, is
given by

o 19
A =(é] > nPIKm)Lm| D())] "

mn=0

Note that the factor (1) is included to ensure that A, is the
average number of latent defects per chip, not per neigh-
borhood. Using Bayes’ Law,P[K(m)L(n)ID@G)|P[D(1)]=P[D
OIK(m)L(n)|P[K(m)L(n)], one may write

- (20)
> nPID® | K L) PK L]
mn=0

A= P

where
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-continued
) @)
PID()] = Z PID(D | K(m)Lim)]P[K (m)L(n)]

mn=0

is used to calculate the denominator. The value of P[D({1)IK
(m)L(n)] can be written as a recursion. That is,

PLD@) | Km)Lin)] = 22

P | Kom)Lin = 1]p, + PLDG) | Kim = DLnpk 5 +

10—i]
9

with the restrictions P[D(0)K(0)L(n)]=P[D(1)K(1)L(n)]=1,
PID(0)K(m)L(n)]=0 for m>0 and P[D@G)IK(m)L(n)]=0 for
i>m. These restrictions hold for all values of n. The recursion
may be derived by imagining all defects but one have been
distributed. One then asks how the last defect may occur and
enumerates the possibilities. Substitution of (22) into (20)
completes the calculation of A;,. These values can be sub-
stituted into (18) to obtain the expected reliability yield for
each bin.

FIG. 5 shows the reliability failure probability (1-Y,) for
die in each bin for various values of the clustering parameter
a, Y =0.50, and y=0.015. Recall that a lower value of
indicates increased clustering, while a=co implies no clus-
tering. Further, for y=0.015, one expects, on average, 1.5
latent defects for every 100 killer defects.

As expected, FIG. 5 shows that the probability of failure
increases as one moves from the lower numbered bins to the
higher numbered bins. An exception to this is the case of
a=oco, which corresponds to no clustering. In this case, the
probability of failure is constant for each bin number. Thus,
binning provides no advantage when defects follow a Pois-
son distribution.

PIDGi - 1)| Km — 1>L<n>]pk(

Consider now the particular case of a=0.5. Notice that the
probability of failure in the best bin (i.e. bin number 0) is
significantly lower than the other bins. In particular, die from
bin 8 have a failure probability of 3.16 percent compared to
0.08 percent in bin 0. This means that a die selected from bin
8 is ~39 times more likely to fail burn-in than a die selected
from bin 0. Further, compared to the average probability of
failure of 0.558 percent achieved without binning (see
equation (15)), bin 0 represents a factor of ~7 improvement.
Note, however, that these benefits decrease as the clustering
parameter increases. Thus, for a=2 and a=4 the best bin
shows a factor of 3.33 and 2.26 improvement over the no
binning case, respectively.

Although FIG. 5 indicates the potential of binning for
improved reliability, it is important to realize that the use-
fulness of this technique depends significantly on the frac-
tion of die in each bin. This is illustrated in FIG. 6 where the
fraction of die in each bin is shown for a=0.5, 2.0, 4.0 and
oo, With 0=0.5, most of the defects will be clustered together
and there will be many neighborhoods with few, if any,
defects. The result is a large number of die in the lower
numbered bins. In particular, bin 0 contains ~40 percent of
the die. When clustering decreases (o increases), however,
the defects get distributed more evenly among the neigh-
borhoods. For the more realistic value of a=2.0, this results
in fewer die in the best bin with the maximum number of die
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in bin 2. For a=4 this effect is accentuated and the higher
numbered bins become more heavily populated. Thus, as
clustering decreases, fewer die are present in the lower
numbered bins. Note that the bin variation for o= is quite
irrelevant since the probability of failure is the same in each
bin when no clustering is present. Indeed, the bin variation
for o= is based solely on the wafer probe yield Y. This
illustrates the important point that FIGS. 5 and 6 must be
examined together to accurately evaluate the effectiveness of
binning.

Finally, it is important to consider how the above results
depend on the wafer probe yield Y. For a fixed value of o
and v, low yields imply that, on average, a greater number
of defects (both killer and latent) get distributed over each
neighborhood. Thus, as the yield decreases, one expects a
higher failure probability in each bin and a lower fraction of
die in the lower numbered bins. These effects are illustrated
in FIG. 7 for y=0.015, 0=2.0, and Y- ranging from 0.10 to
0.90. Note that the bottom curve shows the probability of
failure in the best bin divided by the average probability of
failure obtained without binning. This ratio indicates the
reliability improvement one sees in the best bin as compared
to the lot taken as a whole. Note that while this ratio is
maximum for low yields, the fraction of die present in the
best bin under these circumstances is generally quite small.

Accordingly, it can be seen that the analytical model of
the present invention accurately estimates the number of
early-life reliability (burn-in) failures one can expect when
employing the technique of binning. Predictions based on
this model indicate that the fraction of die failing burn-in
testing increases as one moves up in bin number. However,
the number of die in each bin is shown to be dependent on
the degree of clustering over a neighborhood; the greater the
clustering, the greater the number of die in the lower
numbered bins. Consequently, the advantage of binning, as
well as the number of die available from the best bin,
increases with increased clustering.

Another aspect of the invention utilizes an integrated
yield reliability model to estimate the burn-in failure rate for
chips containing redundant circuits that can be repaired to
overcome manufacturing defects. These include, without
limitation, repairable memory chips and other chips such as
processors incorporating embedded repairable memories.

Memory die are used in a large number of MCMs,
particularly in video and image processing applications.
Modeling and understanding burn-in fall-out for such cir-
cuits is therefore of significant interest to the industry.
Memory circuits require special considerations because they
are generally repairable. Indeed, for over two decades now
(since 64K D-RAMs), memory chip manufacturers have
employed on-chip redundancy to replace faulty cells and
repair defective memory circuits. While this can result in a
significant increase in yield, it has been found that repaired
memory chips are less reliable than chips without repairs.
This is generally not due to any inherent weakness in the
repair process, but results from the fact that defects tend to
cluster on semiconductor wafers; a defect in a die increases
the chance of a second defect nearby. While many of these
defects can be repaired, some may be too “small” to be
detected at initial testing, and can cause reliability (burn-in)
failures.

Accordingly, it has been found that the integrated yield-
reliability model described above can be extended to esti-
mate the burn-in fall-out of repaired and unrepaired memory
die, and therefore quantify the effect of repairs on the
reliability of memory die. The model is based on the
clustering of defects and the experimentally verified relation
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between catastrophic defects (detectable at wafer probe
testing) and latent defects (causing burn-in or reliability
failures). For example, the model can be used to calculate
the probability that a die with a given number of repairs
results in a burn-in failure. It will be shown that a die that
has been repaired can present a far greater reliability risk
than a die with no repairs. In applications with varying
reliability requirements, this information can ensure proper
selection of memory die. Applications requiring the highest
reliability should, therefore preferably use memory die with
no repairs.

The yield-reliability model described above can be
applied to determine the reliability of a memory chip that has
been repaired exactly m times. The clustering of defects
suggests that a chip that has been repaired is more likely to
contain latent defects than a chip with no repairs, and
therefore, that repaired chips presents a greater reliability
risk. The degree to which this statement is true can be
quantified as follows.

A typical memory chip consists of a memory array(s)
along with some control circuitry, (e.g. decoders, read/write
enable lines), as shown in FIG. 8. Defect tolerance for such
chips is generally limited to a fraction of the total chip area,
leaving certain areas of the chip vulnerable to killer defects.
For example, extra bit and word lines may be added to the
memory array with no redundancy in the remaining sections
of the circuit. This limits repairability to the memory array.
Under such a scheme, killer defects affecting other areas of
the chip typically can not be repaired and result in yield loss.
While it is assumed here that a memory chip consists of
repairable and non-repairable sections, the following analy-
sis is quite general, and no reference is made to any
particular redundancy scheme.

It is often convenient to consider killer defects separately
from latent defects. Thus, to obtain the probability of exactly
m killer defects, P[K(m)], regardless of the number of latent
defects, one can sum P[K(m)L(n)] over n. The result is

oum (]
a+m
PIKm)] = — e —

" (1 )

where A =p . Thus, the number of killer defects follows a
negative binomial distribution with parameters (A, o). For
m=0 equation (23) gives

Y = PIKO)] = (1 + A—")ia @4
[e’2

Y is often termed the perfect wafer probe yield to distin-
guish it from the yield achievable with repairable or redun-
dant circuits. It is simply the probability of zero killer
defects.

To incorporate repairability one must consider the prob-
ability that a killer defect can be repaired. If it is assumed
that a given defect is just as likely to land anywhere within
the chip area, then the probability that a killer defect lands
within the non-repairable area, A,y, is given by the ratio
Par=Anz/Ap Where A, is the total area of the chip. Simi-
larly, the probability that a given defect is repairable is given
by pr=Ax/A;, where Ay is the repairable area of the chip.
Note that pr+pz=1.
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Now, let G(i) be the event that a chip is functional and
contains i killer defects. As the chip is functional, the i killer
defects must have been repairable. Thus,

PIGH)]=p'xP[K()] 25)
The effective wafer probe yield with repair, Y, is there-
fore

Q 26)
Yer = Y, PIG()]

i=0

Akerr T
=[1+ﬂ]
e

where Ag,~(1-pr)hx=Pnrhz Thus, repairability has the
effect of reducing the average number of killer defects from
Mg 10 parig Note that extending the sum to infinity assumes
that there is no limit to the number of repairs that can be
made. This is justified by the fact that the probability of more
than ~5 repairs is negligibly small for any reasonable wafer
probe yield encountered in practice.

As a numerical example, suppose that 90 percent of the
chip area is repairable. This implies that p,,z=0.10. If A =1
and a=2, then Y. ,~0.91. With no repair capabilities,
paxr=1, and the yield is Y =0.44. Thus, repairability can
have a very significant impact on wafer probe yield.

After defining the perfect wafer probe yield as Y =P[K
(0)], one may be tempted to define the reliability yield as the
probability of zero latent defects, Y,=P[L(0)]. This defini-
tion, however, is not correct. Indeed, while P[L(0)] does give
the probability of zero latent defects, it says nothing about
the number of killer defects. Thus, a die containing zero
latent defects may still contain one or more killer defects.
Killer defect information must therefore be incorporated
when defining reliability yield. This can be done by calcu-
lating the probability of n latent defects given m killer
defects, denoted by P[L(n)[K(m)]. Using Bayes’ Rule P[K
(m)L(n)]=P[L(n)IK(m)] P[K(m)] along with equations (10)
and (23) one can write

@n

ALO)Y
[(a+m+n) @
n!la +m) (1 N AL(0) ]“*m*”

PL)| K(m)] =

a

where, A;(0)=h;/(1+A /) is the average number of latent
defects given that there are zero killer defects. Setting n=0
in equation (27) and defining Y, (m)=P[L(0)IG(m)]=P[L(0)
K(m)] gives

(28)

Y (m) = (1 + ALILO) ],(Mm)

This gives the reliability yield of a chip which has been
repaired exactly m times.

FIG. 9 shows the burn-in failure probability P{m)=1-Y,
(m) in percent as a function of the clustering parameter c.
Note that while a can certainly range from 0.5-5 in practice,
a typical value may be between 1.5-2.0. The figure shows
four curves corresponding to m=0, 1, 2 and 3 repairs. The
perfect wafer probe yield was assumed to be Y, =0.30,
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v=0.015, and p,z=0.10. Note also that this implies that the
effective wafer probe yield, Yy, » varies from 0.71 when
a=0.5 to 0.88 when a=5.

FIG. 9 shows that chips that have been repaired can have
a probability of failure that is significantly greater than chips
with no repairs. This is particularly apparent when there is
a high degree of clustering (low value of o). Indeed, for
a=0.5, the probability of failure is 0.68, 2.01, 3.33 and 4.63
percent for 0, 1, 2 and 3 repairs, respectively. This means
that a chip with 1 repair is 2.01/0.68=2.96 times more likely
to fail than a chip with no repairs. Furthermore, chips with
2 and 3 repairs are 4.90 and 6.81 times more likely to fail
than a chip with no repairs. Note, however, that as a
increases, the reliability improvement for chips with no
repairs decreases. Thus, for a=2, chips with 1 repair are 1.50
times more likely to fail, while chips with 2 and 3 repairs are
1.99 and 2.48 times more likely to fail than chips with no
repairs. This trend continues as o increases. In particular, as
a—0o© (no clustering), the probability of failure becomes
independent of the number of repairs. In such a case,
repaired memory chips are just as reliable as memory chips
with no repairs.

FIGS. 10 and 11 show the burn-in failure probability as a
function of a with 0, 1, 2 and 3 repairs for a perfect wafer
probe yield of Y=0.40 and Y =0.50, respectively. Com-
parison of FIGS. 9, 10, and 11 indicates that the failure
probability decreases as Y, increases. For example, suppose
that a=2 and a chip has been repaired twice. Then the failure
probability is 267 percent for Y =0.30, 2.18 percent for
Y =0.40, and 1.74 percent for Y =0.50. This decrease in
failure probability with increasing Y ;- follows from the fact
that, for a given clustering parameter a., the average number
ofkiller defects decreases as Y increases. Since the average
number of latent defects, A;, is proportional to A, A; also
decreases as Y goes up. The result is a decrease in the
number of burn-in failures.

Let us now consider more closely how the burn-in failure
probability depends on the number of repairs and the clus-
tering parameter. This dependence is shown in FIG. 12,
where the burn-in failure probability is plotted versus the
number of repairs for various values of a.

Notice that the curves are very linear with a slope that
increases with decreasing a. In particular, note that the slope
goes to zero when a=co. This corresponds to a Poisson
distribution and implies no clustering.

To understand the linearity of the curves in FIG. 12 one
needs to take a closer look at equation (28). In particular,
when A;(0)/a<<1 this equation can be written as

@9

1+

A (0 —(a+m)
m =1+ 222)

AL(0)
e

=1 —-(a+m)

The burn-in failure probability for a chip with m repairs,
P/{m), is therefore

Prim)=1-YL(m) (B0

A(0)
= (@ +
@

m)
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-continued

= wm +A,(0)
@

This is the equation of a line with slope A, (0)/a and vertical
intercept A, (0)=P(0).

As a measure of the burn-in failure probability for chips
with m repairs as compared to chips with no repairs, one
may define the relative failure probability R(m)=P(m)/P,
(0). Thus, from equation (30) it follows that

Prm) m
Wz;+l

31
Rpm) = (3D

Note that R{m) provides a simple way to validate the
proposed model. Indeed, according to equation (31), a plot
of R{m) versus m yields a straight line with slope 1/c. and
avertical intercept of 1. Further, since equation (31) depends
only on the clustering parameter o, one can estimate the
relative failure probability for repaired memory chips once
the clustering parameter o is known. This is generally
known following wafer probe testing.

The accuracy of the approximations given in equations
(29)-(31) are based on the assumption that A;(0)/a<<l,
where A, (0)=yA /(1+Az/ct). With A~0.5-3 and a~1-4 for
reasonable wafer probe yields, the accuracy of the approxi-
mation depends primarily on the value of y. For the recently
reported values of y~0.01-0.02, this approximation is very
good. For significantly larger values of y, the accuracy
decreases. FIG. 13 shows the exact value of R{m=2) as
compared to the approximation given in equation (31).
Notice that the approximation agrees well with the exact
value and is essentially independent of the perfect wafer
probe yield Y.

As shown above, memory chips with no repairs can be
significantly more reliable than chips with one or more
repairs. The physical basis for this is rooted in defect
clustering; latent defects are more likely to be found near
killer defects. This concept can be extended to include
neighboring die. That is, die whose neighbors have defects
are more likely to contain latent defects than die whose
neighbors are defect-free. Thus, to select die of the highest
reliability, one must choose those die with O repairs whose
neighbors are also free of killer defects, and therefore have
not been repaired.

A detailed analysis of the reliability of non-redundant
integrated circuits, separated based on nearest neighbor
yield, is presented above. Application of this method to
redundant circuits is carried out in a substantially similar
manner. It is useful to consider the reliability improvement
one might expect when selecting die with O repairs and 0
faulty neighbors. Intuitively, these die should be of very high
reliability.

FIG. 14 compares the probability of failure of a memory
die with O repairs to that of a memory die with O repairs and
0 faulty neighbors. The perfect wafer probe yield is Y =0.40
and y=0.015. Notice that the die with 0 repairs and 0 faulty
neighbors can have a failure probability that is significantly
less than that of die with only O repairs. For example, for
a=1.0 a die with O repairs has a failure probability of 0.892
percent, while a die with O repairs and O faulty neighbors has
a failure probability of 0.155. Thus, a die with O repairs and
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0 faulty neighbors is 0.892/0.155=5.75 times more reliable.
A similar comparison can be made between repaired die and
die with O repairs and 0 faulty neighbors. This is shown in
FIG. 15. For o=1 and the same Yz and y values given above,
die with O repairs and O faulty neighbors are 2.79/
0.155=18.0 times more reliable than die that have been
repaired.

While the above numbers are very impressive, one must
realize that the fraction of die with O repairs and 0 faulty
neighbors is highly dependent on the clustering parameter o
and the wafer probe yield Y. Thus, although these die
exhibit a very low failure probability, the number of die with
such high reliability may be quite small.

Thus, it can be seen that the analytical model presented
herein accurately estimates the early-life reliability of repair-
able memory chips. Since defects tend to cluster, a chip that
has been repaired has a higher probability of containing a
latent defect than a functional chip with no repairs. Repaired
chips therefore present a greater reliability risk than chips
with no repairs. The burn-in failure probability was shown
to depend primarily on the clustering parameter o; the
greater the clustering (lower o), the greater the failure
probability for repaired memory chips. Indeed, for the
typical value of a=2, memory chips with 1-2 repairs were
shown to produce 1.5-2.0 times as many burn-in failures as
memory chips with no repairs. This result was shown to be
largely independent of the perfect wafer probe yield Y. The
common use of memory die in MCM and other applications
makes reliability prediction for such die of great economic
importance to industry. Such estimates provide the industry
with a useful aid when deciding which die are appropriate
for particular applications. In applications demanding the
highest reliability, only those memory die with no repairs
should be selected for use.

While the invention has been described with reference to
preferred and example embodiments, it will be understood
by those skilled in the art that a variety of modifications,
additions and deletions are within the scope of the invention,
as defined by the following claims.

What is claimed is:

1. A method of the post-production reliability of a repair-
able integrated circuit die component, said method compris-
ing:

performing an initial post-production test on the compo-

nent to identify repairable defects in the component;
and

classifying the component into a classification of a plu-

rality of reliability probability classifications based on
the number of repairable defects identified by the initial
test; and

estimating the reliability of the component based on the

classification.

2. The method of claim 1, wherein the step of estimating
the reliability of the component comprises testing a sample
of components from fewer than all of a plurality of classi-
fications.

3. The method of claim 2, wherein the step of estimating
the reliability of the component comprises testing a sample
of components from one of a plurality of classifications.

4. The method of claim 3, wherein said one of a plurality
of classifications from which a sample is tested is a classi-
fication corresponding to a maximum number of repairable
defects identified by the initial test.
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5. The method of claim 1, wherein the step of estimating
the reliability of the component further comprises determin-
ing the number of repairs carried out on a neighboring
component.

6. The method of claim 1, wherein the step of estimating
the reliability of the component comprises determining a
ratio of repairable defects to latent defects in the component.

7. The method of claim 6, further comprising testing the
component if an estimated reliability of the component
exceeds a specified rate.

8. The method of claim 1, further comprising segregating
a plurality of components into a plurality of classifications.

9. The method of claim 8, further comprising statistically
predicting the reliability of components in each of said
plurality of classifications by testing a sample of compo-
nents from fewer than all of said plurality of classifications.

10. The method of claim 1, further comprising repairing
any repairable defects in the component that are identified
by the initial test.

11. The method of claim 1, wherein the component
comprises a redundant memory array and the step of clas-
sifying the component is based on the number of repairable
defects in the redundant memory array identified by the
initial test.

12. The method of claim 1, further comprising optimizing
subsequent testing of the component based on said classi-
fication of the component.

13. A method for predicting the post-production reliability
of an integrated circuit die component, said method com-
prising:

performing an initial post-production test to identify a

number of killer defects;
classifying a component into one of a plurality of reli-
ability probability classifications based on the number
of killer defects identified by the initial test; and

optimizing further testing of the component to identify the
presence of latent defects, based on the classification
thereof.

14. The method of claim 13, wherein the step of optimiz-
ing further testing comprises subjecting the component to
further testing of a duration dependent on the classification
thereof.

15. The method of claim 13, wherein the step of optimiz-
ing further testing comprises subjecting fewer than all of
said plurality of classifications to further testing.

16. The method of claim 13, further comprising predicting
the reliability of the component based on the initial test and
a statistical defect-clustering model.

17. The method of claim 1, wherein the step of performing
an initial test on the component comprising obtaining a
count of the number of repairable defect.

18. The method of claim 17, further comprising compar-
ing the count of repairable defects to a threshold number of
repairable defects.

19. The method of claim 13, wherein the step of perform-
ing an initial test comprises obtaining a count of the number
of killer defects.

20. The method claim 19, further comprising comparing
the count of killer defects to a threshold number of killer
defects.



