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ABSTRACT 

This thesis describes an experiment that was performed on a large processor with 

embedded static random access memory (SRAM) with built-in redundancy, 

manufactured using modern very large scale integration (VLSI) technologies.  This 

experiment will serve to prove the hypothesis that redundant SRAM on a large processor 

can be used for reliability modeling not only for the SRAM, but also for the functional 

areas of the device.  In order to apply the results of this experiment to production 

methodology, an existing model that can give the probability of a device failing after it 

has been repaired using redundant SRAM will be presented and verified.  This model can 

serve as a filter for devices that enter reliability testing, which is costly and time 

consuming. 
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CHAPTER I 

INTRODUCTION 

In semiconductor devices, testing is used extensively to determine if a device is 

functional and if there are any process problems.  Most testing is done at various points in 

the production cycle in order to find faults as early as possible.  Not only can process 

defects cause immediate faults, but they can also cause hidden latent defects that may 

surface after a device has been packaged and shipped.  This is a reliability problem 

because some of these defects occur early, rather than at the end, of the expected lifetime 

of a device.  The percentage of devices failing due to this problem is called the early 

failure rate (EFR).  In order to catch any reliability issues before a device is sold to the 

customer, many semiconductor devices are subjected to some sort of reliability or stress 

tests.  These tests involve subjecting the device to higher temperatures and/or voltages 

than the device is designed to handle in order to stress the device and to cause any hidden 

defects to arise.  However, this comes at a cost.  In order to ensure that all defects have 

been found, devices are subjected to hours of stress testing, which extends the production 

time of the device and increases the cost of production.  It is easily seen that shorter stress 

testing periods are preferred.  Therefore, any signature that could identify devices that 

will potentially fail or pass stress testing with high confidence would be valuable. 

One potential signature could be in the device’s memory.  Semiconductor devices 

using modern technologies can have very large amounts of memory embedded on the 

device.  Memory is a very cost-effective component of an integrated circuit and is 



 2 

included on many types of devices.  However, because large memory arrays can almost 

double the area of a die, both the memory array and the die will be more subject to failure 

due to normal process defect densities.  Because of the repeatable nature of memory, 

defects in the memory array can be replaced with identical redundant memory bits.  This 

is commonly achieved using fuses that can be electronically blown or severed with a laser 

after testing of the memory has been performed.  Generally, an entire row or column is 

repaired rather than individual bits.  The row or column containing the defective bit is 

disconnected from the memory array using a fuse, and a spare row or column is then 

physically connected so that the memory array appears normal.  Algorithms are used to 

determine the best way to repair a memory array, as there are usually a limited number of 

rows or columns available for repair [5].  However, little research has been performed to 

determine if there is a maximum amount of redundant memory necessary. 

It has also been found that memory usually fails in particular patterns, rather than 

randomly [4].  For example, if an address line is severed, then an entire row would be 

unusable and would have to be repaired.  Similarly, if a bit has a metal short to another 

bit, then a doublet fail would occur, and both bits would be unusable [6].  Therefore, it 

can be said that certain patterns can be traced back to specific fabrication problems. 

The actions of repairing memory on a device can and will immediately increase 

the yield of devices [5].  This is because repairs will effectively correct random defects 

that cannot be controlled effectively in the manufacturing process, assuming that these 

defects are random.  But, what if the defects are clustered?  This case is very common to 

semiconductor manufacturing.  A process variation that caused a single defect is likely to 
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have created other defects as well.  These defects, if they are not caught through initial 

wafer probe testing, are latent defects that may show up later in the device’s lifetime, and 

they may be in other memory areas or in the logical area of the device.  The former has 

been proven true for latent defects in memory ICs [1, 2, 3, 4].  If the latter is true, then 

one must rely on probe testing, functional testing, or stress testing to find the defect in the 

logical areas.  This consumes time and resources.  But, since data about the number and 

types of defects in memory is already known, can it be applied to the functional blocks on 

the device?  Effectively, the memory testing and repair process could serve as a defect 

monitor as well.  In order to test this theory, several questions must be answered.  First, 

can the types and/or numbers of fails indicate a reliability problem for a die that may or 

may not be found during stress testing?  Also, do certain types of memory failures cause 

different reliability problems?  Finally, is there a point where an increase in the amount of 

redundant memory will not increase the overall yield of the device?  The answer to these 

questions may provide a methodology for both reducing the number of devices that are 

stress tested and reducing the amount of test time used as well as limiting the amount of 

redundant memory that should be included in the device. 

This report will cover an experiment to determine if a relationship exists between 

repairable memory failures and reliability failures.  Specifically, the types of memory 

failures and the types of resultant stress testing failures will be studied to determine if 

correlations exist between certain combinations or pairs of failures.  If these statements 

are true, than an existing reliability model will be verified using these results in order to 

determine if this model can predict the likelihood of device failure.  A device from Sun 
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Microsystems, produced by Texas Instruments, using mature C035 process technology 

will be used for this study.  This device is a large processor that includes a 32 KB 

primary instruction cache, a 64 KB primary data cache, and a 1 MB level 2 SRAM cache 

[7, 12].  The SRAM arrays are tested using a wafer probe method, which is the first 

functional test of the device.  Data about every failing bit is logged at this point.  An 

algorithm then determines the most effective way to repair each array, as a limited 

number of redundant rows and columns exist for each array.  The failure data is then 

analyzed by a pattern recognition program to determine the types and numbers of failing 

patterns that exist for each die [8].  After repair, the wafers are again subjected to an 

SRAM test before processing is complete.  Then, the device is tested in more depth at a 

multiprobe step.  Pre burn-in high voltage stress testing is performed after the device is 

packaged, followed by a burn-in period.  This involves subjecting the device to high 

temperatures while exercising the device with basic patterns.  After burn-in, the device is 

tested for functionality in both the logical and memory blocks at elevated temperatures.  

Only the pre burn-in and post burn-in steps will be used for comparison with SRAM 

testing data, as these steps will provide the best insight for stress failures. 

The structure of this thesis is as follows:  First, a review of other literature that 

covers topics that are relevant to this thesis will be discussed.  Next, a detailed 

description of the test methods and procedures will be presented.  Finally, the results of 

the experiment will be presented followed by a discussion of conclusions derived from 

the results. 
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CHAPTER II 

SRAM FAILURES 

2.1 Types of Defects 

 Nearest neighbor or local region yield modeling has been studied extensively, 

with results showing that a die that is physically located in a low yielding area of a wafer 

is more likely to have a defect than one that is in a high yielding area [1].  This is because 

defects tend to be clustered rather than random.  Studies have also shown that a 

relationship exists between killer defects, defects which are immediately apparent in the 

early testing stages of a device, and latent defects, defects which do not cause a problem 

until later in a device’s lifetime [1, 2].  Generally, a latent defect is similar to a killer 

defect but is in a location or is of a size that does not immediately affect the device.  It is 

assumed that these defects are screened in a stress testing environment, where they grow 

or propagate to killer defects.  In [1], the authors denote the total number of defects per 

device λ as the sum of the number of killer defects as λK and the number of latent defects 

as λL.  A relationship was then proposed that relates λK to λL with the proportionality 

constant γ, which is usually between .01 and .02, depending on process technology.  This 

relationship was confirmed in [2].  

In [3], this model was used to describe defects that may be clustered within a 

single device.  Normally, this is not of use because a single defect would make a device 

fail.  However, because devices with memory have redundancy that allows defects to be 

repaired, this model is useful to determine if a repaired device has a higher probability of 
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failing due to other failures clustered around the repaired defect.  However, the authors in 

[3] only used the total number of repairs, not the actual number or types of failures.  It 

has been shown that memory failures tend to occur in patterns [4].  So if repair data is 

used, then nothing is known about the failing patterns or the actual number of failures.  A 

doublet failure is repaired the same way as a column failure, and the doublet failure may 

be replaced with two rows if there are a limited number of columns.  This reduces the 

understanding and accuracy of the model because specific memory pattern failures tend 

to have an identifiable cause.  A column failure due to an address line will be due to a 

specific metal short or open circuit.  So if memory failures are to be used for the 

prediction of stress testing yield, then the specific causes of different types of fails must 

be studied.  Similarly, if there is a yield problem that is seen during stress testing, it 

usually has an identifiable cause.  This cause may correlate to a certain type of memory 

failure that was repaired on the device.  Also, most of the previous research performed in 

this subject area use devices that primarily consist of memory cells.  This is good for 

determining if other identical memory cells will have latent defects due to common layers 

and design, but it does not determine whether these defects can be clustered in logical 

areas that use both layers common to the memory cells and layers that are built above the 

memory cells.  The goal of this experiment is to expand on the work done in [2, 3] and to 

produce a model that uses not only the actual number of memory failures, but also the 

different types of memory failures.  This model may then be used to determine the type 

of resulting stress failure.  This experiment will also test the validity of previous research 

on larger devices such as processors with embedded memory. 
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2.2 SRAM Memory Cells 

 A basic SRAM memory cell consists of two cross-coupled inverters with the 

output of each inverter connected to the input of the other.  When turned on, the inverters 

will assume an arbitrary stable state and hold this state until power is disconnected from 

the circuit.  The output of the memory cell is taken as the difference between the outputs 

of the two inverters.  The simple physical realization of this circuit is shown in figure 2.1 

[10]. 

 

 

Figure 2.1:  Schematic of an SRAM Memory Cell. 

 The circuit shown in figure 2.1 is known as the 6 transistor (6T) SRAM memory 

cell and consists of one input word line (W) and two complement input/output bit lines 

ports (B and B-bar).  As described earlier, as long as W is connected to ground, the 

circuit will be stable and will hold a state.  The output is read by connecting W to Vdd 

and connecting the output of B and B-bar to a sense amplifier.  W is then connected back 

to ground to avoid changing the state of the circuit.  To change the state of this circuit, W 
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is connected to Vdd, and bit line drivers force the desired voltages on B and B-bar.  Then, 

W is again connected to ground [9]. 

 An array of SRAM memory cells consists of several memory cells with a 

common word line or bit line and an individual bit line or word line, respectively, for 

each cell.  A block of memory cells is created by connecting the single bit lines or word 

lines of several arrays of memory cells in parallel.  Figure 2.2 shows an example of a 

block of SRAM memory [10]. 

 

Figure 2.2:  Logic Diagram of an SRAM Block. 
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 Figure 2.2 shows an example of a 2
M+N

 bit block of memory.  In this example, if 

the selected cell resides at (L,K), then the bit can be set or read by setting word line K 

high and either reading or writing to bit line L using the sense amplifier or driver.  Note 

that Vdd and ground connections are not shown in this diagram but are present for each 

cell. 

 

2.3 SRAM Defect Causes and Effects 

 Defects in an SRAM cell can be caused by many things, including particles, 

process flaws, and mechanical errors.  Usually the exact cause of a defect is not known, 

but a hypothesis of the type of defect can be formulated using data about the effects of 

the defect.  Fails in a SRAM cell can be generalized into two categories, hard fails and 

soft fails [9].  Hard fails consist of a failure in the ability to write to or read a cell or array 

of cells.  These fails can be caused by a physical defect in a metal line, such as a word, 

bit, Vdd, or ground line, or a defect in a transistor, and usually consist of stuck-at faults, 

transition faults, and stuck-open faults [6].  Soft fails are seen as an inability of a cell to 

hold a state.  This instability can occur whenever a neighboring cell is changed 

(coupling), whenever a bit elsewhere is changed (data disturb), over time (data retention), 

or because of instabilities in Vdd or a control voltage [6].  Each of these types of fails 

indicates a problem with a specific set of components in the device.  For example, data 

retention faults can be caused by an open Vdd line.  Soft fails are usually more difficult to 

detect, and an attempt to cover as many patterns as possible is usually made to ensure a 

good SRAM array. 
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 Fail data that is normally collected during production does not describe the exact 

conditions of a cell fail, and so no exact cause of each failed cell can be drawn.  

Bitmapping is used to map out every bit fail in a SRAM, and the bitmap is analyzed to 

determine if any patterns exist.  Such patterns include column fails, row fails, single bit 

fails, doublet fails, and block fails as well as many specific types of each of these fails.  It 

has been found that each of these patterns can be caused by certain defects, and so this 

method is used to determine if a certain type of defect is prominent.  For example, a 

doublet fail is usually caused by a bridge or short between two bits inside the word 

transistors.  Similarly, a partial row or column fail can be caused by an open or short in a 

bit or word line, and a full row or column fail can be caused by a fault in a sense amp or 

an open or short in a bit or word line.  The reason this is important is because in each of 

the examples given above, the components described exist on a different layer of metal or 

interconnect.  Therefore, if a lot or wafer has a large number of a certain type of fail, then 

the cause can be extracted from the type of fail.  However, this is a reactive action.  It is 

not known whether the suspect lots or wafers will survive the rest of the testing process.  

One goal of this thesis is to determine if a large number of a certain type of fails on a 

device can suggest increased likelihood of a particular type of latent defect that will 

surface at a later time. 

 

2.4 SRAM Testing and Repair 

 SRAM testing is performed during processing while the device is still in the wafer 

form.  A probe tester is used to physically connect to the device and to exercise various 
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functions of the device.  For SRAM functionality testing, patterns of data are iteratively 

saved and then immediately read from the SRAM blocks.  If the read pattern is not 

identical to the written pattern, then the failing bits are recorded.  Table 2.1 shows some 

of the traditional SRAM array test types. 

Table 2.1.  SRAM Array Test Types [6] 

 

 Each of the tests shown in table 2.1 is designed to test for specific faults or types 

of faults, and each test takes different amounts of time.  For example, the simple zero/one 

test will find any bit that fails to hold a state or change states.  The checkerboard test can 

find some data disturb faults where a bit alters another bit.  These tests are very quick 

tests that can be performed in around a second.  A walking 1/0 test is a very 

comprehensive test that will catch many types of faults, but it takes a long time to execute 

because each bit has to be set and read individually.  For complete failure coverage with 

shorter test times, specific and complicated tests can be performed, and they are usually 
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categorized as march tests.  Table 2.2 shows the ability of various tests to catch faults and 

the amount of time needed to test. 

Table 2.2.  Characteristics of Various SRAM Test Types [6] 

 

 In table 2.2, the faults listed as column headers are stuck-at, address, transition, 

stuck-open, coupling, data retention, and data disturb faults.  Several of the simple tests 

shown in table 2.1 are seen to not have very much fault coverage.  The walking 1/0, as 

mentioned earlier, has good fault coverage, but it takes a long time to execute.  The 

march 13N algorithm was designed as a comprehensive test to find many types of faults 

in a considerably shorter amount of time.  This algorithm consists of 13 elements to test 

for various types of faults as well as wait time between various elements to test for data 

retention faults.   

It should be noted that for each of these tests, the failing element or pattern is not 

recorded, and so, as stated previously, the exact cause or conditions of each failing bit 
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cannot be determined.  Also, due to the large amount of SRAM present in the device that 

will be used for this experiment, two different tests are actually performed that test the 

different portions of memory.  The first test tests the basic functionality of the device and 

the two smaller SRAM memory caches.  The second test tests the much larger level 2 

SRAM cache.  After each of these tests, the failing bits are stored into a database.  The 

repair solution, which consists of the numbers of the columns and rows to be repaired, is 

also stored for use by the repair procedure.   

 

2.5 Yield-Reliability Model for Devices with Redundant 

Memory 

 As explained earlier, the total number of defects per device λ is related to the 

failure rate of a device.  The physical realization of λ is given by the equation 

DA*=λ          (2.1) 

where A is the area of the device and D is the defect density of the device.  Using this 

notation and assuming that defects follow the negative binomial distribution, then the 

probability that a chip contains zero defects (killer or latent) is given by the equation 

α

α

λ
−









+= 1Y  [11]        (2.2) 

where α is a clustering parameter that can range from .3 to 11 depending on process 

technologies.  Smaller values of α relate to higher clustering of defects, and as α 

approaches infinity, the negative binomial distribution becomes a Poisson distribution 

[11].  Ideally, equation 2.2 would produce the probability of a device surviving both 
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initial probe testing and stress testing.  A similar equation using λKeff can be written for 

the probability of a device surviving probe testing, where λKeff is the effective number of 

defects per device assuming a proportion of the device pR is repairable.  Using this 

notation, λKeff can be calculated using the equation 

KRKeff p λλ )1( −=  [11].       (2.3) 

However, equation 2.3 may not be used for the probability of zero latent defects for a 

device because the device may still have killer defects.  Therefore, the equation for the 

probability of a device with m killer defects surviving both probe testing and stress 

testing is 

)(
)0(

1)(

m

L
L mY

+−









+=

α

α

λ
 [11],      (2.4) 

where λL(0) is the average number of latent defects given there are zero killer defects and 

is given by the equation 

α
λ
λ

λ
K

L
L

+
=

1
)0(  [11].       (2.5) 

As explained earlier, these models have been verified using a device that consists 

primarily of memory [2]; this experiment will test and apply this model to data obtained 

in this experiment in order to determine if the model holds true for more complex devices 

with much more area devoted to logical blocks.  If the model holds true, then it may be 

used to estimate reliability for outlier devices that do not fall within the limits of the 

sample data set.  Also, this model may be used to flag high risk devices that may need to 

be scrapped or subjected to longer stress testing. 
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CHAPTER III 

SRAM FAILURE ANALYSIS 

3.1 Dataset 

 The dataset for analysis will consist of data from two similar devices with similar 

technologies.  About 80,000 units from consecutive lots of one device and about 190,000 

units from consecutive lots of the other device will be used for analysis.  Both are from a 

mature process and contain devices from a period of about 6 months.  Devices from the 

SRAM test point will be used as a basis for all other data extraction.  At the SRAM test 

point, every bit fail for all caches is recorded.  This data is automatically analyzed for 

patterns in the bitmap, and the number of each type of pattern is collected for each die.  

This pattern data will be used as an independent variable for analysis.  Finally, the 

identification number of every column and row that is to be repaired is collected; 

however, this data only exists for the two smaller caches.  From this data, the number of 

repaired rows and columns can be extracted.  This data will also be used as an 

independent variable for analysis.  The dependent variables will consist of die level bin 

data from pre burn-in and high temperature post burn-in.  The bin data will be broken 

into major bin subgroups.  These subgroups will be described in more detail when the 

data is presented. 
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3.2 Analysis 

 For analysis, because there are a relatively low number of SRAM fails, the fail 

count and repair count data will be treated as a categorical data set.  For each test point 

after SRAM testing and repair, a contingency analysis will be performed between the test 

result and the counts of each type of SRAM fail.  For each bin group (functional, SRAM, 

etc), this will give the respective yield losses or proportion of devices failing for each 

number of SRAM failures.  This procedure will be repeated for each type of SRAM fail.  

The set of yield losses, for large populations, can be treated as a probability that a device 

with x number of a certain type of SRAM fails will fail the test point for a certain type of 

fail.  These probabilities will be analyzed for trends with increasing number of SRAM 

fails.   

In order to verify that the trends seen are not random effects, a chi-square test of 

independence will be performed.  This will test the hypothesis that the fraction of devices 

failing reliability testing is not dependent on SRAM failures at SRAM testing.  If the test 

fails, then the hypothesis can not be supported, meaning that the probabilities are not 

equal, and there is statistically significant variation in the fraction of devices failing 

reliability testing.  In order to calculate chi-square, a contingency table similar to table 

3.1 is created.   
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Table 3.1:  Contingency Table Example 

Actual

Expected

Chi-sq

Failing 

Bits

No Yes Total

65 10 75

61.714 13.286

0.175 0.813

48 7 55

45.257 9.743

0.166 0.772

22 8 30

24.686 5.314

0.292 1.357

9 6 15

12.343 2.657

0.905 4.206

Total 144 31 175

0

1

2

3

Failed Reliability Testing

 
 

 In table 3.1, the number of failing bits are recorded in rows and the reliability 

testing results are recorded in columns.  Within each cell, there are three numbers.  The 

first number is the actual frequency, fo, for the particular row and column.  For example, 

in table 3.1, 65 devices with 0 failing bits at SRAM testing passed reliability testing, 

while 10 devices with 0 failing bits failed reliability testing.  The second number is the 

expected frequency, fe, assuming the null hypothesis is true.  For this example, the 

expected frequency is given by the equation 

N

N
Nfe

y testing)reliabilit passing Devices(
*bits) failing 0 with Devices(= . (3.1) 

This resolves to  
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714.61
175

144
*75 ==ef .       (3.2) 

Therefore, if the null hypothesis was true, there would be 61.714 devices in this category.  

To calculate the third value in each cell, the equation 

∑
−

=
e

eo

f

ff
2

2 )(
χ         (3.3) 

is used.  This value can be used in a chi-square table, shown in Appendix A, to 

determine, with ν degrees of freedom, whether to accept or reject the null hypothesis.  ν is 

calculated using  

 )1)((*)1)(( −−= columnsNrowsNν .     (3.4) 

For this example, there are 3 degrees of freedom, and chi-square = 8.686.  Therefore, 

using Table A in Appendix A, the probability of achieving this chi-squared value by 

chance alone assuming the null hypothesis is true is less than 5%.  Therefore, the null 

hypothesis can be rejected with more than 95% confidence, meaning there is a significant 

variation in the fraction of devices failing reliability testing depending on the number of 

failing bits at SRAM testing. 

 The chi-square test for independence is a very powerful tool, but there are 

assumptions that must be verified.  One assumption is that each subject contributes to 

only one cell in the contingency table.  Another assumption is that the cells in the table 

must be independent.  Other assumptions limit the minimum number of data points 

required.  Generally, at least 20 subjects must be used for the experiment, and at least 

20% of the cells in the contingency table must have an expected frequency of 5 or more.  

These assumptions were verified for all experiments performed unless otherwise noted. 
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Results seen using SRAM pattern fail counts as independent variables will be 

compared with results using SRAM repair counts in a similar analysis.  If any trends are 

seen in the data, these will be investigated to determine if there is a physical cause for the 

relationship.  These methods will test the hypothesis that there is a relationship between 

SRAM failures and reliability failures for large processors and that certain types of 

SRAM defects may indicate particular reliability failures. 

 The results obtained in the contingency analysis will also be compared with 

expected probabilities using the negative binomial distribution reliability model described 

earlier.  If a positive relationship exists, then the model will be verified and will be used 

to select a sample of high risk devices to subject to extended stress testing in order to 

determine if the devices do indeed have a higher risk of failing.  This procedure will test 

the hypothesis that if a relationship between SRAM failures and reliability failures exists 

for processors, then the negative binomial distribution model can estimate reliability yield 

and can be used to select high risk devices for extended stress testing or to select 

extremely high risk devices to be scrapped at wafer probe. 
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CHAPTER IV 

RESULTS 

4.1 Pre burn-in Failures 

The first test point after a device is cut from the wafer and packaged is a pre burn-

in test.  As stated earlier, this test is a vigorous functional test performed at high 

temperatures that includes some voltage stress conditions.  This test point can find both 

killer defects that have not been found through wafer probe testing and latent defects that 

are caused by high voltage stress conditions.  This test is performed in order to reduce the 

number of devices subjected to the costly burn-in process.  Results from both device 

technologies will be presented. 

4.1.1 Repair Count Correlation 

Data from SRAM testing on the individual caches is limited due to the size of the 

caches and the methodology used in testing.  Because of this, repair counts will be used 

in place of actual failure counts.  The only limit on the number of SRAM repairs allowed 

for a single device is determined by the amount of redundancy.  Because of this, devices 

with high repair counts can be found.  However, these devices usually fail at wafer probe 

before the device is packaged.  For example, one sample of devices from the .B device 

technology consists of devices with up to 66 repairs.  Figure 4.1 shows a pareto diagram 
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of devices from this sample that passed wafer probe and were tested at pre burn-in, sorted 

by repair count.   

 

Figure 4.1:  Pareto of Devices Tested at Pre Burn-In by Number of SRAM Repairs 

 As seen in figure 4.1, no device with more than 17 repairs was tested at pre burn-

in.  Also, the numbers of devices in each bin drops off very quickly.  This fact alone is 

substantial when determining the number of repairs that a device should be allowed to 

have.  However, for this analysis, figure 4.1 gives a good description of the repair counts 

that the data contains.  This also shows why there will be some problems when trying to 

derive a trend from the data.  Devices with more than six repairs are rare, and so this data 

cannot be used for analysis due to such a small sample size. 

Figure 4.2 shows the relationship between die with repaired and non-repaired 

caches at SRAM testing and failure rate at pre burn-in for several types of failures for the 
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device with .B process technology.  The failure types are grouped as follows:  SRAM 

failures include any type of SRAM failure including bit failures, voltage conditional 

failures, and frequency conditional failures.  Functional fails are any type of logical 

failure in the processor including completely dead logical areas, voltage conditional 

failures, frequency conditional failures, or a failure in an input or output block of the 

processor.  Scan chain failures are due to an incorrect scan chain check, which is a test of 

the internal components of the processor.  This test allows for a more complete functional 

check of the device, as blocks that may not be exercised by normal functional test 

patterns can be tested.  Continuity failures include any type of failure due to an open or 

shorted I/O (input/output) pin.  Usually, this is due to a bad connection between the die 

and the package of the device.  DC failures include any type of measured DC value that is 

out of range and include mostly I/O leakage failures.  Finally, any other type of failure, 

including test structure failures, is lumped into other failures. 
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Figure 4.2:  Pre Burn-in Failure Rate vs. SRAM Test Bin for .B Device 

 In figure 4.2, the total height of each bar represents the fraction of die from the 

corresponding bin and failure type that failed pre burn-in.  Each specific pre burn-in 

failure type is represented by a color listed in the legend.  Bin 1 on the x-axis corresponds 

to non-repaired die, while bin 11 corresponds to die that were repaired at SRAM test.  It 

can immediately be seen that there is a difference in fraction of devices failing between 

the two bins, and most of this difference is due to SRAM fails, shown in dark blue, where 

devices are twice as likely to fail for SRAM when they have been repaired.  Some 

difference is seen in functional fails, shown in red, as well as scan fails, shown in yellow.  

This agrees with the hypothesis that if a die has a defect in the SRAM, it is slightly more 

likely to die due to another defect in the functional part of the die, indicating that 

clustering is affecting the device.  But, in order to provide a more in-depth analysis of the 
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issue, the repaired die bin was broken down by the number of repairs and number of 

failures.  This will be presented later.   

 A chi-square test was performed on the data presented above.  This chi-square test 

tested the null hypothesis that the fraction of devices in both SRAM test bins that failed at 

pre burn-in are equal, and any variation is due to random variation.  The results of this 

chi-square test are shown in table 4.1.  Note that all tests were performed with 1 degree of 

freedom. 

Table 4.1:  Chi-Square Test for Data Shown in Figure 4.2 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 2.679 .8980 

DC 3.431 .9360 

SRAM 338.876 >.9999 

Functional 44.506 >.9999 

Scan 73.638 >.9999 

Other 18.250 >.9999 

All 393.327 >.9999 

 

The probability of rejecting the null hypothesis and accepting the alternative 

hypothesis, shown in the last column, is obtained by comparing the chi-square values 

with a chi-square table.  A chi-square table can be found in Appendix A, although the 

probabilities shown in table 4.1 were found using a statistical analysis software package.  

As seen in table 4.1, all types of failures have a relatively high probability of showing 
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variation across the SRAM test bins, but continuity and DC failures have significantly 

lower chi-squared values.  This is expected for continuity failures, as these are likely 

caused by packaging of the die.  Also, DC failures are mostly caused by I/O transistors, 

which can be much larger transistors than those used in SRAM and are usually found at 

the edge of the die.  A lower dependence of DC failures on SRAM failures may be due to 

these differences. 

Figure 4.3 shows the correlation between die with repaired and non-repaired 

caches at SRAM test and failure rate at pre burn-in for several types of failures for the 

device with .C process technology.  This data set is much larger, and so results from this 

data set should be more defined. 

 

Figure 4.3:  Pre Burn-in Failure Rate vs. SRAM Test Bin for .C Device 

As in figure 4.2, the first bin in figure 4.3 consists of non-repaired devices, and 

the second bin consists of all repaired devices.  Again, a strong variation in SRAM 
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failures is seen, and a slightly larger variation in functional failures can be seen.  A chi-

square test was performed on the data presented above, and the results are presented in 

table 4.2. 

Table 4.2:  Chi-Square Test for Data Shown in Figure 4.3 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity .667 .586 

DC .084 .2274 

SRAM 1179.085 >.9999 

Functional 238.705 >.9999 

Scan 41.556 >.9999 

Other 44.429 >.9999 

All 1247.542 >.9999 

 

 It should be noted that the Pearson chi-square values shown in table 4.2 cannot be 

compared with those shown in table 4.1 due to differences in sample size.  Chi-square 

values may only be compared within a data set.  However, the probability(rejecting H0) 

values may be compared between data sets with different sample sizes.  From table 4.2, it 

can easily be seen that the above assumption that the fraction of devices with SRAM and 

functional fails are different across SRAM test bins is supported by the chi-square test.  

One noticeable difference between the two devices shown in tables 4.1 and 4.2 is that 

continuity and DC failures in the .C device have a much lower probability of rejecting the 

null hypothesis that the fraction of devices in these bins is different.  It is unlikely that 
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these differences are due to changes in process technology, and so there is probably no 

correlation in continuity or DC failures between devices that were repaired and devices 

that were not repaired. 

In order to verify the yield reliability model, and to better understand the issue, 

the numbers of repairs per die were correlated with the probability of failure at pre burn-

in.  For this analysis, die were separated into bins determined by the number of SRAM 

repairs that they received during SRAM testing.  Repair counts are available for all 

SRAM caches and are used in lieu of actual bit failure information because there is less 

individual bit failure information available.  As stated earlier, it has been shown that 

repair counts are representative of the actual number of failures, although one does not 

know the reason for the failures.  Figure 4.4 shows the fraction of .B die that failed at pre 

burn-in versus the total number of repairs that they received at SRAM testing. 

 

Figure 4.4:  Pre Burn-in Failure Rate vs. Total Number of SRAM Repairs for .B Device 
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 In figure 4.4, the failure reasons are identical to those previously described in 

figure 4.2.  Also, note that devices with 6 or more repairs have been truncated from the 

data set because of low sample sizes.  This methodology will be used for all figures of 

this type.  It can be easily seen that devices with higher repair counts have a higher 

probability of failing and are more likely to fail for an SRAM related failure.  This is 

expected because if clustering is present, then it is most likely to be near the repair site, 

which would be in the SRAM area.  However, it can also be seen that functional failures 

have a higher probability of occurring for devices with higher repair counts.  Scan chain 

failures and other failures show a slight tendency to increase with more repairs, but this 

may be due to random variation.  A chi-square analysis was performed to verify this 

hypothesis, and the results are shown in table 4.3. 

Table 4.3:  Chi-Square Test for Data Shown in Figure 4.4 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 15.565 .9837* 

DC 5.840 .5587* 

SRAM 565.628 >.9999 

Functional 84.611 >.9999 

Scan 83.327 >.9999 

Other 19.823 .9970* 

All 564.175 >.9999 

* Chi-square suspect; 20% of cells with N < 5 
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 As seen in table 4.3, SRAM, functional, and scan failures are most likely to show 

variation across the different repair count bins.  Again, this confirms the hypothesis that 

SRAM fails can cause other types of failures.  It should be noted that all rows marked 

with an asterisk are likely to have invalid chi-square values because of low sample size in 

at least 20% of cells.  These cells may have artificially higher chi-square values.  

Therefore, the hypothesis that these failure types are different across the repair count bins 

cannot be accepted or rejected. 

 One question that must be answered is related to the type of defect that causes a 

failure at this pre burn-in test point.  How many devices actually fail for high voltage 

stress conditions, which would indicate a reliability problem?  Figure 4.5 shows the 

relationship between high voltage stress failures and repair count. 

 

Figure 4.5:  Stress Failure Rate vs. Total Number of SRAM Repairs for .B Device 
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 Again, as seen in figure 4.5, there is a relationship between repair counts and high 

voltage stress failures for all types of failures.  Of interest are the scan failures, which 

have a large difference between die that were not repaired and die that were repaired.  

This indicates a strong relationship between killer defects in the SRAM area of the die 

and latent defects in the scan chain area of the die that surface after voltage stress 

conditions.  The other failure group also appears to show a distinct trend.  This group 

consists of gross failures that appear after high voltage stress conditions.  SRAM related 

stress failures also show a slight trend, but this is not as distinct. 

 In order to further define the results seen above, the average number of SRAM 

repairs per failure bin was analyzed.  Figure 4.6 shows the top 40 pre burn-in failure bins 

ordered by the average number of SRAM repairs that devices in these bins received at 

SRAM testing. 
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Figure 4.6:  Average Number of SRAM Repairs vs. Pre Burn-in Bin 

 As seen in figure 4.6, 13 out of the top 14 failure bins are SRAM related failure 

bins, with L2Cache Tag failures and gross SRAM failures averaging about 2 repairs per 

device.  This is followed by several functional failure bins.  The good unit bin, 

GoodUnitSpeedC, is seen as the fifth lowest bin in figure 4.6, and there were 

approximately 10 failure bins omitted from figure 4.6 due to space limitations.  Stress 

related SRAM failures are fourth in the list, averaging about 1.4 repairs per device.  It can 

clearly be seen that SRAM failure bins tend to have a higher rate of repair at SRAM 

testing, especially when compared to the good unit bin, and that latent defects found 

through stress testing have a higher rate of repair as well.   
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 The above analysis was also performed on the .C process technology device.  

Figure 4.7 shows the fraction of .C die that failed at pre burn-in versus the total number 

of repairs that they received at SRAM testing. 

 

Figure 4.7: Pre Burn-in Failure Rate vs. Total Number of SRAM Repairs for .C Device 

 As stated earlier, the data set used in figure 4.7 is much larger than the data set 

used for the device with .B process technology.  This is the reason for the larger number 

of repair counts seen in figure 4.7.  This also gives a better definition of the trends 

because sample sizes in each of the bins are much larger.  Figure 4.7 shows a very good 

trend in SRAM failures at pre burn-in for the .C process technology device.  However, 

functional failures only show a slight trend and scan chain failures do not show a definite 

trend.  Table 4.4 shows the chi-square test performed on the data shown in figure 4.7. 
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Table 4.4:  Chi-Square Test for Data Shown in Figure 4.7 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 9.76 .7177* 

DC 2.484 .0375* 

SRAM 2522.157 1.000 

Functional 275.563 >.9999 

Scan 55.581 >.9999 

Other 53.982 >.9999* 

All 1979.312 1.000 

* Chi-square suspect; 20% of cells with N < 5 

 

 As seen in table 4.4, there is an extremely high probability that the fraction of 

devices with SRAM failures varies when compared to the total number of repairs that the 

device received.  Functional and scan chain failures also have a high probability of 

correlating with repair counts; however, it should be noted that there is not a clear trend 

in scan chain failures.  The chi-square test only tests for a variation across bins, not for a 

trend.  In other words, if one bin shows a large variation from all other bins, than the chi-

square test may reject the hypothesis that all bins are equal.  Therefore, after looking at 

the trend in fraction of SRAM failures in figure 4.7, it can be said that either the data is 

erroneous, or there are other factors that are affecting scan chain failures at pre burn-in 

testing. 
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4.1.2 Dependence on SRAM Failure Type 

 The next step in analysis is to split the SRAM repairable failures into types such 

as bit, column, and row failures.  The dependence of pre burn-in failures on row and 

column repairs will also be shown.  Figures 4.8 and 4.9 show the fraction of .B die that 

failed at pre burn-in versus the total number of repairs that they received at SRAM testing 

for both row and column repairs. 

 

Figure 4.8: Pre Burn-in Failure Rate vs. Total Number of Row Repairs for .B Device 
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Figure 4.9: Pre Burn-in Failure Rate vs. Total Number of Column Repairs for .B Device 

 It should be noted that column repairs are more abundant because there is more 

column redundancy available on the device.  Because of this, there are more column 

repair bins shown.  In figure 4.9, a better trend in SRAM failures can be seen when 

plotted against column repair counts than for row repair counts in figure 4.8.  This may 

also be due to a lower sample size in row repair counts.  Also, it appears that there is a 

larger variation in fraction of functional and possibly scan chain fails across column 

repair count bins in figure 4.9.  In order to verify this, a chi-square analysis was 

performed, and the results are shown in tables 4.5 and 4.6. 
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Table 4.5:  Chi-Square Test for Data Shown in Figure 4.8 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 9.321 .9464* 

DC 8.692 .9307 

SRAM 345.993 >.9999 

Functional 63.347 >.9999 

Scan 79.984 >.9999 

Other 23.536 >.9999 

All 423.162 >.9999 

* Chi-square suspect; 20% of cells with N < 5 

 

Table 4.6:  Chi-Square Test for Data Shown in Figure 4.9 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity .586 .1004* 

DC 3.762 .7116 

SRAM 319.282 >.9999 

Functional 23.713 >.9999 

Scan 7.361 .9388 

Other 4.003 .7388* 

All 218.795 >.9999 

* Chi-square suspect; 20% of cells with N < 5 
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 As seen in table 4.5, all failure groups have a high probability of showing 

variation across different column repair counts except for continuity and DC failures.  

This is consistent with all data shown so far.  However, only SRAM and functional 

failure groups show a high probability of variation for different row repair counts.  This 

may indicate that column repairs dominate total repair counts, but row repairs still have 

some correlation with SRAM and functional failures at pre burn-in testing. 

 A similar analysis was performed on the L2 cache failure count data.  The L2 

cache is the largest of all caches in the device, and so more information is available for 

this cache.  Also, using data from an individual cache gives more definition to the type of 

SRAM failure that occurred at SRAM test.  Figures 4.10 through 4.12 show the fraction 

of .B die that failed at pre burn-in versus the total number of repairable SRAM failures 

that existed at SRAM testing for several types of SRAM failures. 
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Figure 4.10: Pre Burn-in Failure Rate vs. Total Number of L2 Cache Row Failures for .B 

Device 

 

Figure 4.11: Pre Burn-in Failure Rate vs. Total Number of L2 Cache Bit Failures for .B 

Device 
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Figure 4.12: Pre Burn-in Failure Rate vs. Total Number of L2 Cache Column Failures for 

.B Device 

 In figures 4.10 through 4.12 shown above, all trends appear to be similar.  It is 

hard to compare these trends because there are different numbers of bins in each figure.  

A chi-square test was performed to quantize this analysis, and the combined results are 

shown in table 4.7. 



 40 

Table 4.7:  Chi-Square Test for Data Shown in Figures 4.10 through 4.12 

Type of Failure Prob(rejecting H0)  

Column Failures 

Prob(rejecting H0)  

Row Failures 

Prob(rejecting H0)  

Bit Failures 

Continuity .5561* .2602* .2314* 

DC .0790* .9903* .9046* 

SRAM .9874 .9919 >.9999 

Functional .9655 .3166* .838 

Scan .0986 .1403* .3611 

Other .0546* .2960* .6804* 

All >.9999 .9548 >.9999 

* Chi-square suspect; 20% of cells with N < 5 

 

 As seen in table 4.7, there are a small number of row failures in the data set, and 

therefore many of the cells have a small sample size, altering the results.  This may be 

another reason why there are a small number of row repairs in the repair count data 

shown earlier.  It can be seen from comparing bit and column failures that SRAM failures 

at pre burn-in have a high dependence on bit failures, and functional failures at pre burn-

in have a higher dependence on repairable column failures.  Functional failures also have 

a larger variation in probabilities in table 4.7.  This relationship is very important and will 

be verified using the .C process technology device.   
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 Figures 4.13 and 4.14 show the fraction of .C die that failed at pre burn-in versus 

the total number of repairs that they received at SRAM testing for both row and column 

repairs. 

 

 

Figure 4.13: Pre Burn-in Failure Rate vs. Total Number of Column Repairs for .C Device 
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Figure 4.14: Pre Burn-in Failure Rate vs. Total Number of Row Repairs for .C Device 

 The trends shown in figures 4.13 and 4.14 for the .C device are similar to those 

for the .B device shown in figures 4.8 and 4.9.  SRAM failures have a very linear trend 

when compared with both column and row repair counts.  One possible difference is that 

functional failures show a smaller dependency on column repairs.  A chi-square analysis 

was performed to verify these observations, and the results are shown in tables 4.8 and 

4.9. 
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Table 4.8:  Chi-Square Test for Data Shown in Figure 4.13 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 4.226 .3539* 

DC 2.324 .1124* 

SRAM 1826.340 1.0000 

Functional 277.434 >.9999 

Scan 43.493 >.9999 

Other 72.606 >.9999* 

All 1623.074 1.0000 

* Chi-square suspect; 20% of cells with N < 5 

 

Table 4.9:  Chi-Square Test for Data Shown in Figure 4.14 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 5.274 .7396 

DC 1.594 .1902 

SRAM 1649.628 1.0000 

Functional 52.151 >.9999 

Scan 11.977 .9825 

Other 11.366 .9773 

All 976.355 >.9999 
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 Tables 4.8 and 4.9 are again similar to tables 4.5 and 4.6, which show the same 

results for the .B device.  SRAM, functional, and scan chain failures all show a high 

probability of variation for different column repair counts, and both SRAM and 

functional failures show a high probability of variation for different row repair counts.  

However, SRAM failures are by far the most likely to have dependence on both row and 

column repair counts. 

 Figures 4.15 through 4.17 show the fraction of .C die that failed at pre burn-in 

versus the total number of L2 cache repairable failures that they had at SRAM testing for 

various types of repairable failures. 

  

Figure 4.15: Pre Burn-in Failure Rate vs. Total Number of L2 Cache Bit Failures for .C 

Device 
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Figure 4.16: Pre Burn-in Failure Rate vs. Total Number of L2 Cache Column Failures for 

.C Device 

 

Figure 4.17: Pre Burn-in Failure Rate vs. Total Number of L2 Cache Row Failures for .C 

Device 
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 The trend mentioned earlier for the .B devices is again noticeable for the .C 

device.  Functional failures seem to have a higher dependence on column SRAM failures 

at SRAM testing.  A large variation in pre burn-in SRAM failures is seen for devices with 

higher numbers of row SRAM failures as well.  A chi-square test was performed to verify 

these relationships, and the results are shown in table 4.10. 

Table 4.10:  Chi-Square Test for Data Shown in Figures 4.15 through 4.17 

Type of Failure Prob(rejecting H0)  

Column Failures 

Prob(rejecting H0)  

Row Failures 

Prob(rejecting H0)  

Bit Failures 

Continuity .3561* .0506* .2547* 

DC .8567 .1334* .0812* 

SRAM .9921 >.9999 >.9999 

Functional >.9999 .1381* .9380 

Scan .0470 .4435* .2194* 

Other .3986* .1258* .3851* 

All >.9999 >.9999 >.9999 

* Chi-square suspect; 20% of cells with N < 5 

 

 As seen in table 4.10, pre burn-in functional failures do in fact have a better 

correlation with column SRAM failures at SRAM testing, while pre burn-in SRAM 

failures correlate better with single bit and row SRAM failures at SRAM testing.  This 

agrees with results from the .B device. 

 



 47 

4.2 Post Burn-in High Temperature Failures 

 After burn-in, all devices are again tested for functionality.  This test point, called 

post burn-in, verifies that a device is fully functional at high temperatures after burn-in.  

No stress testing is performed at this point, and the test is somewhat less intensive than 

the pre burn-in test.  Again, results from both .B and .C devices as well as all memory 

caches will be presented. 

4.2.1 Repair Count Correlation 

Figure 4.18 shows the correlation between die with repaired and non-repaired 

caches at SRAM testing and failure rate at post burn-in for several types of failures for 

the device with .B process technology.   
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Figure 4.18: Post Burn-in Failure Rate vs. SRAM Test Bin for .B Device 

 The results shown in figure 4.18 are very similar to those seen at pre burn-in.  The 

fraction of devices failing an SRAM test doubles when comparing devices that were 

repaired to devices that were not repaired at SRAM test.  Functional and scan chain 

failures show a clear correlation as well.  The chi-square test for the data shown in figure 

4.18 is shown in table 4.11. 



 49 

Table 4.11:  Chi-Square Test for Data Shown in Figure 4.18 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity .024 .1229 

DC 1.348 .7544 

SRAM 49.089 >.9999 

Functional 2.977 .9155 

Scan 3.826 .9495 

Other 1.448 .7712 

All 12.728 .9996 

 

 Because of the smaller sample size, the chi-square results shown in table 4.11 

show a smaller probability of rejecting the null hypothesis than the chi-square results for 

pre burn-in test failures.  Therefore, it is less certain that die that were repaired at SRAM 

test have a higher probability of failing for any reason.  However, table 4.11 also shows a 

similar trend to the pre burn-in results.  The highest probability of rejecting the null 

hypothesis is for post burn-in SRAM failures, followed by scan chain failures and then 

functional failures.  

Figure 4.19 shows the correlation between die with repaired and non-repaired 

caches at SRAM testing and failure rate at post burn-in for several types of failures for 

the device with .B process technology. 
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Figure 4.19: Post Burn-in Failure Rate vs. SRAM Test Bin for .C Device 

 The results shown in figure 4.19 appear to show a smaller variation between .C 

devices with repaired SRAM and devices without repaired SRAM than seen for .B 

devices in figure 4.18.  However, the scale is much larger in figure 4.19.  Therefore, 

results for both devices are similar except for scan chain fails, which appear to show no 

variation.  A chi square test was performed, and the results are shown in table 4.12. 



 51 

Table 4.12:  Chi-Square Test for Data Shown in Figure 4.19 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 2.586 .8922 

DC .354 .4481 

SRAM 185.463 >.9999 

Functional 43.623 >.9999 

Scan .073 .2128 

Other .015 .0985 

All 177.433 >.9999 

 

 The results shown in table 4.12 confirm the above observations from figure 4.19.  

SRAM and functional failures are much more likely to occur for repaired devices than for 

devices that were not repaired, and scan chain failures likely do not have this relationship. 

  As for pre burn-in failures, the data was separated by the number of repairs in 

order to further discriminate the data.  Figure 4.20 shows the fraction of .B die that failed 

at post burn-in versus the total number of repairs that they received at SRAM testing. 
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Figure 4.20:  Post Burn-in Failure Rate vs. Total Number of SRAM Repairs for .B 

Device 

 Again, it is clearly seen that SRAM related failures have a high correlation with 

total number of repairs.  Scan chain and functional failures, even though they showed a 

relatively higher probability of occurring for repaired devices, do not seem to have a clear 

trend defined for increasing number of repairs.  If not for the bin with devices with 4 

repairs, there would be virtually no trend in fraction of devices with these types of 

failures.  These results will be compared with results from the .C device in order to make 

a conclusion.  In order to quantify these observations, a chi-square test was performed, 

and the results are shown in table 4.13. 
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Table 4.13:  Chi-Square Test for Data Shown in Figure 4.20 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 3.134 .3207* 

DC 4.089 .4633 

SRAM 94.139 >.9999* 

Functional 10.882 .9462 

Scan 5.829 .6768* 

Other 4.667 .5422* 

All 25.562 .9999 

* Chi-square suspect; 20% of cells with N < 5 

 

 Table 4.13 shows that it is very likely that the total fraction of devices failing is 

different depending on the total number of repairs.  The fraction of devices with SRAM 

failures is also likely to be different, although the result may be skewed due to a low 

device count.  However, because of the obvious trend shown in figure 4.20 for SRAM 

failures, it is still likely that SRAM failures have a dependence on total repair counts.  

The next likely failure type to show a variation depending on the total number of repairs 

is functional failures.  No other failure group is likely to show variation between the bins 

shown in figure 4.20.  Except for scan chain failures, these results are similar to those 

seen for pre burn-in failures. 

 Figure 4.21 shows the fraction of .C die that failed at post burn-in versus the total 

number of repairs that they received at SRAM testing. 
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Figure 4.21:  Post Burn-in Failure Rate vs. Total Number of SRAM Repairs for .C 

Device 

 Again, as was seen for .B devices, a clear trend is not seen in figure 4.21 for 

devices with functional or scan chain related failures.  Also, the fraction of devices with 

SRAM related failures shows a more linear correlation with the number of repairs 

received at SRAM testing when compared to the results seen in for .B devices, where the 

relationship appears to be non-linear.  This observation may be affected by the sample 

size, which is much larger for .C devices than for .B devices.  This relationship will be 

discussed more at the end of this chapter.  Table 4.14 shows the results of the chi-square 

test for the data shown in figure 4.21. 
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Table 4.14:  Chi-Square Test for Data Shown in Figure 4.21 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 7.376 .8059* 

DC 2.547 .2307 

SRAM 218.447 >.9999 

Functional 52.769 >.9999 

Scan .982 .0360* 

Other 1.528 .0902* 

All 205.293 >.9999 

* Chi-square suspect; 20% of cells with N < 5 

 

 The results shown in table 4.14 are very similar to those shown in table 4.13 for 

the .B device.  However, the results do not show a high probability of variation for scan 

chain failures or other failures as seen for pre burn-in failures. 

4.2.2 Dependence on SRAM Failure Type 

  As before, the SRAM repaired failures will now be split by the type of failure 

that occurred.  Figures 4.22 and 4.23 show the fraction of .B die that failed at post burn-in 

versus the total number of repairs that they received at SRAM testing for both row and 

column repairs. 
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Figure 4.22: Post Burn-in Failure Rate vs. Total Number of Row Repairs for .B Device 

 

Figure 4.23: Post Burn-in Failure Rate vs. Total Number of Column Repairs for .B 

Device 
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 Figure 4.22, which shows the fraction of devices failing versus the number of row 

repairs that the device received, shows a good trend in SRAM related post burn-in 

failures.  This is also seen in figure 4.23 for column repairs.  However, there is no clear 

trend for any other type of failure at post burn-in.  This contrasts with the pre burn-in 

results where functional failures showed a strong dependence on both column and row 

repairs, and scan chain failures showed a dependence on column repairs.  The chi-square 

test results for the data shown in figures 4.22 and 4.23 are shown in tables 4.15 and 4.16. 

Table 4.15:  Chi-Square Test for Data Shown in Figure 4.22 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 2.287 .6813* 

DC .283 .1320 

SRAM 19.525 >.9999 

Functional 1.614 .5539 

Scan .055 .0271 

Other 2.241 .6738* 

All 7.494 .9764 

* Chi-square suspect; 20% of cells with N < 5 
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Table 4.16:  Chi-Square Test for Data Shown in Figure 4.23 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 2.814 .7552 

DC 2.763 .7488 

SRAM 67.635 >.9999 

Functional 5.795 .7850 

Scan 7.298 .9740 

Other .983 .3882 

All 8.229 .9837 

* Chi-square suspect; 20% of cells with N < 5 

 

 The chi-square results shown in tables 4.15 and 4.16 confirm the observations 

described above.  There appears to be only one strong correlation; between SRAM 

failures at post burn-in and both column and row repairs at SRAM testing.  This also 

appears to contradict the results shown in figure 4.21 and table 4.14, which shows a good 

correlation between functional failures and the total number of repairs that a device 

received.  Therefore, it appears that functional failures may depend on SRAM repairs, but 

they do not have a good correlation with the type of repair that the device received.  A 

correlation between scan chain failures and column repairs is also shown in table 4.16; 

however, as before, there appears to be no good trend in the fraction of devices with scan 

chain failures for increasing numbers of column repairs shown in figure 4.23.  Therefore, 
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it can be said that there is insufficient information to suggest a dependence of scan chain 

failures on SRAM column repairs at post burn-in. 

 Figures 4.24 and 4.25 show the relationship between the fraction of .C die that 

failed at post burn-in versus the total number of repairs that they received at SRAM 

testing for both row and column repairs. 

 

Figure 4.24: Post Burn-in Failure Rate vs. Total Number of Row Repairs for .C Device 
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Figure 4.25: Post Burn-in Failure Rate vs. Total Number of Column Repairs for .C 

Device 

 As seen for the .B device, figures 4.24 and 4.25 show a very good trend in SRAM 

failures at post burn-in.  Also, a possible relationship between functional and scan chain 

failures and SRAM column repairs can be seen in figure 4.24.  The chi-square test results 

for the above data are shown in tables 4.17 and 4.18. 
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Table 4.17:  Chi-Square Test for Data Shown in Figure 4.24 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 5.496 .9360 

DC 2.932 .7692 

SRAM 53.029 >.9999 

Functional 19.550 >.9999 

Scan 2.805 .7143 

Other 1.169 .4425 

All 54.194 >.9999 

 

Table 4.18:  Chi-Square Test for Data Shown in Figure 4.25 

Type of Failure Pearson Chi-square Prob(rejecting H0) 

Continuity 6.538 .7427* 

DC 3.514 .3787 

SRAM 190.950 >.9999 

Functional 41.346 >.9999 

Scan 4.757 .5537* 

Other 5.844 .6783* 

All 178.705 >.9999 

* Chi-square suspect; 20% of cells with N < 5 
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 As seen in tables 4.17 and 4.18, both SRAM and functional failures have a high 

probability of rejecting the null hypothesis.  However, as stated earlier, a trend in 

functional failures when compared with row repair counts is not visible.  Therefore, it can 

be said that functional failures at post burn-in only appear to have a dependence on 

SRAM column repairs. 

As stated before, more detailed data is recorded about L2 cache failures.  

However, for the .B device, this data is extremely limited when matching to post burn-in 

failures.  Therefore, this data will not be presented.  Instead, data from the .C device will 

be shown.  Figures 4.26 through 4.28 show the fraction of .C die that failed at post burn-

in versus the total number of L2 cache repairable failures at SRAM testing for various 

types of repairable failures. 

 

Figure 4.26: Post Burn-in Failure Rate vs. Number of L2 Cache Bit Failures for .C 

Device 
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Figure 4.27: Post Burn-in Failure Rate vs. Number of L2 Cache Row Failures for .C 

Device 

 

Figure 4.28: Post Burn-in Failure Rate vs. Number of L2 Cache Column Failures for .C 

Device 
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 Again, as seen in figures 4.26 through 4.28, SRAM failures at post burn-in 

correlate well with SRAM bit and row failures.  However, the relationship with SRAM 

column failures is not as obvious.  A higher fraction of devices with functional and DC 

failures is seen for devices with an SRAM row failure.  DC failures have not shown a 

relationship with SRAM failures so far, and so this is unusual.  Also, devices with two 

SRAM column failures have a higher probability of having a functional, SRAM, or scan 

chain failure.  This may be erroneous due to the smaller sample size.  The results from 

the chi-square test of this data, shown in table 4.19, were used to verify these 

relationships. 

Table 4.19:  Chi-Square Test for Data Shown in Figures 4.26 through 4.28 

Type of Failure Prob(rejecting H0)  

Column Failures 

Prob(rejecting H0)  

Row Failures 

Prob(rejecting H0)  

Bit Failures 

Continuity .0883* .1735 .3617* 

DC .3777 .6633 .6579 

SRAM .2101 .4202 .9938 

Functional .6636 .9371 .2574* 

Scan .9727 .2155 .0520* 

Other .3126* .1161 .4140* 

All .4167 .8072 .9470 

* Chi-square suspect; 20% of cells with N < 5 
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 As seen in table 4.19, the relationship between post burn-in SRAM failures and 

SRAM bit failures is the strongest of those shown in figures 4.26 through 4.28.  Scan 

chain failures also have a relatively high probability of having variation when compared 

with SRAM column failures.  The chi-square test shows that no other relationships have a 

high probability of rejecting the null hypothesis.  This is expected considering the small 

sample size and small SRAM repairable failure counts shown in figures 4.26 though 4.28.  

Both of these effects will cause the chi-square test to show a lower probability of 

rejecting the null hypothesis. 

 

4.3 Yield Reliability Modeling 

 In order to use the results shown previously, a yield reliability model must be 

created.  This model will predict, for any number of SRAM repairable failures that a 

device receives, the likelihood of the device passing stress testing.  For this experiment, 

the negative binomial distribution model described in chapter two will be used as a 

starting point.  For experimental data, the overall reliability yield is calculated as the 

product of pre burn-in and post burn-in yields.  The experimental data will then be 

compared with the negative binomial model.  Figure 4.29 shows the experimental and 

expected yields versus the number of SRAM repairs for the .C device. 
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Figure 4.29:  Actual and Expected Yields Versus Number of Repairs for .C Device 

 As seen in figure 4.29, the curve labeled FTY, shown in blue, is the overall 

reliability yield.  This curve is mostly controlled by the pre burn-in yield, shown in green, 

because the post burn-in yield is so high.  The yield model curve, shown in orange, is 

taken from equation 2.4 in chapter 2.  The FTY curve appears to follow the yield model 

curve, but there is an offset.  The experimental yield appears to be higher than the 

calculated yield.  This may be due to errors in calculating the defect density and 

clustering parameters because this is such a large device.  Even though a device may fail, 

there may be several killer or latent defects in the device.  In order to compare the yield 

model to experimental results, an actual versus expected scatter plot is shown in figure 

4.30. 
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Figure 4.30:  Actual Versus Expected Yields for .C Device 

 As seen in figure 4.30, the actual versus expected scatter plot is very linear.  The 

line of best fit, shown in red, is described by the equation 

ModelFTY ⋅+= 007.1125.        (4.1) 

and has an r-squared value of .977.  As explained above, this shows that the experimental 

results for the .C device follow the expected results very well but have a 12.5% yield 

offset. 

 For the device with .B process technology, the same negative binomial model was 

used, but different values were used for defect densities and the clustering parameter.  

0.75

0.8

0.85

0.9

F
T

Y

.6 .65 .7 .75

Yield Model

Linear Fit



 68 

Figure 4.31 shows the experimental and expected yields versus the number of SRAM 

repairs for the .B device. 

 

Figure 4.31:  Actual and Expected Yields Versus Number of Repairs for .B Device 

 As seen in figure 4.31, the FTY curve, shown in blue, appears to be linear for the 

data shown but has a different slope and offset than the yield model curve, shown in 

orange.  In order to evaluate these observations, the actual versus expected scatter plot is 

shown in figure 4.32. 
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Figure 4.32:  Actual Versus Expected Yields for .B Device 

 The actual versus expected scatter plot appears to be better behaved than the plots 

for the device with .C process technology.  The line of best fit, shown in red, is described 

by the equation 

ModelFTY ⋅+−= 26.2562.        (4.2) 

and has an r-squared value of .998.  This shows that the actual results have a very linear 

relationship with the model with a considerable multiplication factor.  The reason for this 

factor is not known but may be due to an incorrect defect density or clustering parameter.  

As stated before, these parameters are calculated based on yields but may be incorrect 

due to the large size of the devices used.   
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CHAPTER V 

CONCLUSIONS 

 From the results shown above, several conclusions can be drawn.  It is apparent 

that, at all test points and for both devices, devices that have been repaired have a higher 

probability of having a defect than devices that have not been repaired.  In all cases, the 

probability of a device having an SRAM related latent defect is doubled for devices that 

have had SRAM repairs performed, and the chi-square probability of variation between 

the two classes of devices is very close to one.  This is a direct result of clustering of 

failures in the device.  This has been proven in many nearest neighbor experiments for 

die that are local to a failing die.  One hypothesis is that the latent defect that causes the 

reliability failure of a device is of the same type and/or placement as the original killer 

defect that caused the SRAM repair.  However, the repair itself may also cause an SRAM 

failure.  This would be due to timing or continuity issues caused by the fuse that is used 

for repair.  Deconstruction and visual failure analysis of a sample of failing devices must 

to be performed in order to confirm this hypothesis. 

It is also apparent in most cases that devices with a killer defect in SRAM have a 

higher probability of having a latent defect in the functional area of the device.  This is 

seen mostly for pre burn-in testing but is also present at post burn-in testing.  This 

indicates that clustering can affect areas of the device other than the SRAM.  These 

results are expected because the functional blocks of the device share silicon, metal, and 

insulator layers with the SRAM blocks.  One hypothesis that would explain why 



 71 

functional failures have a lower probability of corresponding to SRAM repairs is because 

the functional blocks use more layers than the SRAM blocks.  This is because SRAM 

blocks are not very complex and only require two or three metal layers.  Functional 

blocks, however, can use seven or more metal layers and a comparable number of 

insulating and polysilicon layers.  Therefore, a defect is much more likely to occur in the 

many layers of a functional block.  Defects in these layers will dilute the clustered defects 

that also exist in the SRAM blocks, causing the results shown above to be more uniform.  

Another hypothesis would be that functional blocks are physically located farther away 

from SRAM blocks, and so clustered defects will have a smaller probability of affecting 

functional blocks.  Finally, the lower dependence of functional failures on SRAM repairs 

may be a testing issue.  Almost all tests are stop on fail tests (SOF), meaning that when a 

failure is detected, the test is stopped and the device is logged as failing for that reason.  

If other failures exist in the device, these will not be found or logged.  Because SRAM 

testing is performed first, then when an SRAM failure is detected, any functional failures 

that may exist are not found, meaning that not all functional failures are found.  Again, an 

in depth failure analysis of a sample of devices with functional failures will have to be 

performed in order to verify any of these hypotheses. 

In all cases, a very good trend can be seen when comparing the number of 

repairable SRAM defects to the probability that a device will fail.  This was driven 

mostly by SRAM related failures at both pre burn-in and post burn-in testing, but also by 

functional failures at pre burn-in testing.  Also, this trend agrees with the negative 

binomial reliability model described in chapter two.  No clear explanation exists for the 
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offset that was seen when comparing the experimental model to actual results, but the 

two trends have very similar slopes.  As explained earlier, the offset may be due to 

inconsistencies in the defect density or clustering parameters.  However, the most likely 

explanation for this result is that the model uses the entire area of the device, whereas 

only a part of the device is repairable.  This can affect the model in such a way as 

described above.  The model may have to be adjusted in order to account for this. 

A desired result of this experiment was to limit the number of redundant SRAM 

bits available for the device.  However, this may not be feasible.  Redundant SRAM can 

only be used for a certain block of memory, and usually only one or two rows and 

columns are available for each block.  Devices do not show a sharp decrease in yield 

unless the repair counts exceed about 5 repairs.  Therefore, if a redundant column in this 

device were removed for each block, then a device that needs 2 column repairs in that 

block would not be able to be repairable.  Yet, devices with 2 repairs tend to show a 

relatively high yield, and so this device is likely to pass reliability testing.  However, row 

repairs tend to show a sharper drop in reliability yield.  This would indicate that fewer 

redundant rows might be possible.  But, due to the physical layout of this device, this is 

not possible because row repairs may only be made in pairs.  Therefore, it can be said 

that for this device, a reduction in the number of redundant SRAM would not be 

beneficial.  But if a device had much more redundancy built in, a reduction may be 

possible. 
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APPENDIX 

REFERENCE MATERIAL 

 

Table A:  Chi-Square Table [13] 

df 0.995 0.99 0.975 0.95 0.9 0.1 0.05 0.025 0.01 0.005

1 --- --- 0.001 0.004 0.016 2.706 3.841 5.024 6.635 7.879

2 0.01 0.02 0.051 0.103 0.211 4.605 5.991 7.378 9.21 10.597

3 0.072 0.115 0.216 0.352 0.584 6.251 7.815 9.348 11.345 12.838

4 0.207 0.297 0.484 0.711 1.064 7.779 9.488 11.143 13.277 14.86

5 0.412 0.554 0.831 1.145 1.61 9.236 11.07 12.833 15.086 16.75

6 0.676 0.872 1.237 1.635 2.204 10.645 12.592 14.449 16.812 18.548

7 0.989 1.239 1.69 2.167 2.833 12.017 14.067 16.013 18.475 20.278

8 1.344 1.646 2.18 2.733 3.49 13.362 15.507 17.535 20.09 21.955

9 1.735 2.088 2.7 3.325 4.168 14.684 16.919 19.023 21.666 23.589

10 2.156 2.558 3.247 3.94 4.865 15.987 18.307 20.483 23.209 25.188

11 2.603 3.053 3.816 4.575 5.578 17.275 19.675 21.92 24.725 26.757

12 3.074 3.571 4.404 5.226 6.304 18.549 21.026 23.337 26.217 28.3

13 3.565 4.107 5.009 5.892 7.042 19.812 22.362 24.736 27.688 29.819

14 4.075 4.66 5.629 6.571 7.79 21.064 23.685 26.119 29.141 31.319

15 4.601 5.229 6.262 7.261 8.547 22.307 24.996 27.488 30.578 32.801

16 5.142 5.812 6.908 7.962 9.312 23.542 26.296 28.845 32 34.267

17 5.697 6.408 7.564 8.672 10.085 24.769 27.587 30.191 33.409 35.718

18 6.265 7.015 8.231 9.39 10.865 25.989 28.869 31.526 34.805 37.156

19 6.844 7.633 8.907 10.117 11.651 27.204 30.144 32.852 36.191 38.582

20 7.434 8.26 9.591 10.851 12.443 28.412 31.41 34.17 37.566 39.997

21 8.034 8.897 10.283 11.591 13.24 29.615 32.671 35.479 38.932 41.401

22 8.643 9.542 10.982 12.338 14.041 30.813 33.924 36.781 40.289 42.796

23 9.26 10.196 11.689 13.091 14.848 32.007 35.172 38.076 41.638 44.181

24 9.886 10.856 12.401 13.848 15.659 33.196 36.415 39.364 42.98 45.559

25 10.52 11.524 13.12 14.611 16.473 34.382 37.652 40.646 44.314 46.928

26 11.16 12.198 13.844 15.379 17.292 35.563 38.885 41.923 45.642 48.29

27 11.808 12.879 14.573 16.151 18.114 36.741 40.113 43.195 46.963 49.645

28 12.461 13.565 15.308 16.928 18.939 37.916 41.337 44.461 48.278 50.993

29 13.121 14.256 16.047 17.708 19.768 39.087 42.557 45.722 49.588 52.336

30 13.787 14.953 16.791 18.493 20.599 40.256 43.773 46.979 50.892 53.672

40 20.707 22.164 24.433 26.509 29.051 51.805 55.758 59.342 63.691 66.766

50 27.991 29.707 32.357 34.764 37.689 63.167 67.505 71.42 76.154 79.49

60 35.534 37.485 40.482 43.188 46.459 74.397 79.082 83.298 88.379 91.952

70 43.275 45.442 48.758 51.739 55.329 85.527 90.531 95.023 100.425 104.215

80 51.172 53.54 57.153 60.391 64.278 96.578 101.879 106.629 112.329 116.321

90 59.196 61.754 65.647 69.126 73.291 107.565 113.145 118.136 124.116 128.299

100 67.328 70.065 74.222 77.929 82.358 118.498 124.342 129.561 135.807 140.169  
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