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‘Towards high-pertormance SRAMs

= Significant portion of
chip area is dedicated
to SRAM components.

o Need to increase the
density while maintaining

Penryn© microprocessor by Intel . :
[George et al., ASSCC, 2007.] PrObab”'ty of failure

per cell below 10-°

(with redundancy)
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Motivation: Stability of 6T SRAM cell
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Stability measured by the SNM gap in the butterfly curve.



Motivation: Stability of 6T SRAM cell
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Reproduced from [Bernstein et 47

al. IBM J. Res. And Dev., 20086. ] BLT BLC

= Random dopant = Each threshold voltage variation
fluctuations IS modeled by a Gaussian

random variable.

[Mukhopadhyay et al. Trans. on CAD, 2005]
o Deviation inversely prop. to Varea.
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Motivation: Stability of 6T SRAM cell

s g}} i ﬁ_l’ | ‘

LAJIE HE AL

BLT v BLC I
= Each threshold voltage variation = Cell stability
IS modeled by a Gaussian decreases.

random variable.

[Mukhopadhyay et al. Trans. on CAD, 2005]
o Deviation inversely prop. to Varea.



Background: A First Cut

Monte Carlo Simulation:
o Run the experiment for N trials.

SNM<0 — x;=1

o 1 failure, \
0 On each trial i, x; = T

O no failure

SNM>0 -

N
M EStlmate pfail as pMC — ini hw\

N5

For 90% accuracy and confidence:
Q N ~ 100/pfail'
o Example: for p;,; ~10°, N ~108.



Previous and Related Work

Statistical Approaches
o Importance Sampling (IS)

[Kanj et al., DAC, 2006, Chen et al., ICCAD, 2007]

Sampling from a “tilted” distribution to reduce the variance of
the estimator.

Characterization of a discrete set of values, e.g. failure due
to SNM < 0.

o Extreme Value Theory (EVT)

[Singhee and Rutenbar, DATE, 2007, VLSI, 2008]
Analytical description of the highest order statistic.

Characterizing a continuum of values, e.g. failure as a
function of delay.
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Concept of Importance Sampling

Sample from the tilted distribution N times.

On each trial i, ¥ —
l

1 failure

0 no failure

. 1 &
EStlmate pfail as p[S — NZXZ . Wi
i=1

w; is the ratio of original and tilted distributions.

How to select tilting (and w; ) ?

10



‘Towards the Typical Rare Event

N Theory of Large Deviations [e.g. Bucklew, Springer, 2004]:
o “When a rare event happens, it happens in a typical

7

way”.

Pass

= “Tilt” the distribution towards this event.
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‘Towards the Typical Rare Event

= Underlying Gaussian r.v.s ~N(u;,c,°)

Tilting= shifting the mean

= Mean shift vector s=(s,,..., 54...,5),):

Mﬂkﬂk2) _’Mﬂﬁ&k’ UkZ)

Quadratic distance
for Gaussian random
—variables
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Importance Sampling Through Norm
Minimization: The algorithm

Step 1: Exploration
o Find the mean shift vector s.

Step 2: Exploitation
o Run Importance Sampling based on s.
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Importance Sampling Through Norm
Minimization: The algorithm

= Step 1: Exploration
o Find the mean shift vector s.

oUniform sampling of the space. oo w e

oFiltering by boundary.
oSelecting the point with lowest quadratic distance.

14



Importance Sampling Through Norm
Minimization: The algorithm

Step 2: Exploitation
o Based on s=(s4,...,Sy) sample for N trials.
o On each trial i

o Realization y=(Y, 1,---,Yiw)
(1 failure

o 371-:<

0 no failure

M s 2y . —2u.—S,
o wiexp(—z (B0 =24, S,

J=1 J

: |
o Estimate py; as |p, =WZ W,
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Example 1: Data Retention Voltage

(DRV)

T Want to lower the

supply voltage V4 to
reduce leakage power.
E .

/ DRV: Under random

- fluctuations, how low

0 0.1 02 03 0.4VDD[V]0.5 06 07 0.8 09 Can Vdd be Set to
maintain cell stability ?
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‘ Example 1: Data Retention Voltage

= Experimental set-up
o Under 32nm bulk CMOS predictive technology

[Zha.o énd Cao, ISQED 2006]. =Tk ==
o Variations: AN S 4 /\‘ 6
Q Dev!ces 1,2: 0 =36 mV 0H S
o Devices 3-6: 6 = 50 mV BET BLC

275 5.4x10° 2.5491 2x10* 4.9x10° 2.5828  2x103
300 3.6x10% 3.3781 1.2x10° 4.4x104 3.3263  3x103 100x
400 3.1x10° 4.5195 4x107 3.0x10% 4.5264 4x103 10000x
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‘ Example 1: Data Retention Voltage
Monte Carlo vs. proposed NM-IS estimator

2)(10 ] % e : = ——— —
+MC
15 ——NM-IS
1
e}
0.5\ |
| ~ B R —v e 3
0| '-"'T*'*——""'".'._F_ iy i ~— * ./I ; : | j=3 |
10° 10’ 10° 10° 10* 10° 10° 10 10°
100 - T T T T & e — L Gt ~ T T T ] T r
—+—MC
& w—ls
C 10000x
T <
I :
Q 10 minutes 2 months
10—2 . | Cod | N | L . . | L
10° 10’ 10 10° 10* 10° 10° 10 10°
simulation run index
Complexity: NM-IS trials vs. MC trials
Stage 1 2000 } 4000 40 000 000
+ Stage 2 2000 18




‘ Example 1: Data Retention Voltage
Monte Carlo vs. proposed NM-IS estimator

<5
x 10
e T T T T T e NG
- » -MS1
1.5 | e
3 == MS3
‘© Y
&1k p=0.1 10000x
0.5 it = > |
5% T S T i ‘T:t"w R ——‘—““"’M
0| L W'--guuui — |=||||i —— |‘A'-| |‘A'/I 1 1 L 1 [ |||
10° 10" 10° 10° 10° 10° 10° 10’ 10°

simulation run index

5 /'\ el /'\ .......

-0.51 239 172 -354 -0.70 097 4.78

3/\ i __]/\4 - 146 -2.09 0.88 -3.82 -0.78 0.73 4.79

BLT T BLC - 117 -2.94 0.02 -356 -0.79 0.05 4.83
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Example 1: Data Retention Voltage

x10~°
2 —O—Mc
MS1
15 B ——MS2
—_ == WS3
3 p=0.1 10000x
< >
= K J 100x
N >
0'5| N B UL ® s et
0| """-:-.q:,_._____...f::"':—-_- - . . . . . / i I |
10° 10’ 10° 10° 10° > 10° 10’ 108
simulation run index
Versus

Nominal Importance Sampling:
Selects mean shift based on 50% failure.
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Example 1: Data Retention Voltage

x10™

2 : . S — — e |
MS1
1.5 MS2 |
— o= MS3
= | p=0.1 10000x | '
a1 <
« 100x
>
0l5 \q"'-.. P acas i reaw® Sor . . _M‘/
0| [ il el o i o e, / i i |
10° 10’ 10° 10° 10" . 10° 10° 107 10°
simulation run index
Versus

Nominal Importance Sampling.

Mixture Importance Sampling (MIS):

[Kanj et al., DAC 2006] O+ €QUIV (= Prai) | [MIS Ao NM-IS Ac

25 (=1073) 0.05 0.03
3.4 (=104 0.07 0.05
4.15 (=105) 0.07

4.5 (=10%) 0.0069
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Example 2: Read Write Trade Oft

Experimental Set-up:

o Under 32nm bulk CMOS predictive technology
[Zhao and Cao, ISQED, 2006].

o Variations:
Devices 1,2: ¢ = 36/N2 mV
Devices 3,4: ¢ = 50/N3 mV
Devices 5,6: ¢ = 50 mV

\ READ SNM WRITE SNM
L\

v ' ' ' ' T
22



‘ Example 2: Read Write Trade Oft

Monte Carlo vs. proposed NM-IS estimator

1 5x 10
|-+~ MC Read
——MC Write >
1 -m- - P TTen
_ NM-IS Read ; .
L —=—NM-IS Write ‘
o " .‘“
0.5 ‘.
------- = — 1-""""’""-"-'7'-'--———-—I—-l-_ h‘k--‘;z.:';-_._-._w
0,———-———-" —r —=" 72 "...1_'_;3 ° P _._,;,__4_,_._.—--———-— _._._.-,'5 T N ,__"""",'|5
10 10 10 10 10 10
100 s = = =
T
2
E r -.":
e -*-MC Read
W | MCwrite |
a  |-=-NM-IS Read
| NM-IS Write
10 _ e B BN BRI : i
10’ 10° 10° 10° 10° 10°
simulation run index
Complexity: NM-IS trials vs. MC trials
Stage 1 2000 } 5600 800 000
+ Stage 2 3600
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Example 2: Read Write Trade Oft

VT1 VT2 VI3 VT4 VIS VI6 Quad

ﬂl AN 1 shift shift shift shift shift shift norm
&

/ \ .

- | 7\
r_°' N '\ 'Read1 -0.78 1.08 -2.14 259 -0.99 -1.99 4.24
Q bEII_I_L Write 1 1.26 1.593 -125 013 1.74 3.05 422

3,\ 0.
Write0 101 -1.09 -010 -153 275 270 4.41

BLT 5 BIL 'Read0d 1.19 -1.98 3.03 -0.73 -1.82 -0.44 4.31

Shift vectors generated by the algorithm
agree with physical insight.

NM-IS can serve as an auxiliary tool in
establishing (in)dependence.

o Write 1 vs. Write 0.
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Concluding Remarks

Proposed a novel simulation method based
on statistical ideas.
o Uses importance sampling approach.

o Key contribution: systematic selection of the tilted
distribution.

Future direction

o Employing large deviations based algorithms for
statistical timing analysis.
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