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(57) ABSTRACT

A system, method, and computer program product for testing
and classifying silicon wafers using a support vector
machine. The method includes the steps of receiving para-
metric data associated with one or more die on a wafer and
analyzing the parametric data via a support vector machine to
determine a classification for each die of the one or more die.
The parametric data includes at least one ring oscillator ratio.
The method further includes the step of determining a clas-
sification of the wafer based on the classification of the one or
more die.
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SYSTEM, METHOD, AND COMPUTER
PROGRAM PRODUCT FOR
CLASSIFICATION OF SILICON WAFERS
USING RADIAL SUPPORT VECTOR
MACHINES TO PROCESS RING
OSCILLATOR PARAMETRIC DATA

FIELD OF THE INVENTION

[0001] The present invention relates to quality control of
manufacturing processes, and more particularly to the classi-
fication of silicon wafers.

BACKGROUND

[0002] Manufacturing processes and tools have a large
impact on the quality of integrated circuits that are fabricated
on a silicon wafer. Due to the intensive nature of measuring
large amounts of parametric data necessary to classify
whether a given die (i.e., a particular integrated circuit from a
silicon wafer) is reliable, only a small sample of die are
selected and tested to determine whether the wafer should be
passed or discarded. As the production line matures, fewer
samples are tested and manufacturers may lose the ability to
reliably track production quality issues. Fabrication plants
have attempted to solve this issue by embedding dummy
measurement structures that have no functional purpose other
than to measure certain process changes in order to help
identify quality control issues. However, these structures
have specific limitations.

[0003] One common structure used to identify quality con-
trol issues relies on voltage controlled oscillators (VCOs).
These VCOs (i.e., ring oscillators) generate test signals that
measure a singular effect of one particular die on the silicon
wafer. Values that show a significant shift from the expected
output of the VCO may be readily caught by the testing
procedure and used to reject the die (or wafer) as faulty and
adjust various processes or tools to correct any issues with the
manufacturing process of further wafers. Because each value
is only directly related to a singular effect on one die, small
shifts from the expected output may not be significant enough
to indicate an issue with the manufacturing process at the
early stage in production. There is no known algorithm for
analyzing these effects to predict whether wafers will be
rejected during late stages of testing, once the integrated
circuits have already been integrated into products and
replacing singular components becomes expensive. Thus,
there is a need for addressing this issue and/or other issues
associated with the prior art.

SUMMARY

[0004] A system, method, and computer program product
for testing and classifying silicon wafers using a support
vector machine. The method includes the steps of receiving
parametric data associated with one or more die on a wafer
and analyzing the parametric data via a support vector
machine to determine a classification for each die of the one
or more die. The parametric data includes at least one ring
oscillator ratio. The method further includes the step of deter-
mining a classification of the wafer based on the classification
of the one or more die.

BRIEF DESCRIPTION OF THE DRAWINGS

[0005] FIG. 11illustrates a flowchart of a method for testing
and classifying silicon wafers, in accordance with one
embodiment;
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[0006] FIG. 2A illustrates a wafer produced by a fabrica-
tion plant, in accordance with one embodiment;

[0007] FIG. 2B illustrates a die of the wafer of FIG. 2A, in
accordance with one embodiment;

[0008] FIG. 3A illustrates a first ring oscillator, in accor-
dance with one embodiment;

[0009] FIG. 3B illustrates a second ring oscillator, in accor-
dance with one embodiment;

[0010] FIG. 3C illustrates a timing diagram for the output
signal of the ring oscillators of FIGS. 3A and 3B, in accor-
dance with one embodiment;

[0011] FIG. 4 illustrates a system for analyzing parametric
data collected from a wafer, in accordance with one embodi-
ment;

[0012] FIG. 5illustrates a flowchart of a method for testing
and classifying silicon wafers, in accordance with one
embodiment; and

[0013] FIG. 6 illustrates an exemplary system in which the
various architecture and/or functionality of the various pre-
vious embodiments may be implemented.

DETAILED DESCRIPTION

[0014] The system, method and computer program product
described below utilize a machine-learning model to deter-
mine a wafer classification based on a plurality of parameters.
Some combinations of parameters may be highly correlated
while other combinations of parameters have little effect on
each other. Given a detailed study of the integrated circuit
design, it may be possible to discover the dependent qualities
between some parameters, but it is highly unlikely that study-
ing the design will enable a chip designer to understand the
dependent relationships between all of the parameters, espe-
cially when the number of parameters associated with each
die becomes high (e.g., 50, 100, etc.) and when effects
between neighboring die are taken into account. The system
described herein enables the early classification of wafers as
pass/fail, which is typically not discovered until much later in
production. Early classification can account for significant
savings in test time for poor quality silicon wafers and pro-
vide early feedback to the fabrication plant on the quality of
the manufacturing process.

[0015] FIG. 1 illustrates a flowchart of a method 100 for
testing and classifying silicon wafers, in accordance with one
embodiment. At step 102, parametric data associated with
one or more die on a wafer is received by a support vector
machine. The support vector machine is a machine-learning
model that generates a prediction of a classification of die on
a wafer based on a set of training data for previously tested
wafers. The parametric data may include values associated
with a plurality of ring oscillators embedded into the inte-
grated circuit. At step 104, the support vector machine ana-
lyzes the parametric data via the support vector machine to
determine a classification for each die of the one or more die.
The one or more die may represent a sample of the total
number of die on the wafer. At step 106, a classification of the
wafer is determined based on the classification of the one or
more die.

[0016] It should be noted that, while various optional fea-
tures are set forth herein in connection with managing
dynamic task-dependency graphs, such features are for illus-
trative purposes only and should not be construed as limiting
in any manner. In one embodiment, the scheduling mecha-
nism described above is implemented in a parallel processing
unit.
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[0017] FIG. 2A illustrates a silicon wafer 200 produced by
a fabrication plant, in accordance with one embodiment. The
wafer 200 is made from a semiconductor substrate such as
silicon crystals. As is known in the art, raw silicon wafers are
available in a variety of sizes from approximately 25 mm to
over 300 mm in diameter. As the wafer 200 is processed, a
plurality of die 210 is formed thereon. Each die 210 is a
separate and distinct integrated circuit. In one embodiment,
the die 210 may comprise a graphics processing unit that is
configured to process graphics data and generate pixel data
for display on a display device such as a liquid crystal display.
It will be appreciated that the die 210 may be any type of
integrated circuit formed using conventional wafer process-
ing techniques.

[0018] As shown in FIG. 2A, the wafer 200 includes 75
individual die 210. The number of die 210 that are included on
a particular wafer 200 may vary depending on the size of the
wafer 200 and the dimensions of the integrated circuit that
form the die 210. It will be appreciated that the number of die
210 shown in FIG. 2A is for illustrative purposes and that any
number and configuration of die 210 is within the scope of the
present disclosure.

[0019] FIG.2Billustrates a die 210 of the wafer 200 of FIG.
2A, in accordance with one embodiment. Although not
shown explicitly, the die 210 includes an integrated circuit
such as a graphics processing unit. The integrated circuit may
include various interfaces such as pads for connecting the
circuit to leads of a package that may be connected to one or
more external components. The integrated circuit may also
include various sub-units such as streaming processors, a
memory interface, a crossbar, etc. Each die 210 may include
a number of test sites which allow a probe to make electrical
connections with the integrated circuit before the die has been
sliced from the wafer 200 and packaged. The probes may
contact the surface of the die 210 at the test sites with one or
more pins that are coupled electronically to various signals or
voltages, thereby enabling the die 210 to be tested prior to the
wafer 200 being sliced to determine whether the die 210 is
reliable or faulty.

[0020] Full functional testing of each die 210 is a time
intensive process. A set of vectors (i.e., signals) may be input
to various sub-units of the die 210 using the test sites. The
vectors cause the integrated circuit to produce a result, which
is compared against an expected result to determine whether
the die 210 is operating properly. Each die 210 may be tested
against thousands or millions of different vectors. A probe is
applied to one or more die 210 of the wafer 200 for testing,
and then the probe is move to one or more other die 210 on the
wafer 200 until each of the wafers have been tested. While full
functional testing of each die 210 is very effective at deter-
mining which die 210 are defective, it is extremely time
consuming. During normal production of integrated circuits,
full functional testing may cause a bottleneck in the produc-
tion line, thereby making full functional testing of every die
210 impossible or at least cost prohibitive. One solution to
reduce the length of time it takes to perform full functional
testing of every die 210 is to only test a sample of die 210 from
each wafer 200. For example, only 15 of the 75 die 210 may
be tested. The results of the 15 tests are then used to classify
the wafer as “pass” or “fail”. The good wafers are then sliced
and packaged as most of the resulting integrated circuits are
presumed to be reliable based on the samples taken. The bad
wafers are separated from the batch to either be discarded or
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to fully tested to determine which die 210 can be kept and
which die 210 should be discarded.

[0021] Another solution that has been attempted to reduce
testing time is to embed testing sub-units in each die 210 that
are configured to apply certain test vectors to different sub-
units of the integrated circuit. As shown in FIG. 2B, each die
210 may include a plurality of different testing sub-units 220
at different locations within the die 210. The testing sub-units
220 may be enabled, such that they generate a pre-configured
test signal. The test signal is then measured and a value is
stored in a register of the testing sub-units 220. The value may
be retrieved by the probe to generate parametric data associ-
ated with the quality of the integrated circuit. In one embodi-
ment, each testing sub-unit 220 includes at least two ring
oscillators. The ring oscillators are configured to generate an
oscillating square wave at a particular frequency based on the
number of elements in a delay line and the propagation delay
for each of the elements. The quality of the integrated circuit
at the location of the testing sub-unit 220 may cause the
frequency of the signal generated by the ring oscillators to be
slightly faster or slightly slower than the ideal ring-oscillator
based on the design. Measuring propagation delay of the
elements in the delay line by measuring the frequency of the
signal generated by the ring oscillators provides a tester with
information about the quality of the integrated circuit.
[0022] FIG. 3A illustrates a first ring oscillator 300, in
accordance with one embodiment. As shown in FIG. 3A, the
first ring oscillator 300 includes a delay line including N
inverters 310, where N is an odd number that causes the
output of the first ring oscillator 300 to produce a square
wave. The output of the last inverter 310(N-1) is coupled to
an output buffer 312. An enable input is coupled to an input
buffer 313 having an output coupled to one input of a NAND
gate 315. The other input of the NAND gate 315 is coupled to
the output of the second to last inverter 310(N-2) in the delay
line. In one embodiment, the first ring oscillator 300 includes
53 inverters 310 in the delay line (i.e., Nis equal to 53). It will
be appreciated that output of the second to last inverter 310
(N-2) is coupled to the NAND gate 315 rather than the last
inverter 310(N-1) because the NAND gate 315 inverts the
signal the odd number of times to route the output back to the
first inverter 310(0) in the delay line when the enable signal is
high.

[0023] It will be appreciated that the first ring oscillator 300
is just one example of a circuit for a ring oscillator. A myriad
of other circuit designs for ring oscillators are possible and
within the scope of the present disclosure. For example, the
NAND gate 315 may be left out of the design of a ring
oscillator that is not configured to operate based on an enable
signal. In such a design, the ring oscillator will produce an
oscillating signal when a supply voltage is provided to the
inverters. Other types and examples of ring oscillators are
well known in the art and may be used herein in lieu of the first
ring oscillator 300.

[0024] FIG. 3B illustrates a second ring oscillator 350, in
accordance with one embodiment. The second ring oscillator
350 is similar to the first ring oscillator 300 in that the second
ring oscillator 350 includes a delay line including M inverters
360, where M is an odd number. The second ring oscillator
350 has a fan out of four (FO4), which means that the gate
capacitance of each inverter in the delay line is four times the
gate capacitance of the previous inverter in the delay line. The
output of the last inverter 360(M-1) is coupled to an output
buffer 362. An enable input is coupled to an input buffer 363
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coupled to one input of a NAND gate 365. The other input of
the NAND gate 365 is coupled to the output of the second to
last inverter 360(M-2) in the delay line. The number M of
inverters 360 in the second ring oscillator 350 may be differ-
ent than the number N of inverters 310 in the first ring oscil-
lator 300. In one embodiment, the second ring oscillator 350
includes 23 inverters 360.

[0025]  As also shown in FIG. 3B, the output of the NAND
gate 365 is coupled to another inverter 372 and the input of the
second to last inverter 360(M-2) in the delay line is coupled
to another delay line including a plurality of inverters 370. In
one embodiment, the output of inverter 372 is connected to a
plurality of NAND gates (not shown) that are implemented in
order to add a capacitive load to the output of the last stage
(e.g., the NAND gate 365). Additional loads can be coupled to
the outputs of one or more inverters 360 in the delay line in
lieu of or in addition to the plurality of inverters 370. Addi-
tional load may change the slew rate characteristics of the ring
oscillator 350.

[0026] In one embodiment, each testing sub-unit 220
includes the first ring oscillator 300 and the second ring
oscillator 350. The different number of inverters in the delay
lines of the two ring oscillators (i.e., 300, 350) causes the
output signals to oscillate at different frequencies. Further-
more, variability in the fabrication process can cause shorter
orlonger delays at each of the elements (e.g., inverters) in the
delay lane, causing the frequency of the signals produced by
each of the ring oscillators to vary from the expected frequen-
cies. The signals can be sampled and analyzed to determine
variance in the frequency of oscillation from the expected
frequency of oscillation for each of the ring oscillators.
[0027] FIG. 3C illustrates a timing diagram 380 for the
output signal of the ring oscillators 310 and 350 of FIGS. 3A
and 3B, in accordance with one embodiment. As shown in
FIG. 3C, the output signal oscillates between a high voltage
(Vo) and a low voltage (V) that represent digital logic
high and digital logic low, respectively. The time t, represents
the transition of the signal from digital logic high to digital
logic low and is approximately equal to one delay time (i.e.,
the time it takes for a transition at the input of an inverter to
effect the output of the inverter). Similarly, the time t, repre-
sents the time for half a period of the signal or the time the
output signal takes to propagate through the delay line and
cause the output signal to transition. In the case of the first ring
oscillator 300 having 53 inverters in the delay line, the time t
is approximately equal to 52 times the time t_. In the case of
the second ring oscillator 350 having 23 inverters in the delay
line, the time',, is approximately equal to 22 times the time t,.
The relationship between the times t,, and t,,, with respect to
times t;, and t_,, respectively, are shown below in Equations
1 and 2.

1,,=52xt, (Bq. 1)

1,p=22xt 5

[0028] Returning now to FIGS. 2A and 2B, some testing
sub-units 220, when sampled, may return values that indicate
that the die 210 is faulty. For example, a ring oscillator may
have a short between two of the components that causes the
signal to not oscillate properly. These types of errors may be
caused by fabrication processes or tools that are not function-
ing properly and can indicate an error to the fabrication plant.
Other testing sub-units 220 may return values that are far
outside of the normally expected range, again indicating that
the die 210 may be faulty. When the testing sub-unit 220

(Eq. 2)
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returns these types of values, the die may be flagged as faulty.
Conventionally, when the testing sub-units 220 return values
within the expected ranges, the die 210 is considered reliable,
and if each of the sampled die 210 of the wafer 200 are
considered reliable (or at least a threshold number of the
sampled die), then the wafer 200 is classified as reliable and
the wafer 200 may be sliced and each of the die 210 of the
wafer 200 packaged. However, even many of the die 210 that
are included on reliable wafers may be faulty. Even though
each of the different testing sub-units 220 returns a value
within the expected range, the die 210 may still fail full
functional testing at a later stage in the production process.
Thus, the technique described herein attempts to use a
machine-learning process using an SVM (support vector
machine) to analyze parametric data collected from a set of
wafers with known properties to estimate a classification of
new wafers that is more accurate than conventional method-
ology.

Support Vector Machine

[0029] Support vector machines are computer-learning
models that receive input data and predict a classification of
the input data based on a model generated using a set of
training data. Given a set of training data (i.e., feature vectors
for a large number of sample die) having corresponding clas-
sifications (i.e., pass/fail'unknown), the support vector
machine training algorithm generates a model that assigns
new input data to one category or the other. In other words,
parametric data from a set of wafers may be analyzed by the
support vector machine training algorithm to generate a
model. In one embodiment, parametric data from approxi-
mately 10,000 die or more may be analyzed to find optimal
parameters for the model. The SVM training algorithm gen-
erates a set of parameters for a prediction function that defines
a higher-dimension hyperplane that separates the set of fea-
ture vectors associated with die that passed a system test and
the set of feature vectors associated with die that failed the
system test. A subset of feature vectors that lie on a margin on
each side of the hyperplane comprise the set of support vec-
tors for the support vector machine.

[0030] In one embodiment, the set of training data may
exclude any die that include feature vectors having paramet-
ric data that clearly indicates that a die should fail the system
test such as parametric data that indicates a complete failure
(e.g., null values) or an outlying result (e.g., a value greater
than a particular number of standard deviations outside the
expected range). For example only die associated with feature
vectors having all values within four standard deviations of
the expected range based on the design may be analyzed by
the support vector machine training algorithm. In other
words, die 210 having testing sub-units 220 that return null
values or values far outside the expected range are excluded
from the set of training data.

[0031] FIG. 4 illustrates a system 400 for analyzing para-
metric data collected from a wafer 200, in accordance with
one embodiment. As shown in FIG. 4, the system 400
includes a wafer probe 410 and a processor 420 that is con-
figured to implement a support vector machine 450. The
wafer probe 410 is a specialized piece of fabrication equip-
ment that is configured to contact a probe to the surface of the
wafer 200, thereby coupling one or more die 210 on the wafer
200 with one or more electrical signals. The wafer probe 410
is configured to apply power to the one or more die 210 and
sample the testing sub-units 220 to collect parametric data
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415 associated with the one or more sample die 210 on the
wafer 200. The wafer probe 410 may be configured to move
the probe to different portions of the wafer to sample any
additional die in the subset of sample die 210.

[0032] The parametric data may be generated by sampling
counter values stored in special registers within the testing
sub-units 220. The counter values may be accessed through
an interface implemented via the connection established by
the wafer probe 410. The parametric data collected may
include different measurements related to one or more ring
oscillators implemented in each of the testing sub-units 220.
Examples of parametric data include measuring the times t,
and t,, for each of the ring oscillators. In one embodiment, the
counter values in the testing sub-units indicate a slew rate
(i.e., the time it takes the output to change from V,, toV 5 0r
fromV 4510V ;). In another embodiment, a ring oscillator is
designed with long metal traces between delay elements,
which adds additional capacitive and resistive loads between
inverter stages. In such embodiments, high counter values
may indicate large resistance of the traces and low counter
values may indicate low resistance of the traces.

[0033] The processor 420 implements a support vector
machine (SVM) 450, which is a computer-learning model
that recognizes patterns in the parametric data 415 collected
from the sample of die associated with the wafers 200. In one
embodiment, the processor 420 is included in a typical desk-
top computer as, e.g., a central processing unit or a parallel
processing unit such as a graphics processing unit. In another
embodiment, the processor 420 may be implemented as a
plurality of processors operating in parallel and connected via
a system bus or in communication over a wired or wireless
network. The support vector machine 450 implements a train-
ing algorithm that generates parameters for the prediction
function based on the set of training data. For large data sets
such as 10,000 or 50,000 feature vectors, where each feature
vector may have hundreds of dimensions (i.e., measured val-
ues), parallel algorithms for determining the parameters for
the prediction function may speed up the processing associ-
ated with the training algorithm.

[0034] Once the SVM 450 has determined the parameters
ofthe prediction function, additional die 210 produced by the
fabrication plant may be tested by the wafer probe 410. The
SVM 450 receives the parametric data for the one or more die
210 and predicts a classification for the die 210 based on the
output of the prediction function using the parameters estab-
lished by the training algorithm. The SVM 450 predicts
whether a die 210 is classified as system pass (1), system fail
(1), or unknown (0). In other words, the SVM 450 is a
non-probabilistic trinary non-linear classifier.

[0035] In one embodiment, the wafer probe 410 samples
each of the testing sub-units 220 on a die 210 to generate a set
of parameters associated with the die 210. The set of param-
eters defines a feature vector x* of K parameters (xVe £ ),
Each die 210 therefore is associated with a feature vector x®
and a corresponding value y® (y?e{-1, 0, 1}) that represents
one of three classifications: system pass (1), system fail (-1),
and unknown (0). A predicted classification of the die 210 is
defined as y' (ye{-1, 0, 1}). Additionally, a per die wafer
assignment vector is defined as w® (w®e{1, ..., N}) for N
wafers. In other words, for each die i, w is equal to an
identification number, 1 through N, associated with a particu-
lar wafer 200.

[0036] In one embodiment, the parameters included in the
feature vector may be scaled or normalized. Fach of the
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dimensions of the feature vector read from the testing sub-
units 220 may be scaled individually. In other words, the
range of the raw measurements across all die 210 may be
different for one parameter than another parameter. By scal-
ing each dimension of the feature vector individually, the
parameters can all be scaled to the same range (e.g., [0,2]).

[0037] As discussed earlier, a die 210 may include a num-
ber of testing sub-units 220, each testing sub-unit 220 includ-
ing one or more ring oscillators. In one embodiment, each
testing sub-unit 220 may include the first ring oscillator 300
and the second ring oscillator 350 described in FIGS. 3A and
3B. The testing sub-unit 220 may be configured to calculate a
ring oscillator ratio. The ring oscillator ratio is a comparison
of a value associated with the first ring oscillator 300 to a
value associated with the second ring oscillator 350 and is a
reflection of the leakage current versus drive strength of the
transistors in the ring oscillators at a particular location on the
die 210. Propagation delay in the ring oscillator is a factor of
the number of stages in the delay line (i.e., the number of
inverters) and the transition time per stage. A value (RO) for
each ring oscillator is given by dividing the macro sample
time for the ring oscillator by the sum of the time t, and the
time t,, described by Equations 1 and 2 shown above. The
macro sample time for both the first ring oscillator 300 and the
second ring oscillator 350 is the same and, therefore, the ring
oscillator ratio may be calculated as shown below in Equa-
tions 3 through 7.

[xample —RO (Eq 3)
(I +1,)
RO\ (1 + 1) = ROy (17 +151) (Eq. 4
(tr1#1p1) = 33%17; (Eq. 5)
(tp +1p0) =23 %1 (Eg. 6)
ROy 23t (Eq 7
RO, ~ 331,

_ Cr=Vpp (Eq. 8)
’ Tuax

[0038] The transition time t, for each ring oscillator is cal-
culated using the simplification given in Equation 8. As
described above, the second ring oscillator 350 has a fan-out
of 4 (FO4), which means the capacitance C; of the second
ring oscillator for calculating the transition time t_, is four
times the capacitance C; of the first ring oscillator for calcu-
lating the transition time t_,. When the process is aligned and
assuming sonie simplifications, the ring oscillator ratio for the
first ring oscillator 300 and the second ring oscillator 350 is
illustrated by Equation 9.

4 CL * VDD (Eq. 9)
Dy ——— =
RO, Tuax
—=——7—7 =173
RO» Cr=Vpp
53«

Iyax

[0039] Taking into account that the simplifications made
above remove some necessary information and differences
between the two ring oscillators, the ring oscillator ratio for
the two ring oscillators described in FIGS. 3A and 3B is
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actually closer to 1.09 than the simplified 1.73 shown by
solving Equation 9. The feature vectors x* can be generated
for anumber of sample die 210 on a wafer 200 by measuring
the ring oscillator ratios for a plurality of testing sub-units 220
ofadie 210, and a prediction of a classification for each of the
sample die 210 may be determined based on the prediction
function.

[0040] For example, in one embodiment, counters within
the testing sub-unit 220 may be configured to measure a value
for time t, plus time t,, for both the first ring oscillator 300 and
the second ring oscillator 350. The counter values are divided
1o calculate the ring oscillator ratio for the testing sub-unit
220. The wafer probe 410 samples a register that stores the
value for the ring oscillator ratio for a plurality of different
testing sub-units 220 of the die 210. The resulting feature
vector is then operated on by the prediction function to gen-
erate a predicted classification of the die 210 (i.e., either 1, 0,
or =1). It will be appreciated that the ring oscillator ratio is
expected to be close to the value of 1.09, shown above, and
that deviation from this expected value may indicate that the
die 210 is notreliable. While each of the measured values may
be close to the expected 1.09, the combination of different
levels of deviation at different locations in each of the die 210
may indicate that the die is faulty, as the SVM 450 is applied
1o the feature vector.

[0041] In one embodiment, the SVM 450 implements a
non-linear classification using a Gaussian kernel function.
The Gaussian kernel function K is illustrated below in Equa-
tion 10.

1@’(x‘1"),x(")):e’Y'”)‘(D’)‘@”2 (Eq.10)

[0042] The Gaussian kernel function K maps the input
space to a higher-dimensional feature space. While the fea-
ture vectors may not be linearly separable in the original input
space, the feature vectors may be linearly separable after
being mapped to the higher-dimension feature space. A
hyperplane in the higher-dimension feature space may be
defined that separates the die 210 for a particular wafer 200
based on the feature vectors. The tightness of the fit of the
hyperplane is controlled by the parameter y as well as the
standard SVM mechanism C (i.e., a soft margin parameter).
The parameter y is a constant that defines the radius of the
Gaussian function (i.e., how fast the value of K decreases as
a feature vector x moves farther away from the center of the
Gaussian kernel). The standard SVM mechanism C is a
parameter that enables a soft margin for the hyperplane. In
other words, the soft margin enables deliberate misclassifica-
tion ofa small amount of the feature vectors in the training set
in order to maximize the number of feature vectors that are
correctly classified by the prediction function. Based on the
Gaussian kernel implementation of the SVM algorithm, the
prediction function implemented by SVM 450 is given in
Equation 11. The parameters o and b in the prediction
function are selected by the SVM training algorithm based on
the set of training data. The variables x represents a support
vector, the variable y represents a classification of the sup-
port vector, and the variable x is a new feature vector of a die
210 that has a classification predicted by the classification
function.

Swysgn(E, "y P Pexp(~y[xD-?)4b)
[0043] Selection of the parameters y and C is important to
the effectiveness of the SVM algorithm. In order to deal with

non-linearly separable data, the cost factor C (Ce i *) enables
the SVM training algorithm to deliberately misclassify cer-

(Eq. 11)
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tain die 210 in the training set while paying a premium in the
cost function for doing so. The cost parameter allows for
maximization of the margin between the higher-dimension
hyperplane and the feature vectors of the set of training data
while ensuring that as many examples as possible are classi-
fied correctly. The values of C are selected to give each
category of y"” equal weight. In one embodiment, an iterative
approach is used to select the best values for parameters y and
C. In one implementation of the SVM 450, an exemplary
value of parameter v is approximately 0.3548 and an exem-
plary value of parameter C is 10. Exemplary values for a
particular design and prediction function may be different
than provided above.

[0044] In one embodiment, the location of a particular die
210 is taken into account by the prediction model. In other
words, a feature vector x® for a die 210 includes a plurality of
ring oscillator ratios for that particular die 210 as well as data
relating to the location of the die on the wafer 200 (i.e., an
x-coordinate and a y-coordinate) of the die 210. Differences
in the location of a die 210 may change how the feature
vectors are classified. For example, process differences may
cause different types of defects at the edges of a wafer than at
the center of a wafer.

[0045] In another embodiment, nearest neighbor elimina-
tion (NNE) is implemented within the prediction model. In
other words, the feature vector x® for a die 210 includes a
pass/fail/missing indication for one or more nearest neigh-
bors to the die 210. For example, for each die 210, the feature
vector x™ may include eight dimensions for the surrounding
die, each dimension taking a value of +1, 0, or -1 depending
onthe classification of neighboring die 210 on the same wafer
200. The classification of neighboring die 210 is provided
during the initial testing of the die 210 by the wafer probe 410.
If one of the values returned by the die 210 are out of speci-
fication, then the die 210 is classified as “fail” and the value
associated with “fail” (e.g., -1) is added to the feature vector
of all neighboring die 210.

[0046] Inoneembodiment, afirsttest stage (i.e., wafer sort)
is performed after a wafer has been fabricated using the wafer
probe 410. During wafer sort, clearly out of specification die
210 are labeled as “failed”, die 210 having values within
specification are labeled as “passed”, and die 210 near the
edge of the wafer 200 (i.e., die 210 not having neighbors on
every side) may be marked “unknown”. Only a sample of die
210 on each wafer 200 may be tested. During a later test stage
(i.e., catalog merge), after all die 210 have been tested. the
SVM 450 model is used to analyze the data collected during
wafer sort in order to provide a more accurate prediction of
failed die 210 before the wafers are cut up and sent to be
packaged and potentially assembled as a component into a
final product. It will be appreciated that the prediction func-
tion generated by the SVM 450 will not be perfect. In other
words, the predicted classification of each die 210 may be
incorrect. However, based on empirical evidence, the classi-
fication of wafers 200 based on the classification of a plurality
of sampled die 210 is extremely effective at separating poorly
performing wafers early in the production process, increasing
overall yield and decreasing the number of faulty units that
are built into larger systems.

[0047] FIG. 5 illustrates a flowchart of a method 500 for
testing and classifying silicon wafers 200, in accordance with
one embodiment. At step 502, the SVM 450 is trained using a
set of training data to generate an optimal set of parameters
for the prediction model. In one embodiment, an iterative
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process is implemented to select an optimal combination of
parameters y and C for the prediction function set forth by
Equation 11. During each iterative step, the prediction func-
tion is used 1o generate a cost associated with the selected
parameters by determining whether, for each feature vector in
the set of training data, the predicted classification of the die
matches the actual classification ofthe die in the training data.
In one embodiment, the prediction function implements a
Gaussian kernel as well as a soft margin that allows misclas-
sification of certain die in order to maximize the margin of the
higher-dimension hyperplane.

[0048] At step 504, the SVM 450 receives parametric data
associated with one or more die 210 on a wafer 200. In one
embodiment, the parametric data includes a plurality of ring
oscillator ratios collected by the wafer probe 410. Each of the
ring oscillator ratios corresponds to a different location (e.g.,
testing sub-unit 220) on the die 210. At step 506, the SVM 450
analyzes the parametric data to determine a classification for
each die 210 of the one or more die. The classification is
generated by applying the prediction function to the feature
vector for each of the one or more die. At step 508, a classi-
fication of the wafer is determined based on the classification
of the one or more die. In one embodiment, a wafer is classi-
fied as “pass” when each of the one or more die on the wafer
is classified as “pass”. In another embodiment, a wafer is
classified as “pass” when at least a threshold number of die in
the one or more die is classified as “pass”. In other words, a
wafer may be classified as “pass” when a large percentage of
sampled die are classified as “pass” (e.g., 90%).

[0049] FIG. 6 illustrates an exemplary system 600 in which
the various architecture and/or functionality of the various
previous embodiments may be implemented. As shown, a
system 600 is provided including at least one central proces-
sor 601 that is connected to a communication bus 602. The
communication bus 602 may be implemented using any suit-
able protocol, such as PCI (Peripheral Component Intercon-
nect), PCI-Express, AGP (Accelerated Graphics Port),
HyperTransport, or any other bus or point-to-point commu-
nication protocol(s). The system 600 also includes a main
memory 604. Control logic (software) and data are stored in
the main memory 604 which may take the form of random
access memory (RAM).

[0050] The system 600 also includes input devices 612, a
graphics processor 606, and a display 608, i.¢. a conventional
CRT (cathode ray tube), LCD (liquid crystal display), LED
(light emitting diode), plasma display or the like. User input
may be received from the input devices 612, e.g., keyboard,
mouse, touchpad, microphone, and the like. In one embodi-
ment, the graphics processor 606 may include a plurality of
shader modules, a rasterization module, etc. Each of the fore-
going modules may even be situated on a single semiconduc-
tor platform to form a graphics processing unit (GPU).
[0051] In the present description, a single semiconductor
platform may refer to a sole unitary semiconductor-based
integrated circuit or chip. It should be noted that the term
single semiconductor platform may also refer to multi-chip
modules with increased connectivity which simulate on-chip
operation, and make substantial improvements over utilizing
a conventional central processing unit (CPU) and bus imple-
mentation. Of course, the various modules may also be situ-
ated separately or in various combinations of semiconductor
platforms per the desires of the user.

[0052] The system 600 may also include a secondary stor-
age 610. The secondary storage 810 includes, for example, a
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hard disk drive and/or aremovable storage drive, representing
a floppy disk drive, a magnetic tape drive, a compact disk
drive, digital versatile disk (DVD) drive, recording device,
universal serial bus (USB) flash memory. The removable
storage drive reads from and/or writes to a removable storage
unit in a well-known manner.

[0053] Computer programs, or computer control logic
algorithms, may be stored in the main memory 604 and/or the
secondary storage 610. Such computer programs, when
executed, enable the system 600 to perform various functions.
The memory 604, the storage 610, and/or any other storage
are possible examples of computer-readable media. In one
embodiment, the SVM 450 is stored in the main memory 604
or secondary storage 610 and is executed by the central pro-
cessor 601 or the graphics processor 606.

[0054] In one embodiment, the architecture and/or func-
tionality of the various previous figures may be implemented
in the context of the central processor 601, the graphics pro-
cessor 606, an integrated circuit (not shown) that is capable of
at least a portion of the capabilities of both the central pro-
cessor 601 and the graphics processor 606, a chipset (ie., a
group of integrated circuits designed to work and sold as a
unit for performing related functions, etc.), and/or any other
integrated circuit for that matter.

[0055] Still yet, the architecture and/or functionality of the
various previous figures may be implemented in the context
of a general computer system, a circuit board system, a game
console system dedicated for entertainment purposes, an
application-specific system, and/or any other desired system.
For example, the system 600 may take the form of a desktop
computer, laptop computer, server, workstation, game con-
soles, embedded system, and/or any other type of logic. Still
yet, the system 600 may take the form of various other devices
including, but not limited to a personal digital assistant (PDA)
device, a mobile phone device, a television, etc.

[0056] Further, while not shown, the system 600 may be
coupled to a network (e.g., a telecommunications network,
local area network (LAN), wireless network, wide area net-
work (WAN) such as the Internet, peer-to-peer network, cable
network, or the like) for communication purposes.

[0057] While various embodiments have been described
above, it should be understood that they have been presented
by way of example only, and not limitation. Thus, the breadth
and scope of a preferred embodiment should not be limited by
any of the above-described exemplary embodiments, but
should be defined only in accordance with the following
claims and their equivalents.

What is claimed is:

1. A method comprising:

receiving parametric data associated with one or more die

on a wafer,

analyzing the parametric data via a support vector machine

to determine a classification for each die of the one or
more die, wherein the parametric data includes at least
one ring oscillator ratio; and

determining a classification of the wafer based on the clas-

sification of the one or more die.

2. The method of claim 1. wherein the support vector
machine generates a prediction function that implements a
Gaussian kernel.

3. The method of claim 1, wherein each die of the one or
more die includes a plurality of testing sub-units that include
at least a first ring oscillator and a second ring oscillator.
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4. The method of claim 3, wherein the first ring oscillator
includes a first number of elements in a first delay line and the
second ring oscillator includes a second number of elements
in a second delay line, and wherein the first number is not
equal to the second number.

5. The method of claim 3, wherein each testing sub-unit is
configured to generate a corresponding ring oscillator ratio
based on values associated with the first ring oscillator and the
second ring oscillator.

6. The method of claim 5, wherein the ring oscillator ratio
is computed by counting a first number of clock cycles that
represent half the period of the output signal of the first ring
oscillator and counting a second number of clock cycles that
represent half the period of the output signal of the second
ring oscillator and dividing the first number of clock cycles by
the second number of clock cycles.

7. The method ofclaim 1, wherein the classification of each
die is set to pass, fail, or unknown.

8. The method of claim 1, wherein the classification of the
wafer is determined based on whether a number of the one or
more die classified as pass is above a threshold number.

9. The method of claim 1, further comprising training the
support vector machine to determine parameters for a predic-
tion function based on a set of training data.

10. The method of claim 9, wherein training the support
vector machine comprises selecting parameters y and C for
the prediction function such that the maximum number of die
in the set of training data are properly classified based on the
prediction function.

11. The method of claim 10, wherein selecting the param-
eters y and C is performed via an iterative process by selecting
different combinations of the parameters y and C and calcu-
lating a cost function based on the predicted classifications of
each of the die in the set of training data.

12. The method of claim 1, wherein the parametric data for
each die includes at least two ring oscillator ratios corre-
sponding to two different testing sub-units located at different
points on the die.

13. The method of claim 1, wherein the parametric data for
each die includes data associated with at least one neighbor-
ing die.
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14. The method of claim 13, wherein the data associated
with at least one neighboring die is a value that represents
whether the neighboring die is predicted to pass or fail a
system test.

15. The method of claim 1, wherein the parametric data for
each die includes a location of the die represented as an
x-coordinate and a y-coordinate.

16. A non-transitory computer-readable storage medium
storing instructions that, when executed by a processor, cause
the processor to perform steps comprising:

receiving parametric data associated with one or more die

on a wafer,

analyzing the parametric data via a support vector machine

to determine a classification for each die of the one or
more die, wherein the parametric data includes at least
one ring oscillator ratio; and

determining a classification of the wafer based on the clas-

sification of the one or more die.

17. The non-transitory computer-readable storage medium
of claim 16, wherein each die of the one or more die includes
a plurality of testing sub-units that include at least a first ring
oscillator and a second ring oscillator, and wherein the first
ring oscillator includes a first number of elements in a first
delay line and the second ring oscillator includes a second
number of elements in a second delay line, and wherein the
first number is not equal to the second number.

18. A system, comprising:

a memory storing parametric data associated with one or

more die on a wafer; and

a processor configured to:

receive the parametric data associated with the one or
more die,

analyze the parametric data viaa support vector machine
to determine a classification for each die of the one or
more die, wherein the parametric data includes at least
one ring oscillator ratio, and

determine a classification of the wafer based on the
classification of the one or more die.

19. The system of claim 18, the processor further config-
ured to train the support vector machine to determine param-
eters for a prediction function based on a set of training data.

20. The system of claim 19, wherein the prediction func-
tion implements a Gaussian kernel.
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