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Abstract

Modern Design-For-Test (DFT) practices not onlydifg test generation but also make it much easiatiagnose problems
uncovered in production test. In fact, many diagicessteps can be automated enough to enable paichssing of large quantities
of fail data captured during product ramp and vaymoduction. Hidden in these fail data is veryuadlle information about the
product design, manufacturing process, and interacbetween the two. The embedded tutorial wilMate an overview of some of
the analysis methods that are being used and/totpped in the industry, as well as the underlydiaga sharing between the design
and manufacturing areas that is required for amdbled by the analyses.

Introduction

Design and manufacturing used to exist in two nuoriess separate worlds. The “fastest path from RIGDSII” mantra of the
Electronic Design Automation (EDA) industry negkethat silicon is not printed from GDSII and thabguction test generally stands
between the design and shipping working products.

With modern sub-wavelength lithography, the patimfiGDSII to silicon includes increasingly complaxdaoftentimes finicky
shapes enhancement algorithms for mask prepar&i@m with all this effort, the final shapes endigon the silicon are no longer
entirely faithful reproductions of the GDSII. Anaot only lateral shapes are subject to distorti@upper interconnect structures, for
example, are experience thickness variations cauge@nsity-dependent effects in Chemical Mechdiitcéishing (CMP). These
and other emerging processing idiosyncrasies leadnetimes undesirable parametric consequenedsdtrical behavior. How
significant the parametric aberrations are, depémdscertain degree on how well the design strastanticipate the modifications
and variations in manufacturing and how well theraotion/verification tools predict the modificati® and variations.

In other words, modern design tools have to inénghgsbe familiar with and understand the manuféoty processes and how they
interact with the design intent. Manufacturing, ikanty, has to live with the fact that yield no lper is primarily dominated by
catastrophic defects due to process issues lik@dimpurities, but also by parametric defectsiag from design-process
interactions. Yield ramp and yield management, equently can no longer exist exclusively in thegess domain, but must equally
focus on design-related issues.

Electrical test at wafer or final sort is the pladeere the rubber of design specific parametricabih first meets the road of silicon
reality. It is production test where the statidtiogpact of certain design weaknesses first hagpgortunity to manifest itself.
Characterization test may be more thorough but doetest involve samples for meaningful statistazzalysis. Analyzing large
guantities of production test fails, hence, isfire chance to understand and subsequently atketie root causes for the fails. With
modern diagnostic analysis techniques, manufagu@m be transformed from a “simple” pass/fail snirg operation to an
increasingly valuable data acquisition and desigtiess learning facility.

About Defects
Defects come in many forms and have many differeoit causes. Historically, manufacturing yield l@sss largely dominated by
random particle contamination (60% of the loss atume 350nm processes, according to [1]). Thegestinterfere with the proper

formation of silicon structures.

Figure 1 shows an example of how a particle onra bafer leads to malformed interconnects after CMP
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Figure 1: Particle-induced defect [2]

This type of defect can be characterized as ranslrause particles settle on the silicon surfacéaiaty. If a particle happens to hit
an area with no circuit structures in close engugiximity, then the particle has no effect on thedtionality of the final chip and
may be considered “harmless”. On the other harttigiparticle of a certain size hits a so callattit@al area” such that it overlaps
with or sufficiently encroaches on nearby circtiistures, then the particle could cause malforomstiof the circuit elements. The
yield impact of particles depends on the defecsigrinumber of particles per unit area), theiedilistribution, and the critical area
on the chip.

Figure 2 illustrates the critical area conceptdarticles that can lead to additional material.
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Figure 2: Critical area for additional material

Yield loss due to such randomly distributed pagobr impurities sometimes is also referred toedsat-limited loss or area-based
yield loss [1].

Another important characteristic of the particléeste shown in Figure 1 is that the particle is abied “visual defect” that can be seen
by in-line wafer inspection equipment. Such equiphperforms surface scans of selected wafers etteel processing steps in the
fabricator. The surface scan images are optiosatised for future reference, and they are postgesed by image analysis software
to identify defect locations and defect sizes. Twations (x, y, layer, etc.), sizes, and possilther classifications are stored in a so
called defect map. In-line inspection and defegbsrare one vehicle used for continuously monitodafgct densities and defect
distributions in a wafer processing facility.

Not all defects are random in nature and affecivafier areas indiscriminately, but are more systenianature and may affect only
certain design features or feature combinatioris.pgtedicted that feature-based yield will becanoeeasingly more significant than
area-based yield loss for sub-wavelength technetogiee Figure 3).
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Figure 3: Predicted evolution of area-based verfaature-based yields [1]

The extreme depth versus width aspect ratio o$triactures in modern technologies makes it difficalreliably establish contact
between the interconnect layers and resistive ojpevia structures have become a notorious yieddds

Sub-wavelength lithography effects, even with Reioh Enhancement Techniques like OPC, are anettemnple for a potential
systemic defect source. Sub-wavelength lithogragdfects impair the fidelity with which the intend&yout features expressed in



the GDSII can be printed onto the silicon. Figurghdws an overlay some intended layout featurdisl (Seapes) and the predicted
silicon image (white outlines) printed from a REfkanced mask.

Figure 4: Comparison of intended layout featured anedicted silicon image (white outlines) [3]

Despite a high effort expended in RET to presehnesféatures as faithfully as possible, the predieietual silicon shapes are not an
exact match. The formation of side-lobes in theiacsilicon changes the parasitic coupling capac#a and increases the likelihood
of shorts between some adjacent features. Hente thwm parametric electrical behavior and the dedeasitivity of the circuit are
impacted in a systematic fashion (i.e., only fattaie combinations of layout features). In additigate density and new fabrication
techniques like dual damascene copper intercommeduce a variety of more or less subtle defeatdypuch as antennae effects,
metal erosion, stress voids, resistive vias anda¥ticidges. A couple of examples are depicted gufé 4a.

Fig. 4a. Nanometer test challenges: Small geonrsetiied new materials create new defect types, ssicbsistive vias (left) and
opens (right).

In addition to visible physical defect manifestagpother circuit failures can arise from electringeractions and effects. Cross-talk
between neighboring interconnect lines or noisgling between circuits are examples for such defefetcurately predicting circuit
behavior during design is getting increasingly ctar@nd difficult. The mismatch between silicon dagbut shapes, as illustrated in
Figure 4, is only one of many effects that can eznmhrasitics extracted from the design data imatewand lead to unpredictable
marginalities. Although systemic in nature, sude@t can conspire with random inter- and intragdigcess variations and signal
integrity issues to create seemingly random panacn@toblems. To make matters worse, the parameégfects and some non-
parametric physical processing problems are eptingisible to in-line inspection tools traditiomaused for defect monitoring. The
International Technology Roadmap for Semicondudfidr®S 2003) predicts that parametric and non-\isaadom defects will
become increasingly significant and cumbersomadiwanced process nodes [4].

Traditional Defect Learning: Defect Maps and Test &uctures

The already mentioned surface scan equipment isn@tieod to more or less directly find out aboutaierdefects in the process.
However the surface scan alone cannot predictemeligh which of the observed defects will actualtgr the electrical behavior in
a way that leads to circuit malfunctions. Specidigigned, easy to test and diagnose test strecuesone method by which
semiconductor manufacturers learn about which &imdl how many defects actually affect the electficaperties of manufactured
circuits. Such test structures are routinely mastufed and analyzed during all stages of processldegment and volume production
to quantitatively monitor electrically relevant def distributions.



Test structures often are designed for the deteeti analysis of specific defect types in spegifiicess modules. Figure 5, for
example, illustrates a single-layer serpentinecsitine useful for interline bridging defect analysis

Figure 5: Single-layer serpentine test structureldadging defects [5]

Regular and simple test structures like the onevehia Figure 5 greatly simplify the characterizatiof specific defect distributions,
but lack the comprehensiveness of the wide rang#aiit structures and layout features used fomalgroduct designs. Hence,
more sophisticated test chips combine a wide wadgtest structures and may even be tailored teerntmsely represent the circuit
and layout features of particular product desigie Characterization Vehicles described in [1]etamples of highly sophisticated
defect monitors.

Defect Learning: Product Designs

Product design substructures and complete prodhsigials can also be useful for defect learningjqadatly if the production test
methodology is appropriately enhanced for that psep To that effect, the productions tests mustiibe to detect the presence of
relevant defect populations and produce sufficikagnostic data about the fail mechanisms. Thendistic data must be logged and
subsequently analyzed to determine their root caudds analysis entails characterizing and loggdithe likely root cause area (that
is, finding the signals in the electrical circuithematic that are most likely associated with tieg cause), and then physically finding
the defect (that is, if necessary, de-processiadritlicated area to visually find the defect). DlethElectrical and Physical Failure
Analysis (EFA/PFA), tend to involve expensive lajupment and manual effort by highly skilled Fagluknalysis (FA) or silicon
debug specialists.

Memory Diagnostics and Bitmapping

Their dense, yet regular structure that can be sengitive to defects and at the same time simaplifiagnostics has made memories
an industry favorite for defect monitoring and ldag. Stand-alone DRAM products for a long time evélre production vehicles of
choice for yield ramp and process monitoring. Watic products (e.g., micro-processors) nowadatendeading the introduction of
new technologies, the emphasis has shifted to edaakechemories.

In direct access test methods the Automatic Testdaeent (ATE) can directly access the boundanhefémbedded memory macros
such that the memory test resources of the ATEbeautilized. These ATE resources may include soighied programmable pattern
generation hardware as well as real-time fail #tagging and diagnostic features. In many practggilications memory Built-In
Self-Test (BIST) is replacing direct access mentesging. Memory diagnosis involves exciting theet#$ such that they cause the
test to fail and collecting detailed fail data ahgritest in a process called bit-mapping.

If BIST is used, the BIST methodology has to prevaahough flexibility and sophistication to match ttefect detection capability of
ATE. As new process nodes can create new and soegtinpredictable failure modes, the current tieradivanced BIST
development is to improve the timing capabilitimsdetect subtle timing fails), richness of tegfaithms (to detect known subtle fail
modes), and programmability (to allow for adjustthg test to emerging fail scenarios) of the onpp@IiST engines. In addition,
more emphasis is given to data logging featurestnacting detailed bit-level fail data from theiz. Where applicable, some fail
data processing has to be moved entirely on-clipekample, repairable memories with redundantespawrs/columns for test cost
reasons tend to require real-time fail data anslglaring productions test to determine how to paogthe spare address re-mapping
data (e.g., fuse block). Neither does typical lIo§iE have the real-time redundancy analysis feataw is the data-logging from
BIST fast enough for real-time processing. Hencdeineancy allocation is moved on-chip. Data logdorfailure analysis, by
contrast, does not have to be entirely real-timd,some practical trade-offs between data-loggamdiwvidth and on-chip hardware
complexity/overhead can be made. Figure 5a shome $@rdware components that make up a modern roacted memory BIST
engine with on-chip 2-dimensional (both, spare rawd columns) for embedded DRAMSs.



Figure 5a: High Level Diagram of BIST Engine of Esdted DRAMSs with 2-Dimensional Redundancy [11]
(ed. note: will insert better picture)

Regardless of whether external test equipment ettt memory access or BIST is used, the testidhgos address the memory in
terms of the logic address space of the memory.ifitial fail data, hence, consist of logic word/birors. To be more useful for
defect learning, the logic word/bit data have tdraeslated into physical row/column data. Thisoies understanding the physical
memory architecture and any address/bit scramitiagis implemented. The bit-map results can bplaygd in logical and/or
physical array form for each failing chip or fofudl wafer. The pattern of failing bits in the memgarray can be an indicator for the
type of defect to look for. A defect in a singldl @dll in general create a different fail pattetiran, say a bit/word-line or address
decoder problem. Figure 5b shows some physicabflathap patterns related to different fail modes.
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Figure 5b: Physical Memory Fail Patterns and Rethfeil Modes [12]

If full physical information including the wafer rpas available, then the fail bit maps can be teted from chip-level coordinates to
wafer-level coordinates for comparison with def@eips captured by in-line inspection equipment. Ramneple is shown if Figure 6.



Figure 6: Correlating defect maps (left) and memfaiy bit maps (right) at wafer (top) and intra-gh{bottom) levels [6]

This example shows that many different pieces fofrination contribute to efficient defect learnikgr the example at hand, fail bit
map data logs from the test equipment are needgditer with complete logical/physical informatiaip-level and wafer-layout),
plus defect maps from wafer processing. Besidesigaaccess to the different data types, some logigtffort is involved to make
sure that inspection and bitmapping can be perfdromethe same wafers. The example reveals a matphittern in the defect map
and the physically organized bit map, which likilglicates that individual bit cells are defective.

In addition to visualizing the bit and defect map®dern bitmapping tools can accelerate subseaqigtaiied failure analysis by
helping to quickly and automatically navigating BAd/or debug analysis equipment like microscopedestations, or FIB
machines to the areas of interest.

Logic Diagnostics and Bitmapping

As with memories, defect analysis from logic praituttest fails is only possible if the relevanfetds are actually detected by the
production test patterns. And, similarly, advanegic test methodology developments try to imprawetiming accuracy (to detect
subtle timing fails), enhanced and more flexibleltfanodels (to force the Automatic Test Pattern &ation, ATPG, tools to generate
more stringent tests for relevant logic failure gy and better fail data logging (to enable lagale fail data collection during
production test). One good example of the trenehtoance the tests for relevant fail mechanisnis égtive fault models from the
physical design. Figure 6a shows a representaidlelow for extracting realistic bridging faultsoim the physical design.
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Figure 6a: Representative Flow for Bridging FauktEaction from Layout



More stringent tests tend to require additiondl vestors that can translate into longer test timmes test costs. Additional emphasis,
hence, is placed on test compression techniquesdimreduce both, the test data volume anditasst to enable cost-effective
testing on existing and/or new lower-cost logic ATE

Logic design structures can be quite different froemory design structures and be subject to diftefeelure mechanisms and
design sensitivities. Embedded memories furthermmag not use all metal levels and therefore maybeable to expose defect
sensitivities in all layers of the interconnectc&taOn the other hand, logic is much less regllantmemories are and therefore
diagnosing logic fails can be more difficult. Ae@mpromise between regularity and logic, Field Paognable Gate Arrays
(FPGASs) have become increasingly popular yieldneay vehicles. FPGA testing and diagnostics arg specialized skills that are
primarily available to and used by FPGA companigsy few commercially available tools exist.

However, some automated logic diagnostic toolsaaedlable for scan-based logic designs and theysed as part of increasingly
sophisticated debug, failure analysis, and yieddriang systems for logic products. To enable autedhdiagnostics, fail data logging
must be implemented on the test floor. The fas setist identify failing scan cells and chip outpfetssome number of failing test
vectors. Since fail data logging can take timgypically is implemented at a sample level and matybe performed for all chips in
production test. Furthermore, existing logic ATEde may have limited data logging memory, meartiag it is not viable to collect
complete fail data for all failing tests. The ravaprof the failing scan-cells/outputs can to somerbhelp to grossly localize areas of
concern, but is not always enough. As illustrate8ligure 7, the root cause location could be qeiteote from the failing scan cell or
primary output. It is the objective of logic diagio tools to track down these “remote” locations.

Figure 7: Example of distance between root causatlon (upper right) and failing scan cell (lowedght) [7]

The automated logic diagnostic tools require acte#se fail sets logged by the test equipmengta tevel netlist of the design under
test, the original test vectors from Automatic BattGeneration (ATPG), and a mapping between #tertéail data (typically in
tester cycle/tester pin format) and correspondasg ¥ectors in ATPG-format.

There are two approaches to diagnosis. Some tsels so called static fault dictionary that is ppeputed once up-front from fault
simulation. For each fault, the dictionary recattuks first failing test vector and the expected soelifoutput fails if the fault is
present. The second approach, sometimes calledgmistimulation creates a new, reduced faultahetiy targeted to each fails set
under analysis. First, a netlist back-trace fromftiling scan cells/output determines a substigi€ gates that could be responsible
for the observed fails. Logic analysis can furttegtuce a set of potential faults in the extractduset that are logically consistent
with the values captured at the tester. Diagndatitt simulation is performed for the thus redusebset of candidate faults.

Regardless of whether a dictionary or post-testikition approach is used, the diagnostic softwdées to find the best possible
matches between fail patterns predicted by thelstmuand the fail patterns observed by the tegtdditional analyses (e.g.,
bridging fault analysis) may be performed if thedmbfaults do not create a good enough match toethkity of observed fails.

The ideal result is a small set of logic nets/phet are most likely associated with the root cdosation for the observed test fails.
Even narrowing the candidate list down to a simgl#pin in the gate level model by itself doespmmivide enough resolution to
immediately find the responsible defect or defe€te call out list from the logic diagnostic todignce, represents a starting point
for subsequent more detailed electrical and phiaitalysis. Like in memory bitmapping, the resfiltan the logic domain must be
translated into the electrical and physical domaite FA/debug lab specialist may use an arrayalyais equipment to further
narrow down the search space to a more manageaaldeag., transistor, net segment, via, etc.)iCBygquipment used at this point
includes probing equipment that can acquire adufiinternal circuit switching/state informationdg voltage contrast e-beam, laser
voltage probe, time resolved photon emission, npiabe), FIB machines (e.g., to drill holes for rojorobes and/or perform circuit
edits), thermal and other imaging (e.g., to viaahot spots), as well as a variety of environmertatrol units (e.g., thermal control
unit) or equipment for controlled modification afauit behavior (e.g., light-induced or temperaturduced voltage alteration). The
final objective in the case of physical defect®igproduce an image of the defect (e.g., SEM insglustrated in Figure 7).



Like for memories, there can be value in corretatotations and layers from in-line defect mapswillouts from the logic
diagnostic tools. This so called logic bitmappia@nly possible if the logic nets can be linkedatgout shapes and the chip-level
layout coordinate system can be translated to #femevel coordinates. If a defect is found tisabm or reasonable close (overlay
registration and equipment accuracy limits havied@llowed for) to a suspected layout shape on dayee, then the area/layers for
subsequent analysis can be considerable narroved. dlo some cases it may not even be necessagrtorm physical failure
analysis because the defect type and the electaitalyndrome are enough to for the FA enginearrtderstand the problem.

Figure 8 illustrates the logic bitmapping process.

Figure 8: Logic bitmapping example showing oveti@pween electrically failing net and defect locatd8]
Statistical Approaches

The above defect learning examples primarily fomusinderstanding the defects that cause a partichip to fail. While that is an
important part of defect and yield learning, ietgually useful to extract significant trends bytistecally analyzing many fail sets.

Statistical analysis can be applied to data caikébr test chips/defect monitors, memories, amdpct chips. The data analysis can
target design-related issues and process-relatdadgpns. Large amounts of logistical and technieddire routinely collected during
wafer processing. The data types include Work-loeBss (WIP), equipment status and parametergyénidspection, metrology,
electrical test, and many more. Increasingly, thizga are consolidated into data warehouses usiagm relational database
technology from where they can be accessed anégsed by data mining, statistical analysis, andaligation/report generation
utilities.

Figure 9 shows a diagram of the emerging e-diaggsostfrastructure for manufacturing data colleatio

Figure 9: Manufacturing data collection infrastruce with e-diagnostics [9]

The analysis software tries to find correlationsieen yield problems and manufacturing events,(equipment maintenance),
equipment parameters, metrology data, defect dathso on.

Finding correlations between yield and design dttaratics can be accomplished by extending thiésstal approach to the design-
space. For example, automated logic diagnosticswanvernight for many fail sets logged duringiteggand then querying the
results for design-related commonalities. For exantpe failing nets/pins called out by logic diagtics can be sorted by library cell
type or cell instance (including relative locatiomthe chip). The sorted results are can thendelized in Pareto charts. If, for
example, one particular cell type stands out, thrressamples from that fail set population can tersited for detailed diagnosis and
failure analysis.



A graph showing a fail rate distribution construtfeom logic diagnostics results for many fail setel sorted by cell type is shown
in Figure 10.

Figure 10: Frequency of logic test failure sortegldell type/location [10]

This graph reveals that a particular cell affectente fails than any other cell type. Tracking tetlations pointed to the boundary
between two vastly different layout-topographiebjol happened to affected poly-etching at thatsitaom.

Figure 11: Yield sensitive chip area identifieddmyting logic diagnostics results according to deitance/location [10]
The Connection to Design For Manucturing (DFM)

The unstated power of DFM is hidden in expandirgréésources leveraged towards yield improvemenerBgowering the design
community to contribute to activities that improyield, there is hope in overcoming the potentiaklin yield caused by the new
technology sensitivities alluded to earlier. Thg i@ empowering the design community is in identifythe features that the
designers can change to improve the yield and cteaizing the yield impact of each such featurenfiaiking trade-off decisions.
Feedback of real fail probabilities from manufattgris crucial for tuning the up-front DFM efforfigr best return on investment.

The traditional FA based yield learning methodology provide some indication of the features andhaeisms causing yield loss,
but the low throughput of EFA/PFA labs limits tHaldy to quantify the statistical impact of the al@nisms or determine whether
all the problems have been found. With the autodhatdume diagnosis methods outlined in the previchepter it is possible to
generate large, statistically meaningful datasetsiithe yield performance of individual nets withiie design. New design feature
analysis tools, such as Critical Area Analysis (QAgenerate detailed statistics about the layoues€ types of tools are normally
applied to the chip as a whole to predict yield, e are applying them at the net level to creatatstical database for correlation
to the net yield statistics generated by the cosga@ production SCAN diagnostics. The basic floartchf the correlation process is
shown in Figure 12.



Figure 12: Flow chart of physical yield analysievl

Table 1 shows an example of the type of data thate created with this methodology. Each row isgres the data for a given net
within the design. The first group of columns fack net contains the statistics about the desmfurfes contained on those nets.
These are calculated using the layout analysistddie “Actual Yield” column on the right hand sidiethe table represents the yield
of each net calculated over a large statisticalpamf production test data using compressed SCialnistics.

Unit # | mm | mm mm [ # %
Open Mechanisms Bridging Mechs
Min Min
Single Length | Length | Space Space Actual

NetName Vias M1 M2 M1 M1-45 Yield

N348342 2 3.72992 | 1.29073 | 0.70642 3 99.979%
N723000 5 2.41953 | 2.13749 | 0.55512 3 99.979%
N722774 4 4.54991 | 1.95610 | 0.52412 3 99.977%
N868686 2 4.81466 | 1.90007 | 0.26846 2 99.981%
N906825 3 0.82530 | 1.95039 | 0.44865 3 99.984%
N430501 2 0.24455 | 2.05877 | 0.72941 2 99.985%
N306671 2 3.05894 | 2.20033 | 0.25910 2 99.985%
N960836 3 3.19550 | 2.00096 | 0.24427 3 99.983%
N631146 2 3.50581 | 1.57913 | 0.48508 4 99.980%
N899470 4 1.33828 [ 2.59918 [ 0.39739 4 99.979%
N001955 2 4.36102 | 1.68437 | 0.41973 2 99.978%
N022249 2 4.39427 | 1.62443 | 0.66852 2 99.981%
N309851 3 2.48415 | 2.88285 | 0.72739 2 99.978%
N806446 3 3.83013 | 2.05903 | 0.63866 3 99.977%
N579008 2 4.16777 | 1.66266 | 0.55018 2 99.981%
N224536 4 5.04853 | 2.25012 | 0.55275 4 99.976%
N200866 5 4.38409 | 2.12106 | 0.45839 3 99.979%
N331473 2 2.59351 | 2.36975 | 0.50468 3 99.980%

Table 1. Net statistics database physical yieldlysiga

By correlating each of the feature statistics ®dbtual yield across all the nets in the desigtimnations of the failure rates of these
features can be calculated. Figure 13 shows a emimxample graphs from this process. The sloplsear fits of these graphs
represent the approximate failure rate of eaclufeafrhe spread in the data is caused by the yigddct of all the other failure
mechanisms that vary on each net.
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Figure 13: Correlation graphs of design featureshefs to yield of nets

These slopes can be put back into the databasée(Zphbs Fit Fail Probabilities and when multipliegithe design statistics for each
net can be used to calculate a predicted yiel@doh net. The delta between the predicted yieldfmndctual yield represents the
impact of design features not yet identified thiotige yield learning process.

[ ot T # T mm | mm | mm | # T 1T % | % | % ]
| Fit Fail Prob ] 0.0004% [ 0.0010%] 0.0009% [ 0.0097%] 0.0010%]| [ 77.94% | 69.08% | 8.86% |

Open Mechanisms Bridging Mechs
Min Min
Single | Length | Length [ Space | Space Predicted | Actual

NetName Vias M1 M2 M1 M1-45 Yield Yield | Unknown
N348342 2 3.72992 | 1.29073 | 0.70642 3 99.984% | 99.979% [ 0.005%
N723000 5 2.41953 | 2.13749 | 0.55512 3 99.985% | 99.979% [ 0.007%
N722774 4 4.54991 | 1.95610 | 0.52412 3 99.984% | 99.977% | 0.007%
N868686 2 4.81466 | 1.90007 | 0.26846 2 99.988% | 99.981% [ 0.007%
N906825 3 0.82530 | 1.95039 | 0.44865 3 99.989% | 99.984% [ 0.005%

Table 2. Failure probabilities and comparison o&gicted yield with actual yield.

From this data we are now able to quantify theufailprobabilities or yield impact of design layéeatures, predict the yield of any
design element by their feature statistics, andhtiiyathe remaining impact of design sensitivities to be discovered. The scarce
and valuable EFA/PFA resources can then be focoeed productively on problems that exhibit part&ly high levels of
“unknown” yield loss to identify the next featueddd to the table. At that point you simply getethe design statistics for that
feature for every net, add that column to theheftd side of the table, and update the yield ptiedi¢o find how much of the
unknown has been explained by the new find.
This process is similar to test chip based yieddiing acceleration programs being offered todayhis scenario, companies design
test chips with test structures containing largebers of individual design feature occurrences y&xchains or metal combs). After
running wafers through the fab with this mask set gesting the structures, the failure probabgifier the features on the test chip are
calculated. These estimates are then combinedchifhlevel design feature statistics to predictytteéd impact.

The new methodology can complement the other methad can be very cost-effective:

No cost of designing the test chip

No cost of manufacturing a mask set

No cost of running wafers

No cost of special testing because production cesgad SCAN test results for diagnostics are used

No delay of waiting on the cycle time to run thsttehip because we use production wafers

If we discover a new feature we do not have toasigh, re-mask, re-manufacture, and re-test a estichip to characterize
its impact



Reduces the risk that the test structures in ttectép may not accurately reflect the context oaythe yield issues in a real
product and therefore may not detect the issue.

Another advantage to this technique is in yielduegion analysis. Since there is a baseline yielghith per feature, if there is a
sudden yield drop in production users can run gteyield diagnostics on bad lots and compare theetagion slopes of these lots to
the baseline. The slope of the feature causingnttreased yield loss will increase as comparetiedtseline identifying the source.
This enables containment of the yield excursiomiwihours of analysis as compared to days or westksthe FA or test chip
methodologies.

Summary
Understanding defects, both in the process andebign domains, is an important part of yield leegnThe industry has developed
and is using increasingly sophisticated and autedhatethods for defect learning. The methods rarge fledicated easy-to-
diagnose test structures, to detailed diagnosisahuae analysis of individual failing chips, alie way to statistical analysis of large
amounts of manufacturing data and electrical il from many chips.

With design and manufacturing becoming more andenmdertwined, the success of defect learningdseiasingly dependent on
bringing information from all domains of design amdnufacturing together into an integrated analgsisronment.

References
1. D. Ciplickas, et al., “A New Paradigm for EvaluaitC Yield Loss”, Solid State Technology, Septemb@d1.

2. Skumanich and E. Ryabova, "Methodology for Targ&etect Reduction and Inspection Optimization”, HEEMI Advanced
Semiconductor Manufacturing Conference, pp. 722062.

3. M. Rencher and F. Schellenburg, “Why Interconnect kithography Modeling Impacts Yield”, EE Design
(http://i.cmpnet.com/eedesign/2003/inside_eedesigtif pp. 23-27, 2003.

4. International Technology Roadmap for Semiconductdfield Enhancement” Section, 2003

5. C. Hess, et al., "Fast Extraction of Defect SizetBlhution Using a Single Layer Short Flow NESTuSture”, IEEE
TRANSACTIONS ON SEMICONDUCTOR MANUFACTURING, VOL.4, NO. 4, pp. 330-337, 2001

6. K. Bernstein, “Yield Enhancement with Bitmap Analjs KLA-Tencor, Company Magazine, pp 22-24, Autua®08
7. A Weber, “APC: 2004 Technology and Market Updag&miconductor International, 7/1/2004

8. H. Balachandran, et al., “Correlation of Logic ltaéls to a Suspect Process Step”, Internationald@&sterence, pp. 459-466,
1999

9. V. Kot and M. Yedatore, “The Next Step in E-diagties Mining the Tool Sensors”, Semiconductor Ingional, 10/1/2003
10. D. Appello, et al., “Yield Analysis of Logic Circtg”, VLSI Test Symposium, pp. 103-108, 2004

11. P. Jakobsen et al., “Embedded DRAM built in sedt &nd methodology for test insertion”, Proceedifi@s, pp. 975 — 984,
2001

12. From a presentation by R. Aitken, ARM/Artisan

13. R. Press, R. and J. Ferguson, “Enhancing Manufagttrest and Yield in the Nanometer Era”, SemicatduManufacturing,
pg 38-44, August 2004.

14. S. Cook, “Rethinking Test at 130 Nanometers anld\Bg eedesign.com, 9/12/2003.



15. Lin et al. "High Frequency, At-Speed Scan TestilBEE Design & Test, Sept./Oct. 2003.

16. W-T. Cheng et al, “Compactor Independent Directgbiasis”, IEEE Asian Test Symposium, 2004.



