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Abstract— The performance of deep submicron designs can be static timing analysis. Dynamic statistical analysis involves
affected by various parametric variations, manufacturing defects, simulating a set of input patterns. With input vectors, we can
noise or modeling errors that are all statistical in nature. We pro- evaluate the transition state and sensitization type of logic gates
pose a statistical framework for analyzing the performance sensi- to determine the random variables. Static analysis is vector-
tivity of designs to various timing related defects/noise/variations. less analysis which reports the results based only on the circuit
The core engine of our approach is a highly efficient statistical tim- function and structure. Static timing analysis provides and up-
ing analysis tool. We describe the application of our framework per bound on the circuit delay (we do not incorporate false path
for delay fault modeling and analysis of resistive opens and shorts analysis due to high computational complexity), while the dy-
and as well as interconnect crosstalk. We present experimental re-namic analysis provides a lower bound. This is due to the fact
sults demonstrating the accuracy of our statistical framework as that the arrival times of the signals in the dynamic analysis are
compared to SPICE (for a given set of input patterns) and nominal derived with respect to a given set of input vectors. Therefore,
worst-case analysis. Experimental results for analysis of resistive dynamic analysis is is false-path aware. The main problem with
opens and shorts are also included. the dynamic timing analysis is deriving the right set of patterns

that could excite the longest paths in the circuit.

We apply our statistical timing analysis framework to an-
|. INTRODUCTION alyzing the circuit performance sensitivity in the presence of

In deep submicron desians. the timing of the circuit c delay faults caused by manufacturing defects and noise effects.
b N icFi) rably affected bg r v rigti ns. vayi kﬁ%annufacturing defects and excessive noise can cause perturba-
€ considerably aflected by process varialions, various Kifgis,s of cell/interconnect delays. For a given defect or source
of manufacturing defects as well as by noise effects (such &

ower supply noise and crosstalk). For example, interconn oise, these perturbations can be described as random vari-
power supply Co mple, Ir Bles. To derive the performance sensitivity of the circuit to
resistive opens and shorts can result in a circuit failure due

their effects on the delavs even if no logic faults have bet % given defect or noise, we run our statistical timing analy-
rolduce 4 Also simulat?/onsvshO\lN that g(cesgive no\i/se m§ framework twice: first time using the cell/interconnect de-
P : ! s without considering the perturbations caused by the de-

of the time leads to delay faults [3]. Many parametric varige . o noise and the second time with the perturbed delays.
tions, noise sources and modeling errors are statistical in BRs

ture. Therefore, to incorporate statistical deviations of vario fects/noise with high sensitivity are then selected as target

s . NS OF Variogy s for testing. This performance sensitivity analysis process
parameters for statistical worst-case analysis of circuits W'thigrillustrated in Figure 1
without defects, the use of statistically based methods seems to )

be inevitable. In addition to the performance sensitivity analysis described

In this paper, we propose a performance sensitivity analyfidhis paper and the system performance analysis, our statisti-
method based on a statistical framework. Our objective is to é? timing analysis framework has several other potential appli-
ply this method for analyzing the sensitivity of the circuit pe cations: (1) The analysis results can be used for yield estima-
formance to manufacturing defects, process variations, noise
effects. The core engine of our technique is statistical timing
analysis. In statistical timing analysis, the propagation delays
of interconnects/cells are modeled as correlated random vari-

Nominal Defect sites,
delay pidf paraTeters

ables with known distribution functions (extracted from lay- ' Statistical delay &

out and process parameters). Several statistical timing analysis Slﬁmmacljf Netlist fault modeling[*— &
I I - ela

methods have been proposed in the literature [12, 7, 6]. How p pertubed delay p

ever, due to their high computational complexity, these meth-

. . : Statistical timing
ods are rarely used in practice. As a core engine for our per- Ve_C_tC_’fi analysis framewor

vectors| Statistical timing
- - - analysis framewor|

formance sensitivity tool we have developed a highly efficient

spatistical timing. analysis framgwork that can target larger Qe- Signal émvm time Signal ar*riva| time
signs. It can derive the probability density functions of the sig- (e.g30 critical path delay)  (e.g3o critical path delay)
nal arrival times at internal signals and primary outputs. The —

30 (or 60) delay of the critical paths can then be computed. We Performance sensitivity of defects

perform two kinds of statistical timing analysidynamic and Fig. 1 Estimating the performance sensitivity.



tion. (2) The dynamic timing analysis framework can be used
for selecting a subset of design verification or ATPG vectors
for speed binning. (3) The dynamic timing analysis can also
help in the estimation of the circuit glitching probability and
thus power estimation.
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Il. STATISTICAL TIMING ANALYSIS ateachinput; Interconnects
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As the core engine for our performance sensitivity analysis — _
istical timi lvsis framework. Even though Step 3: Derive delay random variables Cell Delay
we use a statistica Iming analys . g for cell and interconnects Library

statistical timing analysis is a well known concept, its imple-
mentation involves dealing with many different details. In this
section, we describe some key features of our framework.

We model the propagation delays of cells/interconnects as
correlated random variables with known probability density
functions which can be extracted from layout and process pa-
rameters. To achieve balance between accuracy and efficiency,
we develop a cell-based statistical timing analysis framework.
It requires pre-characterization of cells, i.e., building libraries
of cell delays and output transition times (as random variables).
The input transition time and output loading of the cells are
used as indices for building these libraries. Since the goal of
statistical timing analysis is to describe the timing behavior of
the circuit regardless of the applied input patterns, we adopt , o
the worst-case analysis in building the cell libraries. The igince cell/interconnect delays depend on transition times and
terconnect delay is also modeled as a random variable anéff@sition times depend on the latest arriving signal which in
pre-characterized once the RCs are extracted. Next, the a0 depends on delays.
dom variable of the signal arrival time at any cell/interconnectIn general, to achieve the convergence of the results, the
output can be computed using the information on the arrivaimber of Monte Carlo runs ranges from tens to hundreds.
and transition times of the cell fanins as well as the inform&his means that the timing analysis describesttép 1 through
tion on the cell/interconnect delay [5]. 3 shpuld be repeated that. many times. In practlt_:e_thls is not

For large designs with various sources of correlations H€asible no matter how efficient the timing analysis is. There-
tween the propagation delay random variables of different cefigre, we propose an approximate algorithm. In our simula-
determining closed forms for the probability density functiorfdon framework, we movéteps 1 through3 outside the Monte
of the arrival times at the primary outputs is computationalfy@rlo simulation loop. Therefore, in these steps, we perform
expensive and impractical. Our framework uses Monte Caf9ly the nominal delay analysis to obtain the random variables
simulation based technique to approximate the probability déH-interconnect and cell delays. We have carefully validated
sity function of the signal arrival time at the internal signals arifis approximation and found that there are negligible errors in
primary outputs. Each run of Monte Carlo simulation consiste final arrival times.
of two steps: sampling step and analysis step. In the sampling
step a single value is choserj'from each randpm variap]e ACHandling cross-correlations
cording to the law of probability. The analysis step utilizes
these sampled values to derive the arrival times at all signalén Monte Carlo sampling, we need to deal with the fact that
for the given circuit instance. The stop (convergence) critetiae cell/interconnect delay random variables are strongly cor-
are decided based on desired accuracy of results (such agefated. It is common that process variations are shifted in one
convergence rate of the mean or variance of the arrival timdisection in a specific part of the chip. Devices residing in this
at the primary outputs). Once the mean or variance convergest of the chip will almost all be speed up or slowed down.
within the desired precision range, the procedure terminat&his correlation has been ignored in all previously proposed
Figure 2 illustrates a levelized Monte Carlo timing simulatiorstatistical simulation methods.

The flowchart describes one run of Monte Carlo simulation in Application of the covariance matri/j is a typical way
which one data entry of the arrival time for each signal delaf dealing with multivariate normal random variables. The
is obtained.Steps 1 through3 represent cell/interconnect dessampling procedure follows equatioh= p+ CZ [2], where

lay estimationStep 1 determines the effective load capacitancé = (X, X, ..., Xq) is a vector of dependent normal variables,
seen by the current cell output. Any of the previously publisheod= (U1, 1, - . .,Hn) is the mean vector oX, C is a lower tri-
methods can be used to obtain this capacitance [1Gt8ph2 angular matrix such that covariance matvixan be expressed
represents computation of the signal arrival time and transitiaaV = CC' (Cholesky factorization) and is the vector ofn

time for all inputs to the given cell and interconnect delay anafirdependent standard normal components. While this is a ver-
ysis. The interconnect RC delay can be derived using anysattile method to represent arbitrary correlation between pairs of
the known methods (e.g., [11]). Given the output loading obandom variables, in practice it is not feasible. This is because:
tained inStep 1 and the input transition time obtained$tep (1) The size ofV can be too large to process. For example,
2, the proper pin-to-pin delay random variables of cells are ofmr a system wittn = 1000, the size o¥ is already in the or-
tained inStep 3 (using the pre-characterized cell library). Theler of million, and the Cholesky factorization process with the
calculation of delays is repeated in each run of Monte Caomplexity ofN3 is a tremendous task, too. Note that the cal-
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Fig. 2. Flow of one Monte Carlo run.



culation ofC is needed every time we have a different set of R Vo (9
random variables. We cannot afford to do this in our statistical «A

timing analysis framework. (2) A prohibitively large number 1 1

of samples is needed to show that these samples are produced Vi ()= T 1
from a particulai/, since the dimension of the sampling space C
is equal to the number of variables. For example, if we want $

to obtain the same resolution as in the case of a single vari-
able with 10 samples, in the= 1000 system we need 1%° Fig. 3. First order RC interconnect model (All R’s and C’s are random
samples to obtain a similar level of accuracy. variables with known distributions.)

Our solution to the cross-correlation problem is reversing the
process of Principal Component Analysis (PCA) [9]. The PCA

: . . TABLE |
procedure is used to extract the mdependen'g random varia@¥iparison wiTHSPICEFOR THE PATTERN PRODUCING THE MAXIMAL
components from the dependent random variables. Thus, the MEAN (MEAN IN PS, AND G IN %.)
dependent variables can be expressed as the composition of the _ _
extracted independent components. Our reverse method con- = mgg:;ca"o SPICE 53;';“;'0(”0) ﬁif;ig'c(ml)
sists of adding an independent random variable into the group  —55 7103834 1187153 1189/55
of variables which share the same correlation fact(set by S344 | 140.212.2 154.0/0.8 154.1/3.3
the user). LeX = A+t;C andY = B+1t,C, whereA, B,C (Cis 349 | 139.42.2 161.3/0.8 161.6/3.1
. . . . ~ _ . s420 | 189.8/1.6 220.5/0.7 220.1/2.9
standard normal distribution wit® = 0, C? = 1) are indepen- <838 | 364008 931005 739007

dent random variables ang t, are constant coefficients. We
will show that the correlation factor of andY is determined f(x1,%,...,%n), Wherex; (i=1,2,...,n) is a random variable
by t; andt,. Therefore, choosing appropriate values for thesgth meanx; and standard variatiooy andx;’s are all indepen-

two parameters can lead to a pre_defined correlation. dent. Then, we havd = f(x1,X2,...,X,) while the standard
The correlatiorxy can be obtained as: variation @) can be found fronwg? = 3; ($r)2;2. Our goal
(X=X)(Y=Y) (A+1,C)(B+1t,C) —AB s tofind timet such thal,(t) = 0.5 (50% of the output volt-
rxy = = age). We denote this timgs. Timetgs is a function ofp and

Y (X=X)2/(Y -Y)2 VA2 +12VB2 412 () [f we assumen= p, we get 1- pePos — tygePos = 0.5,
Substituting the mean value @ will yield the mean oftg s

1t —- 1 7 :
= 12 =rxclvc as suggested by thb= f(x1,X2,...,%n) equation. The stan-
VA2 +142/B2 41,2 dard deviation ofg 5 can be obtained by using the formula for
whereryc = —2— andryc = —-2 To find t; and 042. The partial derivativéf,i; for w = p andV, = 0.5 yields

A21(,2 V/B2i2'

t, whenryy =, we need another constraint. We assunt& + Pt —1)e"™ g = 0. By plugging in the mean of and
rxc = I'yc = /F. Thereforety = \/FV/X2 andt, = \/FV/Y2. tin this equation, we can obtaiﬂi and hences of tos from
After we derive the random variables $hep 3, X andY are (1)202_
known and we can calculate, t> using the above described o’ P

procedure. Next, we can determiAeB fromt; andts. In the

sampling process, we can sample values figrB andC and C. Experimental results

usingX = A+1;C andY = B+1,C, we can getxy =r. The . - . . i
above process can be easily extended to multivariate randorwe have implemented our statistical timing analysis frame

. . . . i ++ i i 1 -
variables. The advantage of our procedure is that it avoids Wgr_k in C++and Python scripts. In this section, we present ex

problem of Cholesky decomposition and the large size of Jierimental results obtained for fully scanned ISCAS89 bench-

; . : ’ rk circuits. We use ELDO/SPICE [1] to extract the cell
ﬁ{ﬁ?}?;:ﬂemébﬂgiﬁigmgg{grng a large number of eleme statistical delay information for a 0.gB CMOS technology.

The results for the circuit performance obtained by simulating
these cell delay data are compared to the results obtained by
B. Interconnection Modeling simulating the whole circuits by ELDO/SPICE. To be able to
To demonstrate the modeling of interconnect delays in a sgmpare the results of our framework to the results obtained by
tistical form, we limit our discussion to the first order RC intef=LDO/SPICE, we also use Python and Esim [1] scripting lan-
connect model shown in Figure 3. Even though our framewdgki@ges to program ELDO/SPICE to extract the required arrival

can accept any other more sophisticated interconnect model{f¢s for comparison. _ . .
use this model for simplicity reasons. We perform experiments for both static and dynamic statis-

We assume an exponential rising input voltagg) = 1— tical timing analysis framework. For dynamic analysis, we use
e “(output of the driving gate) whose Laplace domain equiva-

lentisVi(s) = 1 — <L5. The output voltage at the capacitor node

can be obtained a%(s) = (£ — =X )(<2), wherep=1/RC TABLE Il
. . ( ) (3 SH*’)(SFP) P / COMPARISON WITHSPICEFOR A SET OF PATTERN$MEAN IN PS, 0 IN %,
(pis arandom variable). Therefore, we have AND TIME IN S.)
1 — —ox
_ 1- w-p ((*)e o pe ) ) 7é p Monte Carlo SPICE| Dynamic (r=1) Error Percentage
Vo(t) = _ : :
1— (]_+ pt)e pt w=p Ckt meanf time meanf time | mean| o

s208 | 106.9/2.1| 524 124.1/2.0| 0.73 | 16.1 -4.7
The random variable corresponding to the interconnect de- igjg ﬂg-gg-g iigl igggg; 1-23 12-2 ?-50
lay can be obtained as follows. Consider functidn= <20 1oTe2 a1 878 [ 222523 108 61 42

s838 | 369.5/2.2 | 2849 429.8/2.3| 1.79 | 16.3 4.5




TABLE Il
STATISTICAL WORST-CASE VS. TRADITIONAL WORST-CASE(MEAN IN PS, 0
IN %, AND TIME IN S.)

Statistical Static Worst-case
Ckt mean| 3o delay| average tim¢C=0|C=3
s5378 | 238.4[ 244.8 [6.62 238.2]268.3
s9234 | 420.0| 425.6 14.08 420.1| 460.5
s13207| 480.8{488.1 |26.91 481.1]529.4
515850 656.4| 664.8 | 38.8 656.5] 722.5
35932 204.5]206.6 | 26.42 204.6] 223.6
38417 362.1[368.4 [69.71 361.8] 396.9
538584 566.9] 579.8 124.42 566.8] 620.0

200.0
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Run time mean/dev.
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Fig. 4. Runtime growth.
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the path delay fault tests generated for 10 long critical pathsfor
each tested circuit [4].

As a stopping criterion, in the Monte Carlo simulation, we
set a threshold for the change of the mean/standard deviation
for the circuit’s longest delay. One run of Monte Carlo simu-
lation produces one data entry of arrival times at each primary
output. Next, we find the maximum among these data, and
record it as one instance of the circuit performance. After the
simulation converges, we can calculate the sample mean and
variance. In the case of static timing analysis, these results rep-
resent probability distribution of the circuit performance. Inthe
case of dynamic timing analysis, thereis one probability distri-
bution for each test pattern. Table | shows the comparison of
the results for sample mean and standard deviation (o) for the
dynamic framework. Theresults are given for the input pattern
that produces the maximal mean among all applied patterns.
We show results for two dynamic simulation runs along with
SPICE: one assumes independent random variables (r = 0),
while the other assumes a correlation factor of one (r = 1). As
it can be seen the mean values are close, while the o values
are quite different. Thisis because the circuit with the correla-
tion in the samples tends to present more extreme cases than if
the samples were independent. The results also show that our
dynamic simulator produces delays that are very close to the
SPICE results for this single vector pattern.

T
Spice results
140.2/2.3%
. .
0 50 100 150 200
T T T
2 Dynamic Analyzer
= 154.1/3.3%
K=l
o
a . .
0 50 100 150 200
T T T
Static Analyzer
157.6/3.5%
Circuit Delay

0 50 100 B 150 200
Fig. 5. Plots circuit delays of arandom variable of circuit s344.

To estimate the performance of the circuit with respect to
the applied set of input vectors, we find the statistical maxi-
mal distribution. Since the probability distribution functions
for each of the test patterns are independent of each other, the
maximal distribution can be found by sequentialy taking the
maximum between two random distributions. For example,
assume that rq,r»,---,ry are the distributions for n input pat-
terns. First, we find r; = max(r1,rz), and then continue to find
r. = max(ri,rs), etc. This way, the circuit performance with
respect to the given patterns is represented by one worst-case
random variable. Table Il shows the statistical maximal results
obtained as explained above. As it can be seen the error per-
centage is small. Our simulator can produce reasonabl e results
within only asmall fraction of run time consumed by SPICE.

The difference between statistical worst-case analysis and
traditional worst-case analysisis illustrated in Table I11. Col-
umn marked Wor st-case shows the results of static timing anal-
ysis in which the cell delays are fixed to their mean value plus
amultiple (C) of a. Even though the sample mean is the same
for both experiments, the traditional worst-case smulation is
clearly too pessimistic (from comparing columns 3 and 6). To
demonstrate the efficiency of our approach for larger circuits,
in Figure 4 we plot the runtime vs. the circuit size. Asit can be
seen, the run time grows roughly linearly with the circuit size.
Figure 5 illustrates the histogram of the sampled distributions
of SPICE/ELDO, dynamic and static timing analysisfor circuit
s344.

[11. PERFORMANCE SENSITIVITY ANALYSIS

In this section, we describe application of our statistical tim-
ing analysis framework for analyzing the circuit performance
sensitivity in the presence of delay faults caused by manufac-
turing defects and noise effects. We concentrate on delay faults
caused by interconnect resistive open and short faults and on
crosstalk induced delay faullts.

A. Resistive interconnect defects

I nterconnect resistive opens and shorts can cause logic or de-
lay faultsin the circuit. For example, aresistive short between
two interconnects results in an increased load for the driving
cell and alower driving voltage for the driven cell. The fault
effect of aresistive short depends on the resistance value. For
certain resistance values (R ~ 0) this defect will cause logic
faults while for some other valuesit will result in delay faults.
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Fig. 6. Plots of signal waveforms for faulty circuits with various short
resistances.



1
o
(a)resistive open Ro  (b)resistive short Rs  (c)resistive short Rs

Fig. 7. Resistive defects interconnect model (All R’'s and C's are random
variables with known distributions.)

The fault effects of oneresistive short circuit are demonstrated
in Figure 6. The lower the resistance, the larger the fault effect
is. At 2kQ, the fault behaves as a stuck-at fault. In this paper,
we assume that the defects causing logic faults will be covered
by stuck-at tests and we model only the defects with arange of
resistance causing delay faults.

Very often, for resistive shorts and opens, we do not know
the exact resistance value and in the analysis, we would like to
model the defects for a wide range of resistance values. In our
framework, we treat the resistance value as a random variable
which can have any arbitrary but given distribution. To demon-
strate modeling delays caused by interconnect resistive open
and short defects in a statistical form, we use the first order
RC interconnect models shown in Figures 7(a) and (b), respec-
tively. These models are extended from the model in Figure 3.
In general, the delay calculation steps are the same as the ones
described in section 11-B. Theeffect of theresistive open onthe
delay is easy to obtain by substituting p = 1/(R+ R,)C in the
expression for Vy(t) where R, istheresistance of the open faullt.
For the resistive short defects, the transfer function becomes
R5+R5‘_753RRSC where R is the resistance of the short fault, so we

have a dightly different form for V(t). The resistive short de-
fect is assumed to be bridging two interconnects together asin
Figure 7(b). However, using an effective resistance to ground
as shown in Figure 7(c) would produce the worst-case delay
effect. This can be achieved by requiring that the test gener-
ator produces a stable 0 (1) value at the output of the inverter
in Figure 3 for arising (falling) transition at the fault site. In
addition, the short fault needs to be also tested by applying test
patternsthat excite it through the other interconnect bridged by
the fault. Note that the case shown in Figure 7(c) can also hap-
pen in practice. The main problem in modeling resistive short
faults is that Vi (t) will never reach Vyq (only the case of ris-
ing transition at the fault site is described). Even though this
issimilar to lower voltage supply in low power design, the sit-
uation here is different: The voltage supply is maintained, but
the input voltages of gates at the fanout of the resistive short
are lowered. The effect is that the rising transition at this de-
fect siteisslower. To find the delays under the reduced voltage,
wetrandate thelower voltagelevel to the corresponding output
rise time with the same delay. This can be done with the assis-
tance of predefined table from SPICE simulations. This way,
we can use the original cell delay library with input transition
time asthetable parameter to propagatethe fault effect forward
without the extra characterization effort for constructing a new
library for lower input voltage.

B. Crosstalk

It has been shown that crosstalk between interconnects can
significantly impact the performance of deep submicron de-
signs. Figure 8 shows a simple first order interconnect model
of two cross-coupled lines. In the case of two transitions that

Ain R Aggressor line
[: V V = ca
Rv Cc;;

Vin[: NA
Cv
Victimline ;;

Fig. 8. First order RC model for cross-coupled interconnects.

simultaneously or within asmall time interval switch in the op-
posite directions, the interconnect delay of both lines increases
while if the transitions are in the same direction, the delay of
both lines decreases. The increase and decrease are measured
with respect to the case when the aggressor line has atransition
and thevictimlineis quiet.

To statistically analyze the circuit performance in the pres-
ence of crosstalk, the crosstalk induced delay increase/decrease
needs to be modeled as a random variable. Since we are inter-
ested in the worst-case statistical analysis, we only consider the
case when coupled lines have opposite transitions. We assume
that the set of lines with a significant cross-coupling capaci-
tance between them is given. This can be obtained using RC
extraction tools given the circuit layout.

Also, we assume that any number of cross-coupled lines
can occur in the circuit. Therefore, since the coupling
on the two lines can change the timing information of al
gates/interconnects in their fanout cones, we process the gates
in the topological order from Pls to POs. For each intercon-
nect pair, we need to first check if opposite transitions can oc-
cur temporally close to each other. To perform this check, in
addition to the worst-case statistical analysis, the best-case sta-
tistical analysis also needs to be completed. The framework
for the best-case statistical analysis is analogous to the worst-
case analysis. After obtaining the random variables of the ear-
liest and latest arrival time for each interconnect, we can de-
termine if opposite transitions can simultaneously or near si-
multaneously occur for a given interconnect pair. For those
interconnect pairs for which the intervals between earliest and
latest arrival time have a non-empty intersection, we need to
find the perturbation of the random delay variable caused by
cross-coupling capacitance. The value of this delay perturba-
tion depends on the time skew z between the two switching
signals. The interconnect delay in the presence of crosstalk
can be obtained by replacing the coupling capacitance C. with
a capacitance to the ground multiplied by a factor k, i.e,
the total capacitance for the aggressor line can be written as
Ca+kCc = C4+C'. The value of C' depends on the time skew
between the aggressor and victim ling, i.e,, C' = f(2). Inor-
der to be ableto use our cell delay librariesto perform analysis
of the crosstalk effects on the performance, for each pair of
cross-coupled interconnects we can derive the curve C' = f(2)
and use it to access the cell/interconnect delay libraries during
Monte Carlo simulation.

C. Experimental Results for Resistive Defects

To demonstrate the application of our statistical timing anal-
ysis framework for deriving the circuit performance sensitivity
with respect to manufacturing defects/noise, we present pre-
liminary results for resistive open and short faults. Table IV
shows the results for a chosen resistive open fault. The anal-
ysis is done by inserting a resistor whose resistance value is a
random variable with mean of 10kQ and a standard deviation
of 5% of mean (10kQ/5%) at the fault site and by simulating
a pattern that activates the defect. We compare the results for



TABLE IV
RESISTIVE OPEN ANALY SISAND COMPARISON WITH SPICE(MEAN IN PS, 0
IN %, AND TIME IN S.)

With Defect
Dynamic
Mean/o

163.4/3.7
213.6/3.6
214.3/3.8
238.6/3.8
441.1/3.3

Fault Free
Dynamic
Mean/o
117.3/3.3
153.6/3.2
153.6/3.2
183.7/3.1
386.7/3.1

SPICE
Mean/o
155.3/3.3
202.1/2.9
200.7/2.8
216.1/2.7
390.1/2.8

Static
Mean/c
164.5/3.8
214.9/3.8
214.6/3.8
239.7/3.7
443.4]3.4

SPICE
Mean/c
102.7/3.6
140.2/3.1
139.4/3.1
159.4/3.0
333.8/3.0

Static
Mean/c
118.9/35
157.2/3.1
157.6/3.1
221.6/3.2
424.4]3.1

Ckt
s208

s349
420
s838

TABLEV
RESISTIVE SHORT ANALY SISAND COMPARISON WITH SPICE(MEAN IN PS,
O IN %, AND TIME IN S.)

With Defect
Dynamic
Mean/o

136.4/4.7
163.0/3.1
163.2/3.0
188.8/3.2
392.4/3.2

Fault Free
Dynamic
Mean/o
117.3/3.3
154.0/3.1
153.7/3.3
183.7/3.1
386.1/3.0

SPICE
Mean/o
117.6/4.3
141.2/3.2
140.3/3.1
163.8/3.2
338.0/3.1

Static
Mean/oc
138.5/4.7
164.5/3.1
164.1/3.0
221.1/31
425.2/3.1

SPICE
Mean/o
102.7/3.6
140.2/3.1
139.4/3.1
159.4/3.0
333.8/3.0

Static
Mean/o
118.9/35
157.2/3.1
157.6/3.1
221.2/13.0
424.7/3.0

Ckt

5208
s344
s349
420
s838

SPICE, static and dynamic timing analysis. This particular de-
fect shows up in both the dynamic and static simulation.

Table V shows results for simulating resistive short faults.
The value of the inserted resistance is 50kQ/5% random vari-
able for the first three circuits, and 10kQ/5% random variable
for the last two circuits. We choose different resistance values
according to the fault site resistancein order to excite the delay
fault effect in each of the circuits. The resistance outside the
range of random variables show either a stuck-at fault effect or
no fault at all. Though SPICE/ELDO simulations for 50kQ/5%
resistive short show a clear delay fault effect for s208, the fault
is harder to detect for s344 and s349. On the other hand, our
dynamic and static simulators clearly show that thereis adelay
fault on these two circuits. For s420 a static simulation does not
reveal the defect. Our analysis shows that this is not a missed
fault because the delays of the paths involving this fault are
smaller than the delay of some other fault free critical paths.
These critical paths mask the fault effects. If we set the clock
speed according to the results of static analysis, the results of
the dynamic simulation are still within this bound. In Figures9
and 10, we plot the increase of critical path delay with a uni-
formly distributed resistance of [25k, 75k] and [100k, 300K] for
resistive open defect, respectively, inserted at al nodesfor cir-
cuit s5378. We show the scaled plot at theright of both figures.
From these figuresiit is clear that not all fault sites are equally
sensitive to defects. Performing this analysis for each node in
thecircuit may cause efficiency problemsfor largecircuits. The
efficiency issue can be alleviated by performing a defect fault
collapsing prior to the analysis.
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Fig. 9. Profile of critical path delay increase for al nodes in s5378 with defect
in [25k, 75K] .
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10. Profile of critical path delay increase for all nodes in s5378 with
defect in [100k, 300K] .

Fig.

IV. CONCLUSIONS

We propose a performance sensitivity analysis method based
on statistical framework. Our method can be used for ana-
lyzing the circuit performance in the presence of delay faults
caused by manufacturing defects, excessive noise, process vari-
ations, modeling errors. We model the propagation delays of
cellg/interconnects as correlated random variables with known
probability density functions and use a statistical timing anal-
ysis to derive the worst-case arrival times at the primary out-
puts and internal signals with and without defects. We apply
our technique for analysis of interconnect resistive opens and
shorts. Our experimental results demonstrate the efficiency and
usefulness of statistical vs. nomina worst-case performance
analysis.

REFERENCES
[1] Anacad. Eldo v4.4.x User's Manual, 1996.

[2] P Bratley, B. L. Fox, and L. Schrage. A Guide to Smulation, Second
Edition. Springer-Verlag, New York, 1987.

[3] M.A.Breuer, C. Gleason, and S. Gupta. New Validation and Test Prob-
lems for High Performance Deep Sub-Micron VLSI Circuits. VTS, Tu-
torial Notes, Apr. 1997.

[4] K.-T. Cheng, A. Krstic, and H.-C. Chen. Generation of High Quality
Tests for Robustly Untestable Path Delay Faults. |EEE Trans. on Com-
puters, 45(3):1379-1392, Dec. 1996.

[5] H. Edamatsu, K. Homma, M. Kakimoto, Y. Koike, and K. Tabuchi.
Pre-Layout Delay Calculation Specification for CMOS ASIC Libraries.
Proc. of ASP-DAC, pp. 241-248, Feb. 1998.

[6] H.-F.Jyuand S. Mdlik. Statistical Delay Modeling in Logic Design and
Synthesis. Proc. of 31th DAC, pp. 126-130, June 1994.

[7] H.-F. Jyu, S. Mdlik, S. Devadas, and K. Keutzer. Statistical Timing
Analysis of Combinationa Logic Circuits. |EEE Trans. on VLS Sys-
tems, 1(2):126-137, June 1993.

[8] A.B.Kahngand S. Muddu. New Efficient Algorithms for Computing
Effective Capacitance. Proc. of |ISPD-98, pp. 147-151, Apr. 1998.

[9] J. Power, B. Donnellan, A. Mathewson, and W. Lane. Relating Statis-
tical MOSFET Model Parameter Variabilities to IC Manufacturing Pro-
cess Fluctuations Enabling Realistic Worst Case Design. |EEE Trans.
on Semiconductor Manufacturing, 7(3):306-318, Aug. 1994.

[10] J. Qian, S. Pullela, and L. Pillage. Modeling The “Effective Capaci-
tance” for The RC Interconnect of CMOS Gates. |EEE Trans. on CAD,

13(12):1526-1535, Dec. 1994.

[11] C.L.Ratzlaff and L. T. Pillage. RICE: Rapid Interconnect Circuit Eval-

uation Using AWE. |EEE Trans. on CAD, 13(6):763-776, June 1994.

[12] D. R. Tryon, F. M. Armstrong, and M. R. Reiter. Statistical Failure
Analysisof System Timing. IBM Journal of Research and Development,

28(4):340-355, July 1984.



	ASP-DAC2000
	Front Matter
	Table of Contents
	Session Index
	Author Index


