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Abstract—This paper describes a comprehensive methodologted yield prediction is a crucial step toward decomposing ran-
for predictive modeling of yield losses in deep submicron teclkdom and systematic components of measured probe yields.
nologies. We also present a software framework pdEx whidrigure 1 illustrates a typical “yield tree” resulting from such an
implements this methodology. We illustrate the versatility andnalysis for a high performance microprocessor. As is evident
accuracy of this modeling framework for high performancdrom the breakdown shown in the figure, inaccurate predictions
microprocessor and Flash memory products. We show that tbérandom defect limited yield can lead to gross under or over
extremely good prediction accuracy is achievable if the micraestimations of systematic yield losses and consequent defocus-
level yield models are developed taking into account the availg of yield improvement efforts. Other methods can be, and
able redundancy schemes, and the defect density and size di®, used to separate systematic from random yield loss [1,2],
tributions are properly extracted from the in-line inspectiomut their applicability is limited by their inconsistent accuracy
data. and lack of insight into potential root causes. Both of these

limitations are addressed in the algorithms described below.
INTRODUCTION

o ) ~ The following section presents a detailed description of the
In the age of multi-billion dollar semiconductor fabricationgefect limited yield modeling methodology used at PDF Solu-
facilities and increased time-to-market pressures, rapid yielghns. This is followed by a presentation of thdExsoftware
learning is stentlal to achlev_e_ profitable product|_on of int§;amework implementing the methodology. We demonstrate
grated circuits. To be competitive, the cost per die must B@e applications opdExto yield modeling in two examples
minimized while quickly ramping the manufacturing yield t0aken from the state-of-the-art fabrication processes for micro-
an _eco_n0m|cally ac_ce_ptab_le level. Predictive yleld_modellng Ezocessor and Flash memory products. Finally, we conclude by
an indispensable aid in this process, not only during the yie tlining applications of PDF's methodology and software to

ramp phase, but also during technology and product develogrgcess/product development, yield ramping and volume man-
ment. This is especially true when multiple yield loss meCh"’\Jfacturing.

nisms may be present and include such diverse failure

mechanisms as random defects, pattern-dependent within-die DEFECT LIMITED YIELD MODELING

process variations and parametric process mis-centering. Fur- o ) ) .
thermore, application of this methodology during technology € defect limited yield modeling methodology presented in
or product development allows designers to evaluate certafiiS Paper is very general and can be applied to both reconfig-

types of yield loss and employ appropriate design optimizairable memory products and logic products with embedded
tions. memory. Detailed analysis of binmap and bitmap failure signa-

tures has been used extensively in the past for yield improve-
This paper presents an accurate method for defect limited yialdent. These data driven efforts, however, have enjoyed
modeling and calibration. In a holistic yield improvementcomparatively little support from predictive yield models. In
methodology developed at PDF Solutions, accurate defect liffact, "macro” yield predictions using the critical area of whole
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Figure 1. Yield Tree.
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w yield events using the algorithm outlined above. These micro-

yield events are then systematically combined to model all

CA(0.4) possible repair scenarios. In practice, however, this method is
both infeasible and unnecessary. Depending on the repair
options, a natural and sufficiently accurate yield model hierar-

chy often presents itself. The corresponding hierarchical yield

drawn - model for reconfigurable memories was proposed in [3].

me\tall - V(;A(O.S) The fir_1a| sfcep of our_methodology t_argets the cr_ucial p_roplem
: ’ of calibrating the yield model using the available in-line
inspection data. Just as with macro-yield predictions, micro-

l . . ‘ . . yield predictions require careful size distribution analysis of
‘ ‘ in-line inspection data from KLA213X to accurately predict

-_ e ~— -~ W the end-of-line yields. Histogram-based fitting methods were

found to be unreliable and a more robust mean/variance match-
ing method was used instead. A complete description of this

fitting method is beyond the scope of this paper.

printed
metall

Figure 2. Critical areas of printed layout patterns in a 0.3 SRAM. L .
However, it is well known that the capture rate of the optical

chips are usually too coarse to provide insight into the physicglgpection tools is low for the smallest defect sizes. Hence, the

mechanisms driving particular failure signatures. Consggnqrted defect density is smaller than the true value. To com-

quently, significant quantities of in-line inspection and end-Ofpensate for this equipment limitation, we have introduced a
line test data must be gathered in order to determine empiri

Q?éaling function f(x) which measures the amount of extrapola-

relationships between failure event signatures and physiGal, petween the modeled and observed defect densities for a

failure mechanisms. In contrast, the key step in our methodq{j range of defect sizes. Hence, the defect density used in
ogy is a prediction of "micro-yield loss events" which directly,;a|q model is given by:

correspond to “failure event signatures” observed in the probe

test data. Examples of micro-yield loss events include individ- _ k
. . : DSD(® = Dyf(x)—, (2)
ual logic block failures as well as memory array failures such xP
as: two, three or more adjacent row shorts; two three or mor . : . .
J v%ere D, Is the measured defect densitfx) is the scaling

adjacent column shorts; row/column shorts and lack of contact ~ . : . o . :
J - . L : aFunctlon, andk/ xP is the size distribution function that inte-
to a cell. This "bottom up” prediction of failure events not only T .
L . grates to 1.0 between and . The distribution type is
allows for cross-verification of probe test yields but also pros . 0 o
. . . described by the parametgmwhich is extracted from the mea-

vides an immediate correspondence between probe test results . . '
D . . sured defect data for regions where the capture rate is suffi-

and individual failure mechanisms. . ; L )
ciently high. Then, this distribution type is used to extrapolate
Micro-yield predictions are computed using a modified Poisthe defect sizes down to the minimum size of defect that can

son model: cause a chip failure.

_ 0 0 It was found that using the alternate defect size definitidy

Ye = E’expD—J’XO[CAe’ (1[DSH()]dxs, (1) provided more reliable yield predictions than the standard

KLA “DSIZE” definition of min(X, Y, /A, whereX andY are

where x; is the minimum feature size in the technologythe horizontal and vertical dimensions of the bounding box
CA, (¥ is the critical area of everd  inlayer ,amSQ(x)  containing an actual defect. This is a natural consequence of
is the density of defects in layeér with size . Defect densit A
functionsDSD|(x) are estimated using in-line defect inspectio
data as discussed later. Critical area functions for each eve
CA, (¥ are computed using a simulation of the printed layou
patterns and a modification of the traditional oversizing algc
rithm for critical area extraction. During the extraction, eacl
critical area polygon is categorized by the event type corre
sponding to the set of electrical nodes participating in eac
unique geometrical overlap. This concept is illustrated in Fic
ure 2 and is described in more detailed in [3].

extrapolation region

- LS
DSD(3 = Dof (X)-

Incremental Defect Density

A chip-level yield prediction is achieved by combining a hier-
archy of micro-yield loss events for the reconfigurable part ¢

the product of interest. The overall yield is a product of th H = -
non-repairable and repairable block yields. In theory, it is pos %o Defect Size

sible to assign event classes to all possible combinations

nodes in an entire chip and generate a complete set of mici Figure 3. Typical DSD fit to KLA 213X data.
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Figure 4. Incremental and cumulative yield impact curves calculated Yield |mpact
by yimp using critical areas frompdexand defect densities frondfd. Prediction
the assumptions present in critical area yield modeling. yimp
Namely, that all defects are both assumed to be symmetric, and Micro-yield - _
that true defects tend to cause shorts along the maximum impact matrix Virgin and Repaired
dimension rather than the minimum dimension ( Chip Yield Prediction;
' event/layer/class
A typical example of a fit to the defect size distribution (DSD)

is shown in Figure 3. The extrapolated densities are typically
much greater than the measured ones. Typical extrapolation

factors (ratio of extrapolated to measured defect densities) may

be in the range from 2 to 6, depending on the sensitivity of th@lnce the analysis of KLA213X data is not a turn-key process,
inspection recipe and equipment used. More important than t&! IS implemented to allow flexible application of defect fil-
value of the extrapolation factor, however, is the fraction oférS. size definitions, model fitting methods and fit ranges.
inferred yield impact. A typical yield impact curve correspond-Taken together, these settings allow accurate assessment and
ing to the DSD fit in Figure 3 is shown in Figure 4. As is evi-encapsulation of in-line defect data for yield prediction.

dent in the figure, up to 25% of the predicted yield impacigingly, the yield impact tooyimp has been implemented to
including the peak yield impact region, may be accumulated ijjitate rapid calculation, review and interpretation of yield
the extrapolated portion of the DSD curve. Furthermore, g§egictions across design blocks, micro-yield events and pro-
shown below, the accuracy of the overall yield prediction '”d'éessing layers. The modeling and display methods (e.g., Figure
cates that such extrapolations are valid extensions of the megzng Taple 1) have been proven in the field to be invaluable
sured defect density at larger defect sizes. for focusing defect reduction efforts and separating systematic

pdEx FRAMEWORK vs. random yield losses.
pdEx APPLICATIONS

Figure 5. Software implementation and dataflow.

A software framework has been created to implement this

methodology [4]. Three components are used: a design and1e micro-yield predictions and methods described above have
lyzer (pdEY, a measured data modeleifd) and a defect-lim- been validated through comparison with measured bin sort and

ited yield modeler and analyzeyifnp). Experience has shown bitmap yields.

that this.d.ivision of labor provides the best tradel—off in SOftFirst, atypical yield impact matrix resulting from an analysis
ware efficiency and usability. The software architecture angh; 5 high performance microprocessor is shown in Table 1.
dataflow is shown in Figure 5 below. Extensive defect classification analysis and embedded memory

To perform an efficient defect limited yield modeling of mem_redundancy analysis are key elements of a successful yield pre-

ductsndE h dqt ; th itical diction. Various conclusions were drawn from this matrix. For
ory productspdtxwas enhanced to perform the critica areaexample, certain layers and defect types were chosen as target

categorization *on the fly” during a conventional BOOIe"’mfor defect reduction efforts. Second, through comparison with

AND. operatluon. Slnﬂce .th's Boolean AND operation 'S_alre_ad¥neasured probe yields, a systematic cache yield loss mecha-
required for “macro” critical area extraction, no execution time . was identified and quantified

penalty is incurred for the micro-yield event extraction. Fur-
thermore pdExallows seamless modeling of mask to topograSecond, a state-of-the-art Intel's Flash memory product was
phy transfer processing for increased accuracy in critical-ar@malyzed. A detailed description of this study was presented in
calculations. [3]. Critical area curves were extracted for tpelyl, poly2,

Proc. 7th IEEE International Symposium on Semiconductor Manufacturing (ISSM), October 1998



TABLE 1. Typical yield impact matrix produced by pdex dfd and yimp for a microprocessor product.

gate etch m1l m2 m3 | total

YIMP Matrix partlcle pattern particle patterfn partidle pattérn paricle pagern pallicle ptttern dverall
yields | chip | 0.78 | 0.80| 0.89| 0.81] 08 089 o091 Odt 55 0p2  0]29
after Mogic | 082 | 0.83| 095 087 091 092 098 o9 066 0p2 op1
repar cache| 0.95| 0.96] 0.94] 0.93 096 097 098 o.;s ojg4 0z {71
virgin | chip | 0.63 | 066 | 0.86| 0.78 0.84 085 0O 9T 042 Op0  Oli6
yields ["logic | 0.82 [ 0.83| 095 0.87| 091 0.9 098 09 066 0p2 o1

cache[ 077 079] 091 090 092 09 098 0P8 063 o4 40

metalland metal2layers from the Flash device in this study. CONCLUSIONS

For increased accuracy in predicting coplanar, intra-layer, . .
shorts, theeontactlayer andpoly2layer were combined for the This paper presented a new comprehensive methodology for

poly2 extraction. Examples are shown in Figure 6 Fina”ypredictive modeling of yield losses in deep submicron fabrica-
. ! o - ... “tion processes. ThedExsoftware framework was shown to be
micro-yield predictions for each event type.d, single bit,

double row) were formed by combining individual layer yield extremely accurate in predicting the defect limited yield for
according to (1) y g yery SFlash memory products, as well as being crucial for separating

random vs. systematic yield in both memory arrays and high
ferformance microprocessors. As we have shquasx goes

The four micro-yield events which dominated yield losse o o . .
were the intra-layer shorts at two poly levels and two met ar beyond traditional critical area-based yield modeling tools.

levels. Since their occurrence in the array was observable lfs accuracy is ‘?'“e to the realistic modeling of micro-yie!d !OSS
the sort test results, we were able to compare directly o§vents and available redundancy, but also due to sophisticated

model accuracy for both the virgin (raw) and repaired yiel(g)ost—processing of the raw defect inspection data. The result-

results. These comparisons were performed for a developm yield mode!s can be used for derivation of optimal design
fab (Fab A) and a volume production fab (Fab B). In botules. local optimization of memory array and microprocessor
cases, the accuracy of the model was extremely good, whichd'® layouts, and evaluation of redundancy and ERC.: needs.
demonstrated in Figure 7 for the pre-repair yield for the fOUMoreover, defect targets per Iayer. and type can be derived and
dominant events. The accuracy of the overall yield predictio“"‘mee”ed to the volume production fablines.

for the memory array (2 planes) was also excellent, namely REFERENCES

0.4% in both Fab A and Fab B. To verify our redundant yield
model accuracy, we have compared the post-repair yields
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Figure 6. Typical critical areas for micro-yield events extracted bydEx. Figure 7. Actual vs. predicted pre-repair and post-repair yields. The

numbers above the bars represent the absolute errors in yields.
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