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1 Introduction

In desi gni ng hi gh perf ormance CMOS ci rcui ts , i t i s of ten necessary to properl y s i ze the

vari ous transi stors i n a skel etal cel l , i n order to meet perf ormance requi rements. For exampl e,

transi stor s i zi ng has been extensi vel y used f or del ay and power opti mi zati on of di gi tal CMOS

ci rcui ts . [3], [ 8] . In thi s paper, we descri be a si zi ng programbased on stochast i c opti mi zati on

of a model f uncti on. Thi s i s a di rect search method whi ch i s more accurate than tradi t i onal

nonl i near opti mi zati on programs, and i s consi derabl y f aster than si mul ated anneal i ng.

There are two basi c approaches f or transi stor s i zi ng that have been expl ored by vari ous

researchers. The �rst approach i nvol ves devel opi ng a si mpl i �ed model of s i gnal del ay through

a CMOS gate, ei ther anal yti cal l y [ 3] , or by macromodel s based on si mul ati ons [ 8] . Then, the

del ay of the enti re cel l i s computed usi ng thi s model . The transi stor s i zi ng probl emi s then

f ormul ated as an opti mi zati on probl emwi th the object i ve of mi ni zi ng the del ay, as predi cted

by the model . Some opti mi zati on probl ems have a speci al f ormto guarantee e�ci ency and

accuracy of the opti mi zati on process, e. g. the posynomi al obj ect i ve f uncti on, used i n [ 3] , [ 5] .

Otherwi se, a nonl i near opti mi zati on tool i s requi red.

The second approach i nvol ves coupl i ng a ci rcui t s i mul ator to a nonl i near opti mi zati on

tool (or tool set). For exampl e, Ochotta et. al . [ 13] empl oy an augmented asymptoti c

wavef ormeval uati on techni que to eval uate the behavi or of each ci rcui t vi s i ted by a si mul ated

anneal i ng program. In Del i ght. Spi ce [ 12] , a set of nonl i near opti mi zati on programs are

i ntegrated wi th the SPICEci rcui t s i mul ator.

The �rst, `equati on based', approach, though e�ecti ve f or del ay opti mi zati on, i s di �cul t

to general i ze to other probl ems, such as del ay skewopti mi zati on, as i s requi red f or wave-

pi pel i ned ci rcui ts . Skew, i n general , cannot be est i mated usi ng a si ngl e process corner or

data vector. Mai ntai ni ng accuracy i n est i mati ng the spread i n del ay over i nput data vector

and process vari at i ons usi ng a si mpl e model i s very di �cul t. The onl y sol uti on i s to eval uate

each si zi ng scheme through detai l ed ci rcui t s i mul ati ons, to account f or data and process

vari at i ons. Thi s makes obj ect i ve computati on a very expensi ve task, even f or very smal l

s i zed ci rcui ts .

2



The second, ` s i mul ati on based' approach has the combi ned computati onal burden of

runni ng a non- l i near opti mi zati on programand runni ng at l east one f ul l ci rcui t s i mul ati on

each ti me the obj ect i ve f uncti on needs to be eval uated. There are some addi t i onal hi ndrances

i n empl oyi ng a conventi onal non- l i near opti mi zati on programf or thi s task:

1. Gradi ent i nf ormati on i s very di �cul t to obtai n. Though there are numeri cal opti mi za-

t i on techni ques whi ch do not requi re expl i ci t gradi ent i nf ormati on, these techni ques

tend to be sl ow. Al so, they try to eval uate the gradi ent through perturbati on. Thi s

i mpl i es a f urther i ncrease i n the number of obj ect i ve eval uati ons.

2. Transi stor s i zes can onl y be vari ed i n certai n quanta. Most numeri cal opti mi zati on

techni ques operate on a conti nuous parameter range. Hence the �nal sol uti on mi ght

be an i nf easi bl e s i zi ng scheme. Movi ng the sol uti on to the cl osest f easi bl e s i ze may

l ead to a sub- opti mal sol uti on.

3. Constrai nts i n the opti mi zati on probl em, e. g. area and power, f urther compl i cate the

opti mi zati on task.

4. The user has no di rect control over the opti mi zer, i . e. , the opti mi zati on task i s not

i nteracti ve, and i t i s di �cul t f or the engi neer to use hi s or her j udgement i n gui di ng

the opti mi zer.

5. The opti mi zati on routi nes l ook f or str i ct l ocal mi ni ma. Usual l y, the desi gner i s i n-

terested onl y i n obtai ni ng a rough approxi mati on to a gl obal l y opti mal sol uti on. To

achi eve the gl obal mi ni mum, the opti mi zer has to be run f rommul ti pl e, random, i ni t i al

sol uti ons. Even then, there are not even theoret i cal guarantees of achi evi ng a gl obal l y

opti mal sol uti on, except f or some very restr i cted probl ems.

One way of avoi di ng gradi ent eval uati on and restr i ct i ng the sol uti ons to f easi bl e s i zi ngs i s by

empl oyi ng si mul ated anneal i ng [ 6] f or opti mi zati on. However, s i mul ated anneal i ng programs

tend to be prohi bi t i vel y s l ow, speci al l y when each obj ect i ve eval uati on i s so expensi ve.

In vi ew of these di �cul t i es , we present a new approach to transi stor s i zi ng i n smal l ,

hi gh perf ormance ci rcui t bl ocks. Thi s approach i s based on stochast i c model i ng of the
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ci rcui t responses of i nterest. I t i s a di rect search f or the best desi gn among f easi bl e ones.

No gradi ent computati ons are requi red. The desi gner has di rect control over the number

of s i mul ati ons conducted, and the search process can be stopped any ti me the desi gner i s

sat i s�ed wi th the best sol uti on produced thus f ar. The stochast i c model hel ps i n i denti f yi ng

the most promi si ng desi gn based on the exi st i ng i nf ormati on about the probl em. Onl y

the most promi si ng desi gns are s i mul ated. Hence si mul ati ons are organi zed natural l y and

e�ci entl y. The method i s capabl e of i denti f yi ng the gl obal mi ni mummuch f aster than

exhausti ve search.

Recentl y, gl obal opti mi zati on methods have been proposed f or opti mi zati on of conti n-

uous f uncti ons based on stochast i c model i ng [ 17] , [ 10] . Si nce thi s approach i s rel at i vel y

unknown i n the ci rcui t opti mi zati on domai n, we wi l l br i e
y revi ewi ts i mportant f eatures i n

the next sect i on. In secti on I I I we wi l l propose an opti mi zati on al gori thmconsi stent wi th the

stochast i c model i ng phi l osophy. In secti on IVwe present resul ts obtai ned on two exampl e

ci rcui ts . Fi nal l y, sect i on Vi s devoted to a di scuss i on of the scope and l i mi tati ons of thi s

method.

2 ptimization by stochasti c modeling of objective

function

Consi der the f ol l owi ng unconstrai ned opti mi zati on probl em:

mi n x �(x) x 2 A � Rd (1)

where x i s a d di mensi onal vector, A i s a �ni te subset of Rd. � (x) i s the obj ect i ve f uncti on

whose val ue at any x 2 Acan be determi ned onl y through an expensi ve si mul ati on. Besi des

thi s , there i s very l i tt l e i nf ormati on about the obj ect i ve f uncti on. Suppose the obj ect i ve

f uncti on i s percei ved to be conti nuous and "smooth", but not uni modal . In such a si tuati on,

i t i s reasonabl e to approxi mate � (x) by a si mpl er f uncti on and to perf orman opti mi zati on

on thi s s i mpl i �ed f uncti on. However, a gl obal pol ynomi al approxi mati on i s i nappropri ate;

i nf ormati on i s l ost i n �tt i ng the model to data, unl ess the degree of the pol ynomi al i s as

l arge as the data set. Abetter approach to f uncti on approxi mati on i s needed.
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Recentl y, stochast i c model s have been proposed to capture compl ex obj ect i ve f uncti ons

[ 14] . Wi th thi s approach, the val ue of the unknown f uncti on at each poi nt i n A i s assumed

to be a randomvari abl e. Then, the unknown f uncti on i tsel f i s a sample path of a st ochast ic

f unct i on. In the general case, a stochast i c f uncti on (x) i s de�ned by a f ami l y of mul t i di -

mensi onal probabi l i ty di str i buti onsx1;:: : ; xm(y1; : : : ; ym) = ( (xi) yi; i = 1 ; : : : ; ) . Fo r

e x a mp l e , i f t h i s d i s t r i b u t i o n i s j o i n t Ga u s s i a n , t h e n t h e s t o c h a

t h e a pri ori a v e r a g e f u n c t i o n ( x) a n d c o v a r i a n c e �( xi; xj) . I f v a l u e s o f t h e s t o c h a s

f u n c t i o n a r e k n o wn , e . g . ( xi) = � ( xi) ; i = 1 ; : : : ; t h e n t h e con i t i onal i st ri but i on o f (

a t a n y x i s n o r ma l wi t h t h e me a n v a l u e

k( x j ( xi) = � ( xi) ; i = 1 ; : : : ; ) = ( x)

( �( x; x
1
) ; : : : ; �( x; xk) ) R�1k ( � ( x

1
) � ( x

1
) ; : : : ; � ( xk) � ( xk) )

T ( 2 )

a n d v a r i a n c e

s2k( x j ( xi) = � ( xi) ; i = 1 ; : : : ; ) = �( x; x) �

( �( x; x
1
) ; : : : ; �( x; xk) ) R�1k ( �( x; x

1
) ; : : : ; �( x; xk) )

T ; ( 3 )

wh e r e R�1k i s t h e i n v e r s e o f t h e c o v a r i a n c e ma t r i x o f t h e r a n d o m p r o

wh e r e t h e f u n c t i o n v a l u e s a r e k n o wn .

Us i n g a s t o c h a s t i c mo d e l , a n d a s e t o f \me a s u r e me n t s " o n t h e o b

p r e d i c t i o n o f t h e v a l u e o f � ( x) a t u n t r i e d p o i n t s c a n b e ma d e u s i n

b u t i o n o f ( x) . Th i s p r e d i c t i o n i s o n l y p r o b a b i l i s t i c , i . e . , a t

d i s t r i b u t i o n a s s o c i a t e d wi t h t h e p o s s i b l e v a l u e s f o r � ( x) , s p e c i �

g i v e n a b o v e . Th i s a l l o ws a s e a r c h s t r a t e g y f o r p o i n t s o f s ma l l � (

o n t h e c o n d i t i o n a l d i s t r i b u t i o n . I t s e e ms mo r e l i k e l y t o � n d a p

v a l u e wh e r ek( x j : ) i s s ma l l . Ho we v e r , l a r g e v a l u e s o f s2

k( x j : ) i n d i c a t e r e g i o n s o f g r

u n c e r t a i n i t y , i . e . r e g i o n s wh e r e f u n c t i o n v a l u e s c a n d i � e r g r e a t

He n c e a r a t i o n a l c h o i c e h a s t o b e d i s c r i mi n a t e b e t we e n p o i n t s o f s

a n c e o r p o i n t s o f s ma l l v a r i a n c e b u t s o me wh a t l a r g e r me a n . We s h a

p r o p o s e d a l g o r i t h ms t h a t � t t h e s t o c h a s t i c mo d e l i n g p a r a d i g m. F
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s t o c h a s t i c mo d e l i n g o f u n k n o wn f u n c t i o n s , s e e r e f e r e n c e [ 1 4 ] . Gl

a r e f u r t h e r d e s c r i b e d b y Mo c k u s i n [ 1 0 ] .

.

S e v e r a l a l g o r i t h ms f o r o p t i mi z a t i o n u s i n g a s t o c h a s t i c mo d e l f u n c

We s u mma r i z e s o me i n t e r e s t i n g a p p r o a c h e s a n d � n i s h wi t h t h e P- Al

t h e b a s i s o f o u r o p t i mi z a t i o n p r o c e d u r e . Th e s e a p p r o a c h e s e s s e n t

mo d e l c h o s e n a n d t h e me t h o d u s e d f o r mi n i mi z i n g t h e mo d e l f u n c t i o

I n Gr o c h e t . a l . [ 4 ] , t h e mo d e l i n t h e mu l t i d i me n s i o n a l c a s e i

f u n c t i o n . I n s t e a d , t h e c o n d i t i o n a l me a n a n d v a r i a n c e o f t h e o n e d

a r e g e n e r a l i z e d . Th e c h o i c e o f t h e n e x t p o i n t o f e v a l u a t i o n i s ma d

k 1

i ( x) = k
i ( x) � �ki ( x) ; i = 1 ; : : : ; ; ( 4 )

wh e r e t h e e x p e r i me n t a l r e g i o n A i s d i v i d e d i n t o d i s j o i n t s i mp l i

c o n s t a n t , d e t e r mi n i n g t h e we i g h t g i v e n t o v a r i a n c e wi t h r e s p e c t t

o f e a c h n e w p o i n t c a u s e s t h e e x p e r i me n t a l r e g i o n t o b e f u r t h e r s u b

f e a t u r e o f t h i s me t h o d i s t h a t i t i s s i mp l e ; c a n b e mi n i mi z e d a n a l

i ma t i o n t o t h e g l o b a l o p t i mu m c a n b e l o c a t e d b y mi n i mi z i n g . A l o c

b e t h e n p e r f o r me d .

I n Ad a c h i e t . a l . [ 7 ] , t h e mo d e l f u n c t i o n i s a s t a t i o n a r y s t o c h

t i o n a l me a n i s a n i n t e r p o l a t i n g f u n c t i o n . Th i s i n t e r p o l a t i n g f u

p o i n t s a n d i t s d e r i v a t i v e s a r e e a s y t o c o mp u t e . Th e v a r i a n c e o f a

s p o n s e b y t h i s f u n c t i o n i s a l s o e a s y t o c o mp u t e . Th e o p t i ma l p o i n t

t h e i n t e r p o l a t i n g f u n c t i o n s t a r t i n g f r o m t h e s ma l l e s t d a t a p o i n

a c o n s t r a i n t o n t h e c o e �c i e n t o f v a r i a t i o n . Th e c o e �c i e n t o f v a r

me a n a n d v a r i a n c e o f t h e c o n d i t i o n a l d i s t r i b u t i o n . Th e p r o c e d u r e

l e a d i n g t o ( h o p e f u l l y ) a d i � e r e n t l o c a l o p t i mu m o f t h e o b j e c t i v e f

a l l l o c a l o p t i ma c a n b e l o c a t e d . Th e a u x i l i a r y c o mp u t a t i o n s a r e

o f a n o n l i n e a r o p t i mi z e r a t e v e r y i t e r a t i o n t o � n d t h e mi n i mu m o f t
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Be r n a r d o e t . a l . [ 1 ] , e mp l o y a s t o c h a s t i c mo d e l f u n c t i o n t o p e

o f e l e c t r o n i c c i r c u i t s . Th e i r a p p r o a c h r e l i e s h e a v i l y o n d e s i g

s i g n i � c a n t p a r a me t e r s t h r o u g h p a r a me t e r e � e c t p l o t s a n d a l s o t o

r e g i o n s i n t h e d e s i g n s p a c e .

Th e P- a l g o r i t h m wa s d e v e l o p e d a n d c h a r a c t e r i z e d i n [ 1 9 ] , [ 2 0 ]

c e d u r e . At e a c h i t e r a t i o n , a n e w o b s e r v a t i o n p o i n t xk 1
i s c h o s e n t h a t h a s t h e h i g h e

p r o b a b i l i t y o f ( xk 1
) b e i n g s ma l l e r t h a n yok wh i c h i s s o me c h o s e n v a l u e s ma l l e r t h

me a n v a l u e o f a t e a c h p o i n t i n A. i . e . ,

xk 1
= Ar g ma xx x( yok ) ( 5 )

i s c h o s e n a s t h e n e x t o b s e r v a t i o n p o i n t wh e r e , yok i s s o me v a l u e l e s s t h a n ix k( x j

xi; � ( xi) ; i = 1 ; : : : ; ) , a n d

x( yok ) = Pr o b a b i l i t y ( ( x) yok ) : ( 6 )

Ba s e d o n r a t h e r i n t u i t i v e a x i o ms , i t i s s h o wn i n [ 1 7 ] t h a t ( x) c a n

s i a n r a n d o m v a r i a b l e wh o s e c o n d i t i o n a l me a nk( x) a n d v a r i a n c e sk( x) i s g i v e n a s :

k( x j xi; � ( xi) ; i = 1 ; : : : ; ) =
k

i=1

k
i � ( xi) ( 7 )

s2k( x j xi; � ( xi) ; i = 1 ; : : : ; ) =k

k

i=1

( �( x; x) � �( x; xi) )
k
i ( 8 )

wh e r eki a r e we i g h t s c h o s e n s u c h t h a tk
i=1

k
i = 1 a n d k( x j xi; � ( xi) ; i = 1 ; : : : ; ) = � ( xi)

a t t h e o b s e r v e d p o i n t s , i . e . t h e me a n v a l u e i n t e r p o l a t e s t h e k n o

p r o v e d t h a t a s e q u e n c e o f p o i n t s t h u s g e n e r a t e d , c o n v e r g e s t o t h e

Th e P- a l g o r i t h m i s a g e n e r a l f o r mu l a t i o n o f a s t r a t e g y t o ma x

g a i n e d b y e a c h f u n c t i o n e v a l u a t i o n , a n d i s q u i t e e a s y t o i mp l e me n

me n t a t i o n o f t h e P- a l g o r i t h m [ 1 7 ] , s e v e r a l d e c i s i o n s h a v e t o b e m

a n d t h e a c c u r a c y o f t h e me t h o d , n a me l y t h e f o l l o wi n g :

Th e a p p r o p r i a t e f o r m o f t h e we i g h t i n g f u n c t i o n si h a s t o b e c h o s e n .
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Th e a p p r o p r i a t e f o r m o f t h e c o v a r i a n c e �( x; y) h a s t o b e c h o s e n .

t h a t � s h o u l d b e s u c h t h a t ( �( x; x) ��( x; ) ) = x� wh e r e x� i s t h

n o r m.

An a p p r o p r i a t e s e a r c h me t h o d f o r � n d i n g xk 1
mu s t b e d e v i s e d . Th i s c o u l d b e a n o

mu l t i mo d a l o p t i mi z a t i o n p r o b l e m.

An a p p r o p r i a t e v a l u e o f yok h a s t o b e c h o s e n . I t h a s b e e n s h o wn i n [ 2 0 ] t h

a v a l u e o f yok l e a d s t o t h e p o i n t s o f g r e a t e s t u n c e r t a i n i t y . I f yok g r e a t e r t h a n o r e q u a l

t o ix k( x j xi; � ( xi) ; i = 1 ; : : : ; ) , t h e n t h e n e x t p o i n t c h o s e n wi l l

v a l u e s t h a t a t t a i n t h i s mi n i mu m.

I n t h e n e x t s e c t i o n , we d e t a i l o u r i mp l e me n t a t i o n o f t h e P- a l g

i t e r a t i v e , h e n c e t h e u s e r c a n s t o p t h e i t e r a t i o n s a n y t i me t h e

s a t i s f a c t o r y . Th e n u mb e r o f s i mu l a t i o n s t o b e r u n a r e d i r e c t l

Th e a l g o r i t h m o n l y i d e n t i � e s t h e mo s t p r o mi s i n g p o i n t s f o r s i

Implementation

Th e P- Al g o r i t h m i s a f o r ma l i z a t i o n o f a n i n t u i t i v e s e a r c h s t r a t

a f r a me wo r k f o r d e v i s i n g g l o b a l o p t i mi z a t i o n a l g o r i t h ms . We n o w

i mp l e me n t a t i o n o f t h e P- Al g o r i t h m.

1 . Ch o o s e k p o i n t s xi, i = 1 ; : : : ; u n i f o r ml y f r o mAu s i n g L a t i n Hy p e r c u b e S

a n d c o mp u t e � ( xi) b y s i mu l a t i o n . S t a r t i t e r a t i o n = 1 .

2 . Us i n g t h e BLUP a n d MS E e x p r e s s i o n i n [ 1 5 ] ( s e e Ap p e n d i x 1 , e q

� n d t h e me a n ( xj) a n d v a r i a n c e s( xj) a t u n i f o r ml y d i s t r i b u t e d p o i n t

3 . F i n d t h e s ma l l e s t v a l u e o f ( xj) , i . e .

l( x) = mi nj 1::: ( xj) : ( 9 )

L e t ylok = l( x) �l. At e a c h xj � n d t h e p r o b a b i l i t yx ( ylok ) .
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4 . Ch o o s el p o i n t s wi t h l a r g e s t p r o b a b i l i t yx( ylok ) f r o m t h e p o i n t s .

5 . Co mp u t e � ( x) a t t h el p o i n t s f o u n d a b o v e . I f mi nj 1:::
l
� ( xj) i s s a t i s f a c t o r y , t h e

s t o p , e l s e c o n t i n u e

6 . = l. I f max , t h e n s t o p , e l s e = 1 , g o t o s t e p 2 .

Th i s a l g o r i t h m i s p a r a me t e r i z e d b y t h e c o n s t a n t s ,l, l a n d m x. Th e s e p a r a me t e r s

h a v e t o b e a d a p t e d t o t h e s p e c i � c p r o b l e m o r l e f t t o t h e d e s i g n e r '

= 1 0 d, l = 2 d, wh e r e d i s t h e d i me n s i o n a l i t y o f t h e d e s i g n s p a c e A,

g o o d v a l u e s f o r p r o b l e ms b e l o w. I n t h i s wa y t h e d e s i g n e r d i r e c t l

s i mu l a t i o n s t o b e r u n . Th e c h o i c e o f s e a r c h p o i n t s c a n b e s u i t a b l

j u d g e me n t , a n d c a n a c c o u n t f o r c o n s t r a i n t s o n t h e d e s i g n s p a c e , e

a p o l y t o p e c o n s t r a i n e d b y l i n e a r i n e q u a l i t i e s o n t h e d e s i g n v a r i

t h e me a n a n d v a r i a n c e h a s t o b e e s t i ma t e d a t t h e p o i n t s , wh i c h i s

Th i s l e a d s u s t o a n o t h e r v e r y i mp o r t a n t q u e s t i o n , n a me l y , h a n d

d e s i g n . I f t h e c o n s t r a i n t s a r e l i n e a r , t h e y c a n b e h a n d l e d v e r y n

o f t h e p o i n t s f o r v i o l a t i o n . Wh e n t h e c o n s t r a i n t s a r e i mp l i c i t a

a f t e r s i mu l a t i o n , e . g . a ma x i mu md e l a y o r p o we r r e s t r i c t i o n wh e n d

t h e p r o c e d u r e n e e d s t o b e mo d i � e d . Th e r e a r e t wo i mme d i a t e p o s s i b

c a n b e e v a l u a t e d t h r o u g h t h e s a me s i mu l a t i o n , t h e n a n o t h e r s t o c h

t o mo d e l t h e c o n s t r a i n t . A c e r t a i n t r a d e o � h a s t o b e e s t a b l i s h e d b

s e c o n d a r y mo d e l a n d t h e a c t u a l o b j e c t i v e . I f a p e n a l t y me t h o d i s

t r u e o b j e c t i v e a n d t h e c o n s t r a i n t i n a s i n g l e o b j e c t i v e f u n c t i o n

i s a l i t t l e mo r e d i �c u l t , a s t h e o v e r a l l mo d e l mi g h t h a v e t o a c c o u n

Al t e r n a t i v e l y , t h e c o n s t r a i n t c a n b e mo d e l e d p i e c e - wi s e l i n e a r l

e x p e r i me n t [ 1 6 ] . Th e n t h e o p t i mi z a t i o n t a s k i s c o n s i d e r a b l y s i mp

d e p e n d s o n t h e s e v e r i t y o f t h e c o n s t r a i n t s . Fo r a v e r y t i g h t c o n s

p a y c l o s e a t t e n t i o n t o t h e c o n s t r a i n i n g f u n c t i o n a n d u s e t h e � r s t

Fo r a l o o s e c o n s t r a i n t , t h e s e c o n d a p p r o a c h wo u l d b e mo r e s u i t a b

g i v e n b e l o w, t h e � r s t a p p r o a c h wa s a d o p t e d f o r me e t i n g a ma x i mu m

a d d i t i o n t o o p t i mi z i n g t h e d e l a y s k e w.
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I n t h e n e x t s e c t i o n , t h e a l g o r i t h m d e s c r i b e d a b o v e i s e x e c u t e d o

t o b e o p t i mi z e d f o r ma x i mu m d e l a y v a r i a t i o n . I n t h e � r s t e x a mp l e ,

wi t h a ma x i mu m d e l a y c o n s t r a i n t . Th e s e c o n d i s a n e s s e n t i a l l y u n c

p r o b l e m.

ptimization e amples

. -

Th e d e s i g n o f wa v e - p i p e l i n e d c i r c u i t s i n v o l v e s v e r y c a r e f u l c o n t

i n t h e c o mb i n a t i o n a l b l o c k s . Te c h n i q u e s h a v e b e e n p r o p o s e d b y D

f o r b a l a n c i n g t h e p a t h d e l a y s b y i n s e r t i n g a c t i v e d e l a y e l e me n t s

h a v e s h o wn h o w t h e d e l a y o f e a c h g a t e c a n b e a c c u r a t e l y c o n t r o l l e d

Fo r CMOS g a t e s , h o we v e r , t h e d e l a y i s d a t a d e p e n d e n t . Fo r t h e CMO

e x a mp l e , t h e r i s i n g d e l a y i s s u b s t a n t i a l l y s ma l l e r wh e n b o t h i n p

o p p o s e d t o o n e i n p u t b e i n g � x e d a t 1 a n d t h e o t h e r s wi t c h i n g f r o m

a v o i d i n g t h i s d a t a d e p e n d e n c e i s t o u s e t h e c r o s s c o u p l e d b i a s e d -

i n � g u r e 1 [ 2 ] . Th i s g a t e , h o we v e r , c o n s u me s s u b s t a n t i a l s t a t i c

l o w. An o t h e r g a t e s t r u c t u r e s u i t a b l e f o r wa v e p i p e - l i n i n g i s s h

t r a n s i s t o r M3 i s u s e d t o a d d e x t r a r e s i s t a n c e t o t h e p u l l - u p c h a i n

s i mu l t a n e o u s s wi t c h i n g o f b o t h i n p u t s . I t a l s o h a s t h e d e l e t e r i o u

c i r c u i t . He n c e a p r o p e r b a l a n c e h a s t o b e s t r u c k b e t we e n t h e ma x i

g a t e , a s we l l a s t h e d a t a - d e p e n d e n t s p r e a d [ 1 1 ] . Th e d e l a y s p r e a d

p r o c e s s v a r i a t i o n s a l s o . Of c o u r s e , t h e e a s i e s t p a r a me t e r s t o c o n

t h e t r a n s i s t o r s i z e s . He n c e t h e g o a l o f t h e o p t i mi z a t i o n i s t o o b t

s u c h t h a t t h e d e l a y s p r e a d t h r o u g h e a c h c i r c u i t b l o c k i s mi n i mi z e

o n t h e ma x i mu m d e l a y t h r o u g h t h e c i r c u i t .

Th e o p t i mi z a t i o n p r o b l e m i s f o r ma l i z e d a s f o l l o ws :
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Fi n d x� = Ar g mi nx ma x �( x) ( 1 0 )

s u b j e c t t o ma xd e l a y ( x ) max : ( 1 1 )

He r e d e n o t e s t h e n o mi n a l a n d t h e f o u r p r o c e s s c o r n e r MOS FET

h y p e r c u b e f o r me d b y r e s t r i c t i n g t h e wi d t h s o f M1 - M3 b e t we e n 3 . 6 mias

b e t we e n 0 . 0 a n d 2 . 0 V. Th e wi d t h s o f N1 a n d N2 a r e c o n s t r a i n e d t o b

o f M1 a n d M2 r e s p e c t i v e l y . x i s a n a r b i t r a r y v e c t o r o f f e a s i b l e t r

v o l t a g e . No t e t h a t t h e mi n i mu m a l l o we d f e a t u r e s i z e i s 0 . 6 m a n d

a n d N2 we r e r e s t r i c t e d t o v a r y i n q u a n t a o f 0 . 6 m o n l y . Th e s k e w�( x) i s d e � n e d a s t h e

v a r i a t i o n i n d e l a y t h r o u g h t h e c i r c u i t s h o wn i n � g u r e 2 o v e r t h e s i

( s e e � g u r e 3 ) , a n d t h e d y( x) i s t h e l a r g e s t d e l a y o v e r t h e s e i n p u tmax i s t h e

ma x i mu m d e l a y c o n s t r a i n t .

Th e mo d e l s f o r d e l a y a n d s k e w we r e i n i t i a l l y e s t a b l i s h e d b y s i m

s i z i n g s c h e me s , s e l e c t e d r a n d o ml y u s i n g L a t i n Hy p e r c u b e S a mp l i n g

1 s h o ws t h e s i z i n g s c h e me wi t h t h e b e s t s k e w v a l u e , s a t i s f y i n g t h

t h e s e 1 0 0 p o i n t s . Th i s s i z i n g s c h e me i s n o t f e a s i b l e . Th e s e c o n

f e a s i b l e p o i n t t o t h i s s i z i n g a n d t h e d e l a y a n d s k e w v a l u e f o r t h a

S i n c e t h e n u mb e r o f p o s s i b l e s i z i n g s i s s ma l l , a l l t h e f e a s i b l

s i z i n g s c h e me s ) we r e e v a l u a t e d wi t h � v e v a l u e s o f b i a s v o l t a g e r a n

e q u a t i o n s 1 7 a n d 1 9 . Th i s c o n s t i t u t e s a n e x h a u s t i v e s e a r c h o f t h

mo d e l s . S i n c e t h e s ma l l e s t p o s s i b l e v a l u e f o r t h e s k e w i s 0 , yok wa s c h o s e n t o b e z e r o . 2 0

f e a s i b l e s i z e s a n d b i a s v o l t a g e s wi t h t h e l a r g e s t p r o b a b i l i t y t h a

max 1 s we r e c h o s e n f o r r e s i mu l a t i o n . Ta b l e 1 s h o ws t h e r e s u l

s i mu l a t i o n s . Th e b e s t s i z i n g i n t h e s e c o n d s e t wa s c o n s i d e r a b l y

t h e � r s t 1 0 0 s a mp l e s a n d wa s c o n s i d e r e d q u i t e s u i t a b l e f o r d e s i

s i mu l a t i o n s we r e p e r f o r me d . Th e t o t a l t i me t a k e n f o r s i mu l a t i o n

DECs t a t i o n 5 0 0 0 wh i l e t h e o v e r h e a d o f mo d e l b u i l d i n g a n d s e a r c h i

s e c o n d .

Th i s e x a mp l e i l l u s t r a t e s h o w t h e o p t i mi z a t i o n p r o c e d u r e i s e mp
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i s p r u n e d b y t h e d e s i g n e r ' s j u d g e me n t a n d a g o o d s o l u t i o n i s f o u n d

I n t h e n e x t e x a mp l e , t h e me t h o d o l o g y i s f u r t h e r e x p a n d e d t o i n c l u

wi t h a v e r y d i � e r e n t o b j e c t i v e f o r mu l a t i o n .

.

Th e s e c o n d e x a mp l e we p r e s e n t h e r e i s t h e s k e w o p t i mi z a t i o n o f a s i

c l o c k d r i v e r c i r c u i t s h o wn i n � g u r e 4 . I t i s d e s i r e d t o o b t a i n a s

f r o m t h i s c i r c u i t ' s o u t p u t s s u c h t h a t t h e r e i s mi n i mu m s k e w b e t w

t o mi n i mi z e� = ma x ( , l) , a s s h o wn i n � g u r e 5 . Ag a i n , t h i s s k e w h a s t o b

o v e r t h e p r o c e s s v a r i a t i o n s . Th i s o p t i mi z a t i o n h a s t o b e d o n e u

s i z i n g s c h e me . Th e a b s o l u t e d e l a y t h r o u g h t h i s c i r c u i t i s n o t a

c o n s u mp t i o n a s t h i s i s a c u s t o m c i r c u i t b l o c k u s e d o n l y s p a r i n g l y

o p t i mi z a t i o n i s e s s e n t i a l l y u n c o n s t r a i n e d . To t e s t t h e s c o p e o f

a n d p o we r s u p p l y v a r i a t i o n s we r e a l s o c o n s i d e r e d . Th e mo d e l wa

o f t r a n s i s t o r s i z e s , p r o c e s s , t e mp e r a t u r e a n d p o we r s u p p l y v a r i

e x a mp l e , p r o c e s s v a r i a t i o n s we r e c o n s i d e r e d b y s i mu l a t i n g e a c h

p r o c e s s c o r n e r s a n d t h e n o mi n a l p r o c e s s . Th e p r o b l e m i s f o r ma l i z

F i n d x� = Ar g mi nx ma x �( x) ( 1 2 )

He r e , A i s t h e h y p e r c u b e f o r me d b y r e s t r i c t i n g t h e wi d t h s P1 - P

1 2 m, t h e t e mp e r a t u r e v a r i a t i o n b e t we e n 2 5 - 7 5� a n d dd b e t we e n 4 . 7 5 - 5 . 2 5 V. As b e f o

t h e wi d t h s o f N1 - N6 a r e c o n s t r a i n e d t o b e o n e - h a l f t h e wi d t h s o f

r e p r e s e n t s t h e p r o c e s s v a r i a t i o n s c o n s i d e r e d . Th e o p t i mi z a t i o n

t h e wo r s t d e l a y s k e w o v e r a l l e t ernal noi se f a c t o r s , i . e . , t e mp e r a t

v a r i a t i o n s , h a s t o b e mi n i mi z e d o v e r t h e i nt ernal noi se f a c t o r s , i . e .

Fo r t h i s p r o b l e m, t h e s i z i n g p r o v i d e d b y t h e r e s i d e n t c i r c u i t d e s

s k e w o f 2 9 0 p s ( r o w 1 o f t a b l e 2 ) . Fo r o p t i mi z a t i o n p u r p o s e s , t h

u s i n g = 1 0 0 s i mu l a t i o n s , s e l e c t e d r a n d o ml y u s i n g L a t i n Hy p e r c u b

t h e e � e c t o f t e mp e r a t u r e a n d s u p p l y v a r i a t i o n wa s f a c t o r e d o u t .

p o i n t s we r e s a mp l e d i n t h e 6 - d i me n s i o n a l s p a c e o f t h e t r a n s i s t o r) . At e a c h o f
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t h e s e 1 0 0 0 p o i n t s , t h e mo el i n e q u a t i o n s ( 1 7 ) a n d ( 1 9 ) ( s e e Ap p e n d

d i � e r e n t c o mb i n a t i o n s o f t h e s u p p l y v o l t a g e a n d t e mp e r a t u r e v a r i

o f t h e p r o b a b i l i t y ( yok ) ( e q u a t i o n 6 ) o v e r t h e s e 9 c o mb i n a t i o n s wa s f o u n d

1 0 0 0 p o i n t s . Th i s v a l u e wa s u s e d t o e s t i ma t e t h e l i k e l i h o o d o f a s

x� = Ar g mi nx ma x x ( yok ) ( 1 3 )

wa s t h e t a r g e t f o r f u r t h e r s i mu l a t i o n . He r e xi s t h e t r a n s i s t o r wi d t h v e c t o r , Ai s t h e s p a c e

o f p e r mi s s i b l e t r a n s i s t o r wi d t h s a n d r e p r e s e n t s t h e t e mp e r a t u

Ag a i n yok wa s c h o s e n t o b e 0 . 0 wh i c h i s t h e mi n i mu m p o s s i b l e v a l u e o

t h e 1 0 0 0 s i z i n g s c h e me s e v a l u a t e d , t h e 1 0 s i z i n g s c h e me s ( i n s t e a

b y e q u a t i o n 1 3 ) wi t h t h e l a r g e s t p r o b a b i l i t y we r e c h o s e n f o r f u

s c h e me s we r e v e r i � e d u s i n g t h e 5 p r o c e s s p a r a me t e r s a n d t h e 4 c o r n

t e mp e r a t u r e 
 u c t u a t i o n s . Th e s ma l l e s t wo r s t - c a s e s k e w a mo n g t h e s

a s i g n i � c a n t i mp r o v e me n t o v e r t h e e x p e r t ' s d e s i g n ( r o w 2 o f t a b l e

t i me wa s 6 4 0 c p u s e c o n d s o n a DECs t a t i o n 5 0 0 0 a n d t h e o v e r h e a d o f

o p t i mi z a t i o n wa s l e s s t h a n 1 0 c p u s e c o n d s .

Th e s e e x a mp l e s i l l u s t r a t e t h e p o we r o f t h i s a p p r o a c h i n e v a l

s c h e me s e �c i e n t l y f o r d i � e r e n t o p t i mi z a t i o n p r o b l e ms . Th e s t o c

c a p t u r e t h e r e l a t i o n s h i p o f a n y p e r f o r ma n c e me a s u r e t o t h e t r a n s

a c c u r a c y i s r e 
 e c t e d i n t h e f e w s u b s e q u e n t e v a l u a t i o n s r e q u i r e d t o

i scussion

Wh e n o p t i mi z i n g h i g h p e r f o r ma n c e c o mb i n a t i o n a l s u b b l o c k s , t h e r

k n o wl e d g e a b o u t t h e o b j e c t i v e f u n c t i o n , e . g . , t h e d i � e r e n c e b e t w

i mu m d e l a y wi l l a l wa y s b e g r e a t e r t h a n z e r o a n d l e s s t h a n s o me u p p

t h r o u g h t h e b l o c k . Al s o , t h e o b j e c t i v e f u n c t i o n i s e x p e c t e d t o b

s i d e s t h i s , l i t t l e c a n b e s a i d . Gr a d i e n t s a r e v e r y h a r d t o o b t a i

d i �c u l t . Ea c h o b j e c t i v e f u n c t i o n e v a l u a t i o n i s g o i n g t o b e e x p e

ma d e t h r o u g h a f u l l c i r c u i t s i mu l a t i o n , e s p e c i a l l y f o r r e a s o n a b l
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o f i n p u t p a r a me t e r s i s u s u a l l y f a i r l y s ma l l , i n t h e 5 - 2 0 r a n g e , c o

t r a n s i s t o r s t h a t c a n b e s i z e d i n d e p e n d e n t l y . Th e r e mi g h t e x i s t s o

i n p u t p a r a me t e r s . Th e a l g o r i t h ms b a s e d o n s t o c h a s t i c mo d e l i n g � t

ma i n i d e a b e h i n d t h e s e a l g o r i t h ms i s t o ma x i mi z e t h e c h a n c e s o f i

f u n c t i o n a f t e r e a c h e v a l u a t i o n . Al mo s t a n y k i n d o f a p r i o r i i n f o r m

u p t h e s e a r c h f o r o p t i ma l s i z i n g . Fo r e x a mp l e , i t ' s q u i t e e a s y t o

p e r f o r me d b y t h i s a l g o r i t h m t o t h e p a r t o f t h e d e s i g n s p a c e t h a t i s

t o b e mo s t p r o mi s i n g . Th e e x a mp l e s g i v e n i n t h e p r e v i o u s s e c t i o n

c a p a b l e o f o p t i mi z i n g c o mp l e x s i z i n g o b j e c t i v e s , b a s e d o n l y o n s

e x t r e me l y a t t r a c t i v e f e a t u r e o f t h i s a l g o r i t h m i s i t s 
 e x i b i l i t

a t i o n i s g u a r a n t e e d t o i mp r o v e t h e b e s t s o l u t i o n f o u n d t h u s f a r ,

i n v e s t i g a t i o n a t a n y t i me wh e n t h e a t t a i n e d s o l u t i o n i s d e e me d t o

t h i s c a n a l s o b e p e r c e i v e d a s a d r a w b a c k o f t h e a l g o r i t h m s i n c e t h

g e n c e c r i t e r i o n , i . e . l o c a t i o n o f a s t a t i o n a r y p o i n t . Th e o n l y wa

s u c c e s s i v e i t e r a t i o n s r e t u r n t h e s a me s o l u t i o n . An o t h e r l i mi t a t

c o s t o f mo d e l e s t i ma t i o n g r o ws r a p i d l y wi t h t h e n u mb e r o f d a t a p o

o f t h e mo d e l e q u a t i o n s ( 1 7 a n d 1 9 ) r e q u i r e s t h e i n v e r s i o n o f a

ma n y mo d e l e v a l u a t i o n s a r e ma d e o n t h e s a me d a t a s e t ( a s i n s t e p 2 o

t h e ma t r i x i n v e r s i o n n e e d s t o b e d o n e o n l y o n c e . Th i s me t h o d s h o

p r o b l e ms o f d i me n s i o n a l i t y u p t o 2 5 - 3 0 . Be y o n d t h a t , t h e s i mp l e

2 i s n o t s u �c i e n t t o g u a r a n t e e c l o s e t o o p t i ma l s o l u t i o n s .

onclusion and uture or

We h a v e d e mo n s t r a t e d h o w a n a l g o r i t h m b a s e d o n s t o c h a s t i c mo d e l i

i n g s o me v e r y d i �c u l t t r a n s i s t o r s i z i n g p r o b l e ms . Th i s a l g o r i t h

o f a s e a r c h s t r a t e g y f o r t h e o p t i ma l s i z i n g s c h e me . Th e o n l y i n f

a l g o r i t h m i s t h e v a l u e o f t h e o b j e c t i v e f u n c t i o n wh i c h c a n b e c a l

s i mu l a t i o n . No g r a d i e n t i n f o r ma t i o n i s r e q u i r e d . Th e ma i n t h r u s

mi z e t h e p r o b a b i l i t y o f i mp r o v i n g t h e b e s t k n o wn s o l u t i o n wi t h e a
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o b j e c t i v e f u n c t i o n . Th i s i s c o n s i s t e n t wi t h t h e a i m o f o b t a i n i n g

u a t e d t h r o u g h c i r c u i t s i mu l a t i o n s , wh i l e mi n i mi z i n g s i mu l a t i o n

i s f o u n d a t e a c h s t e p o f t h e a l g o r i t h m a n d s o t h e s e a r c h c a n b e s t o

s o l u t i o n f o u n d t h u s f a r i s c o n s i d e r e d s a t i s f a c t o r y . Th e e x a mp l e

s o l u t i o n s c a n b e q u i c k l y f o u n d u s i n g t h i s a p p r o a c h .

Fu r t h e r wo r k i s n e e d e d o n t h e p r o g r a m i n t e r f a c e s . Pr o c e s s v a r

o n l y u s i n g t h e p r o c e s s c o r n e r mo d e l s . I f mo r e d e t a i l e d mo d e l s o

g i v e n , t h e p r o c e d u r e n e e d s t o b e mo d i � e d . Fo r e x a mp l e , i f t h e p r

s p e c i � e d b y a n o r ma l d i s t r i b u t i o n , t h e n t h e s t o c h a s t i c mo d e l c a

p r o c e s s p a r a me t e r s a s v a r i a b l e s a l s o . Fu r t h e r i n v e s t i g a t i o n i s

a n a l y s i s i n t h i s s c e n a r i o .
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ppendi

Th e mo d e l u s e d f o r t h e p r o b l e m a b o v e wa s :

( x) =
d

j=1

jxj ( x) ( 1 4 )

wh e r e x i s t h e d d i me n s i o n a l p a r a me t e r v e c t o r a n d x= 1 . i s a ( d 1 ) 1 v e c t o r o f

u n k n o wn c o e �c i e n t s . ( : ) i s a r a n d o m p r o c e s s wi t h me a n z e r o a n d c o

( ; x) = �2 d
i=1 x ( � j j � xj j ) ( 1 5 )

S u p p o s e t h a t v a l u e s o f ( x) a r e g i v e n a t s a mp l e p o i n t s si; : : : ; s. Th e s e v a l u e s a r e

i n t h e 1 v e c t o r �. i s t h e ( d 1 ) ma t r i x o f t h e p a r a me t e r v e c t o r s a

s i t e s a u g me n t e d b y a u n i t v e c t o r , i . e .

=

6
6
6
6
6

1 s
11

: : : s
1d

...

1 s
1

: : : sd

( 1 6 )

Th e n t h e Be s t L i n e a r Un b i a s e d Pr e d i c t o r y o f ( : ) i s g i v e n a s :

y = ( x) R�1( � � ) ( 1 7 )

wh e r e

= ( R�1 )�1 R�1� ( 1 8 )

wh e r e , a s b e f o r e , R i s t h e c o v a r i a n c e ma t r i x o f t h e s t o c h a s t i

s a mp l e l o c a t i o n s , a n d i s t h e 1 v e c t o r o f c o v a r i a n c e s ( x; sk) , = 1 ; : : : ; , a n d =

[ 1 x
1
: : : xd] . Th e Me a n S q u a r e d Er r o r ( MS E) i s g i v e n a s :

MS E( y( x) ) = �2 [ ( x) ]
6

0

R

�1

6

( x)
( 1 9 )
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M1 M2 M3 v b i a s d e l a y s k e w

Be s t Ra n d o m S i z i n g6 . 1 5 e - 0 68 . 7 9 e - 0 68 . 5 5 e - 0 6. 9 8 9 . 9 - 1 07 . 7 e - 1 0

Cl o s e s t Fe a s i b l e S i z i n g6 . 0 e - 6 8 . 4 e - 6 8 . 4 e - 6 . 9 8 1 . 0 e - 0 97 . 7 e - 1 0

Be s t S i z i n g a f t e r Op t i mi z a t i o n7 . 2 e - 6 8 . 4 e - 6 9 . 6 e - 6 0 . 0 8 . 8 e - 1 05 . 4 e - 1 0

Ta b l e 1 : Re s u l t s f o r De l a y Co n t r o l l e d El e me n t

M1 M2 M3 M4 M5 M6 s k e w

De s i g n e r ' s c h o i c e9 . 6 e - 64 . 8 e - 64 . 8 e - 69 . 6 e - 64 . 8 e - 64 . 8 e - 62 . 9 e - 1 0

Op t i ma l Po i n t7 . 2 e - 63 . 6 e - 68 . 4 e - 69 . 6 e - 69 . 6 e - 64 . 8 e - 61 . 1 e - 1 0

Ta b l e 2 : Re s u l t s f o r Cl o c k Dr i v e r Ci r c u i t
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A

B

B

A

Fi g u r e 1 : Cr o s s c o u p l e d NAND g a t e
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Test Circuit

Out
Vbias

Delay Controlled Circuit Element

A

B

Out

A B

A

B
N2

N1

P3

P2P1

Fi g u r e 2 : Ci r c u i t Bl o c k f o r Wa v e - p i p e l i n i n g

2 1



1 2

3 4

5 6

A

B

High

High-Low

Low-High

High

High

Low-High

High-Low

High

Low-High

Low-High

High-Low

High-Low

A

B

A

B

A

B

A

B

A

B

Fi g u r e 3 : Po s s i b l e i n p u t t r a n s i t i o n s
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M1 M2 M3

M4
M5

M6

N1 N2 N3

N4 N5 N6

CLK

CLK_NOT

CLK_IN

Fi g u r e 4 : Cl o c k Dr i v e r Ci r c u i t
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CLK_IN

CLK_NOT

CLK_OUT

H L

= max ( 
H , L

)

Fi g u r e 5 : S k e w De � n i t i o n
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