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Abstract

In order to designhigh performance circui ts, the relationship betweencircui t perfor-

mance and design parameters must be precisel y establ ished. Previousl y, experimental

design techniques have beenempl oyed for performance model ing of MOS VLSI devices

and circui ts. In this paper we describe a newcomputer-aided methodol ogy for charac-

terizing a famil y of el ectrical circui ts. This methodol ogy is based onmul ti -stage experi -

mental design and prediction through data interpol ation. The technique presented here

is ful l y automated and hence hel ps the designer in e�cientl y characterizing any circui t

response based onful l circui t simul ations. Through exampl es, we showthe power of this

technique in characterizing highl y non-l inear rel ationships betweencircui t performance

and the design parameters, in a variety of appl ications.
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1 Introduction

There are a number of desi gn appl i cat i ons where i t i s necessary to preci sel y establ i sh the

rel at i onshi p between a ci rcui t 's el ectr i cal responses and certai n designable parameters. The

process of observi ng the behavi or of a ci rcui t bl ock under di �erent condi t i ons and bui l di ng

a si mpl i �ed model that cl osel y mi mi cs thi s behavi or i s ref erred to as characteri zat i on [2].

Several authors have addressed thi s i ssue, al bei t wi th di �erent end goal s i n mi nd. Mi l or et.

al . [ 11] use such character i zat i ons f or computi ng parametri c yi el d of anal og ICs. Yu et. al .

[ 18] character i ze VLSI ci rcui t perf ormances i n the presence of manuf acturi ng uctuati ons.

Lowet. al . [ 10] use character i zat i ons f or bui l di ng macromodel s of the ICf abri cati on process.

Ci rcui t character i zat i ons are used f or desi gn opti mi zati on of VLSI devi ces [ 1] and ci rcui ts

[ 3] . Our parti cul ar appl i cat i on has been that of usi ng character i zat i ons f or f ormul ati ng

i nterconnect desi gn rul es [ 7] .

The two coni ct i ng goal s i n obtai ni ng thi s character i zat i on are accuracy and e�ci ency.

For exampl e, anal yti cal model i ng i s a very e�ci ent techni que f or response est i mati on, but i s

not sati s f actory f or hi gh perf ormance ci rcui ts . Ci rcui t s i mul ati on usi ng SPICE, f or exampl e,

i s accurate, but runni ng mul t i pl e parametri c s i mul ati ons i s qui te expensi ve. I t i s cl ear

that thi s trade- o� can be best achi eved i f s i mpl e model s are devi sed based on a mi ni mal ,

but su�ci ent, set of accurate s i mul ati ons. Such model s make use of responses obtai ned

at a f ew poi nts i n the desi gn space to predi ct responses accuratel y over the enti re desi gn

space. Tradi t i onal l y, thi s has been done by usi ng experi mental desi gn techni ques f or sel ect i ng

poi nts f or s i mul ati on i n the desi gn space and then �tti ng pol ynomi al model s to the obtai ned

responses through l east square regress i on [ 1] , [ 10] , [ 15] .

The rati onal e of these methods has been brought to quest i on i n [ 13] , f or cases where the

responses are obtai ned f romci rcui t s i mul ati on. Regress i on techni ques i ntroduce systemati c

bi as i n the model s . Al so, cl ass i cal experi mental desi gn techni ques [ 4] are bi ased by the

assumed f ormof the model . They [ 13] propose methods f or opti mi zi ng the experi mental

desi gn and postul ate novel predi ct i on techni ques, sui tabl e f or determi ni st i c experi ments. The

mai n drawback of thei r method i s the excess i ve t i me requi red to opti mi ze the experi mental

desi gn, though l arge i ncreases i n accuracy over cl ass i cal techni ques are observed.
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Our approach of computer experi mental desi gn and response predi ct i on draws f romthe

i deas presented i n [ 13] , [ 16] . Speci �cal l y, we use Movi ng Least Square Interpol at i on [ 9] f or

model i ng the responses. We use Lati n Hypercube Sampl i ng i n a sequenti al experi mental

desi gn f or determi ni ng the poi nts f or s i mul ati on. Anovel method of error character i zat i on

i s used to determi ne the regi on i n the desi gn space i n whi ch to perf ormthe next experi ment.

The organi zati on of the rest of thi s paper i s as f ol l ows: In secti on 2. the experi mental

desi gn probl emi s f ormul ated. Secti ons 3 and 4 respecti vel y gi ve our methodol ogy and some

speci �cs of the i mpl ementati on. Secti on 5 i l l ustrates the use of thi s method f or character i zi ng

very f ast data l atches and hi gh speed i nterconnect. Secti on 6 i s devoted to a bri ef di scuss i on

of some open i ssues and the concl usi ons.

2 Problem Statement

Formally, the objectiveis as follows:

Consi der a general el ectr i cal networkwhi ch obeys a set of nonl i near di �erenti al - al gebrai c

equati ons of the f orm:

G(�; z; t) = 0; (1)

where � i s a vector of i nstantaneous node vol tages and currents, z i s a set of desi gn parame-

ters, and t i s t i me. The parameters speci �ed by zdepends on the l evel of abstracti on used i n

the probl emspeci �cati on (e. g. vari ous i nductances, capaci tances etc. i n the ci rcui t model ,

i n a ci rcui t l evel representati on)

Let � represent the set of perf ormance parameters f or the network. The exact z to �

mappi ng can be obtai ned onl y by runni ng a computer s i mul ati on that sol ves the systemof

equati ons Gnumeri cal l y. The object i ve i s to obtai n a predi ctor f uncti on �
�(z) , whi ch i s

rel at i vel y much cheaper to eval uate than a f ul l ci rcui t s i mul ati on, and i s a good approxi ma-

t i on of �(z) over a range of zwhi ch i s ref erred to as the desi gn space. �
�(z) i s obtai ned by

conducti ng a computer experi ment i n whi ch �(z) i s eval uated at n sampl e s i tes fz1; : : : ; zng

usi ng the computer s i mul ati on. �
�(z) must sati s f y the f ol l owi ng restr i ct i ons:
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1. Predi ctabl e accuracy:

j ��(z) � �(z) j� �; (2)

f or each component of �, where � i s some scal ar error measure, over the desi gn space.

2. Unbi asedness: I f the val ue of �i s known at a certai n poi nt z
?, then �

� shoul d have the

same val ue at z
?, i . e. , �(z?) =� �(z?)8z? 2 fz 1; : : : ; zng.

Hence the obj ect i ve of the experi mental desi gn i s to choose a sui tabl e predi ctor f uncti on ��(z)

and nsampl e s i tes fz 1; : : : ; zngsuch that the unbi asedness condi t i ons i s sat i s�ed and the error

of predi ct i on i s mi ni mi zed. On �rst gl ance, the unbi asedness condi t i on mi ght appear overtl y

restr i ct i ve. However, there are several predi ctor f uncti ons, e. g. BLUP i n [ 12] , Movi ng Least

Square Interpol ant [ 9] etc. that easi l y achi eve thi s condi t i on. The unbi asedness condi t i on

hel ps us f ormul ate the cross- val i dati on error-measure [ 17] . I t al so accounts f or "outl i ers"

i n the data, and hel ps i n desi gni ng experi ments f or f ul l y conservati ve desi gns where the

"outl i ers" are of great concern because they represent strong non- l i neari t i es i n the response,

and not "noi sy" observati ons, as i s the case f or physi cal experi ments.

In the next sect i on, we �rst descr i be howthe sampl e s i tes are sel ected usi ng sequenti al

experi mental desi gn and then di scuss the predi ctor f uncti on used.

Se uential x erimental esi n

The mai n goal of experimental desi gn i s to choose si tes i n the desi gn space to be character-

i zed such that the error made at al l untr i ed i nputs by the predi ctor f uncti on i s mi ni mi zed.

Thi s i s qui te a f ormi dabl e task, especi al l y i f no pri or i nf ormati on i s avai l abl e about the

nature of the responses, as i s the case i n the appl i cat i ons descr i bed here. In thi s scenari o,

sequenti al sampl i ng i s the most sui tabl e. Wi th sequenti al sampl i ng, the sampl i ng can be

repeated to reduce predi ct i ve error by f urther sampl i ng i n the regi ons where the error seems

to be concentrated. Our approach i s to keep the same sampl i ng strategy duri ng each step of

the experi mentati on. Onl y the extent of the desi gn vari abl es z, (subsequentl y cal l ed experi -

mental regi on) change f romone step to the next. Si nce at each step, we try to character i ze

4



the enti re experi mental regi on, an experi ment desi gn wi th space l l i ng property, i . e. one

whi ch di str i butes s i tes uni f orml y over the experi mental regi on, i s requi red. Lati n Hypercube

Sampl i ng (LHS) i s very sui tabl e f or thi s purpose.

3.1 aracterizati o o rror i re i cti o

Af ter each step i n the sequenti al experi ment, the data i s anal yzed to determi ne the error i n

predi ct i on at untri ed i nput val ues. The next experi ment i s de�ned i n subregi ons where the

error i s l argest. Thi s i s a cruci al step i n the character i zat i on process. Usual l y, thi s i s done

by computi ng some gl obal error stat i st i cs . Thi s however, i ndi cates when to resampl e, but

wi th no i ndi cati on of where to sampl e more poi nts.

Our method of obtai ni ng gl obal error measures i s to character i ze the error at each of

the poi nts s i mul ated thus f ar. For thi s , the response val ue at each poi nt i s computed by the

predi ctor f uncti on, assumi ng that the true response val ue at thi s poi nt i s not known. i . e. ,

8z i; i =1 : : : n;

ompute j ��(zi) ��(z i) j;
(3)

where �
�(zi) i s computed based on �(z j) ' s , =1 : : : n, =i.

Thi s error measure i s termed cross-val i dat i on [ 17] . The meri t of thi s strategy i s that i t

gi ves desi red error of predi ct i on at each si mul ated poi nt, wi thout bei ng bi ased by the val ue

of the response at that poi nt. Thi s method i s al l the more attracti ve si nce our predi ctor

f uncti on i s l ocal i n nature, as descr i bed bel ow. Al so, s i nce the si mul ated poi nts are scattered

uni f orml y over the experi mental regi on, thi s gi ves a good error character i zat i on over the

enti re experi mental regi on.

3. re i ctor cti o

Accordi ng to the unbi asedness condi t i on stated above, the predi ctor f uncti on shoul d be exact

at the sampl ed poi nts. The usual l east square error predi ctor, i n general , f ai l s to do thi s . In

thi s sect i on we gi ve a bri ef j ust i �cati on of usi ng data i nterpol at i on f or predi ct i on and descri be
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i ts exact f orm. Fi rst , we summari ze the approach of [ 13] [ 16] towards the same probl em.

In [ 13] a stochast i c response model̂�(z) i s postul ated f or desi gni ng the experi ment and

a predi ctor f uncti on �
�(z) i s f ormul ated based on the experi mental resul ts . The response

model i s chosen to be

�̂(z) = n
j=1ajbj(z) (z) ; (4)

where a j are scal ars, bj(z) are pol ynomi al terms and (z) i s a stochast i c model of the

departure of the true response f romthe pol ynomi al . wi th zero mean and covari ance (y; z)

between any pai r of processes (y) and (z) . The covari ance i s gi ven as

(y; z) =�
2 (y; z) ; (5)

where �
2 i s the vari ance and (y; z) i s the correl at i on. (z) represents the departure of

the response f romthe pol ynomi al model gi ven by the �rst termof equati on 6. Suppose

that the response i s known at a certai n set of sampl e poi nt s. In [ 13] , the predi ctor f uncti on,

�
�(z) , i s the expected val ue of the stochast i c process,�̂(z) , used to model the response of

the si mul ator:

�̂(z) = n
j=1 ajbj(z) (z) ; (6)

�
�(z) i s the sumof a general i zed l east squares est i mate of the �rst termi n Equati on 6,

usi ng the sampl ed responses, and a smoothi ng term, expressed as an i nterpol ant of the

res i dual s at the sampl ed poi nts. Thi s smoothi ng termcan al so be seen as the poster i or mean

of the randomprocess (z) .

In [ 16] stochast i c f uncti ons are used to model obj ect i ve f uncti ons f or the purpose of

�ndi ng a gl obal opti mumof an unknown smooth f uncti on. When the stochast i c f uncti on has

a mul t i di mensi onal normal di str i buti on (as i s the response model i n [ 13] , wi th a zero order

pol ynomi al ) , the val ue of the obj ect i ve f uncti on at any poi nt i n the i nput space i s a aussi an

randomvari abl e. Under certai n si mpl e axi oms, the poster i or mean of the randomvari abl es

can be approxi mated by i nterpol at i on of the sampl ed (or known) obj ect i ve f uncti on val ues.

In the spi r i t of the above di scuss i on, we chose Movi ng Least Square Interpol at i on f or

predi ct i on[ 9] . Fol l owi ng i s a bri ef descr i pti on of thi s method:
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The response model i s gi ven by

�
�(z) = n

j=1 ajbj(z) ; (7)

where b1(z) ; : : : ; bn(z) are n l i nearl y i ndependent pol ynomi al s i n z. These f uncti ons are

suppl i ed by the user. The aj' s are cal cul ated so that a wei ghted sumof the error of predi ct i on

at al l sampl e poi nts i s mi ni mi zed. Thi s i s achi eved by sol vi ng the systemof equati ons:

(z) T
a(z) = (z)� (8)

where B i s an n� matri x whose th row i s [ bj(z1) ; : : : ; bj(zn) ] , � i s the �1 vector of

responses at the sampl e poi nts, and (z) i s a di agonal wei ghti ng matri x, wi th el ements

wi i(z) bei ng the wei ghts ass i gned to the error at zi' s . In order to achi eve exact i nterpol at i on

at the sampl ed poi nts, the f uncti on wshoul d go to i n�ni ty at the sampl ed poi nts zi' s .

Functi ons of the f orm

wi(z) =e
��kz�z ik2 ( z�z i

2) (9)

have thi s behavi or. These f uncti ons al so attenuate rapi dl y and hence mi ni mi ze the i nuence

of remote data val ues ( i . e. �
�(z) i s l ocal i n nature), whi l e smoothi ng the response.

Predi ct i on by MLSI has several advantages. I t i s cheaper to eval uate than the BLUP

i n [ 13] , s i nce i t i nvol ves an n�nmatri x i nvers i on, i nstead of the � covari ance matri x

f or BLUP computati on. In our experi ence, there i s no appreci abl e di �erence i n accuracy

between the two. Al so, there i s no need to f ormul ate a correl at i on structure, al though there

are some al ternati ves i n choosi ng the wei ghti ng f uncti on. In [ 17] , the parameters i n the

correl at i on structure are est i mated to best "�t" the data through l i kel i hood. Thi s can be a

very expensi ve operati on, someti mes gi vi ng margi nal i ncrease i n the qual i ty of predi ct i on.

Our approach, however, i s to generate more sampl es i n regi ons where the predi ctor nct i on

has poor t to the data. The l ocal nature of the predi ctor al l ows us to use cross-val i dat i on

f or error est i mati on. The i mportance of thi s f act cannot be overemphasi zed. In order to

character i ze error l ocal l y, the predi ctor f uncti on must al so have l ocal behavi or.
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Imlementation

In thi s sect i on, we descri be the i mpl ementati on of the i deas outl i ned i n the previ ous sect i on.

Asof tware modul e, cal l ed the Study enerator, has been devel oped wi th these al gori thms.

Fi gure 1 shows a bl ock descri pti on of the Study enerator. Fromthe user i nput the vari abl es

that f ormthe di mensi ons of the desi gn space are speci �ed al ong wi th the constrai nts that

de�ne the desi gn space to be character i zed. LHS i s perf ormed wi thi n thi s space and the error

i s eval uated as descr i be i n the previ ous sect i on. The error cr i ter i on i s used to determi ne the

sub- regi ons that need f urther sampl i ng. The Study enerator uses MetaSi m[ 8] f or automati c

speci �cati on of the si mul ati ons and extracti on of el ectr i cal responses[ 14] .

. 1 e ti i t e e i ari a e a i ti a eri e ta

e i o

The desi gn vari abl es and thei r ranges are user speci �ed. In general , the ranges of desi gn

vari abl es are i nterrel ated. For exampl e, several i nterconnect l engths i n a l ayout, though

i ndependent vari abl es, are constrai ned together by the si ze of the chi p or board. Hence

the requi red ranges of the vari abl es are speci �ed by l i near i nequal i t i es . These i nequal i t i es

represent cl osed hal f spaces, i n the Eucl i dean space of these vari abl es. The desi gn space,

i s the cl osure of the pol ytope whi ch represents the i ntersect i on of these hal f - spaces. The

i ni t i al experi mental regi on i s speci �ed as the smal l est hyperrectangul ar regi on contai ni ng

thi s pol ytope. To determi ne thi s hyperrectangl e, the extreme vert i ces of the pol ytope al ong

each i ndependent axi s have to be f ound. Thi s can be done by l i near programmi ng. LHS i s

used to determi ne sampl e s i tes i n thi s regi on. However, bef ore actual l y s i mul ati ng the ci rcui t

at a sampl e poi nt, i t i s veri �ed to see i f i t al so l i es i n the i nter i or of the pol ytope. In order to

avoi d a l owsampl e count as a resul t of rej ect i ng too many poi nts, a Monte-Carl o eval uati on

of the vol ume of the pol ytope i s made. Extra sampl es are drawn i n the LHS to reect the

vol umetri c rat i o of the pol ytope and the experi mental regi on. Thi s strategy hel ps i n gi vi ng

a wel l di str i buted sampl e over the pol ytope wi th a very tractabl e sampl i ng scheme.

8



Latin Hypercube 
     Sampling

Sampling Space

Error Evaluation

   New
Sampling 
  Space

ConstraintsVariables

User Input

 Data
Points

Fi gure 1: Study enerator

9



. e ti i t e e t eri e ta e i o

In secti on 3. 1, cross-val i dat i on i s suggested as the method f or est i mati ng the predi ct i ve

error. Error i s eval uated at every poi nt s i mul ated thus f ar, as gi ven by equati on 3. I f thi s

error i s greater than a certai n threshol d, i t i mpl i es that the nei ghbori ng poi nts of zi, do

not i nterpol ate wel l , ei ther because of a l ocal l arge non- l i neari ty, or spars i ty of poi nts i n i ts

vi ci ni ty. In ei ther case, i t i s desi rabl e to sampl e more poi nts i n the nei ghborhood of zi. The

nei ghborhood of zi i s de�ned as a bal l of radi us whi ch i s hal f the mi ni mumscal ed di stance

between z i and al l the other desi gn poi nts, i . e. ,

(i) =0:5 mi n j=1;:: : ; ; j=izi �z j 2: (10)

The hal f mi ni mumdi stance cri ter i on i s used to el i mi nate overl ap between the nei ghborhoods

of adj acent poi nts. Each component of zi i s scal ed by the l ength of the ori gi nal experi mental

regi on al ong that di rect i on. The i ntersect i on of the l argest hypercube that �ts i nsi de the

i ntersect i on of thi s bal l and the pol ytope representi ng the desi gn space, i s the experi mental

regi on. Agai n a sampl e i s drawn f romthe hypercubi c regi on. As bef ore, each sampl ed poi nt

i s checked to ensure that i t l i es i n the desi gn space. Thi s process i s repeated f or al l the

sampl e poi nts where the error measure exceeds the user speci �ed threshol d.

I . xamles

The f easi bi l i ty of thi s approach i s tested by usi ng the Study enerator to character i ze two

very di �erent ci rcui ts . The �rst appl i cat i on i s to determi ne cl ock ci rcui t t i mi ng desi gn rul es

consi stent wi th a hi gh speed l atch desi gn used i n the DECAl pha[ 5] mi croprocessor. The

second i s to determi ne wi r i ng rul es f or a hi gh speed net on a Mul ti - Chi p Modul e. The

common denomi nator here i s the hi ghl y non- l i near nature of the rel at i onshi p between the

desi gnabl e ci rcui t parameters and the ci rcui t responses of i nterest.
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. 1 oc i i e i or orrect atc erati o

In thi s exampl e, we character i ze a l atch structure si mi l ar to one used i n the DECAl pha

chi p[ 5] (�gure 2). Data race through was a maj or concern i n these l atches as l ogi c desi gn

used a si ngl e phase cl ock. The l atch was desi gned usi ng the MCNC0:8 process parameters

wi th mi ni mumsi ze transi stors, except f or the weak f eedback transi stors whi ch were chosen

to have ten ti mes the channel l ength of the other devi ces. The f ast process corner was used

to emphasi ze race- through. In thi s sett i ng, we studi ed the e�ect of cl ock ri se t i me, data ri se

t i me, and cl ock skewon race- through i n thi s l atch. Race- through i s detected by studyi ng

the apparent del ay of a si gnal pass i ng through two cascaded l atches. Wi th a 50 cl ock duty

cycl e, i f thi s propagati on del ay i s l ess than one hal f cl ock cycl e, a race- through has occurred.

Otherwi se the si gnal i s l atched correct l y.

The f ol l owi ng i nequal i t i es descr i be the desi gn space to be character i zed:

0:1n �cl ock ri se t i me �1:5n

0:1n �data ri se t i me �1:5n

0:1n �cl ock skew�1:1n

In the experi ment desi gn, two sampl i ng stages were used, wi th 75 poi nts taken i n the �rst

stage and 50 i n the second. A�rst order pol ynomi al i n al l three vari abl es was chosen f or b1(z)

i n the i nterpol at i on. Another separate character i zat i on was carr i ed out, usi ng MetaSi m[ 8]

wi th a total of 384 poi nts pl aced on a regul ar gri d i n the desi gn space. The predi ctor f uncti on

descri bed earl i er was used to est i mate the response at the same gri d poi nts, based on the

observati ons f romthe experi ment. Fi gure 3 shows the pl ot of s i gnal del ay as a f uncti on of

data and cl ock ri se t i mes, f or data ri se t i me of 0. 3ns and cl ock peri od of 5ns wi th a 50

duty cycl e. Fi gure 4 shows a pl ot of the same response, but usi ng the predi ctor f uncti on.

The pi ece-wi se l i near nature of the response i s cl ear l y captured by the predi ctor f uncti on.

The error stati st i cs , compari ng the predi cted to actual response are shown i n Tabl e 1.

Error 1 i s the error i n est i mati ng the responses at the 384 gri d poi nts wi th a predi ctor based

onl y on the resul ts of the �rst experi ment. Error 2 gi ves the same stati st i cs when predi ct i on

i s perf ormed usi ng al l the sampl e poi nts af ter the 2nd experi ment. Cross error 1 reports the

stati st i cs of the cross val i dati onal error on the �rst 75 sampl e poi nts, and Cross error 2, i s
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the error reported on al l the poi nts af ter resampl i ng.

The error stati st i cs showthat the average error i n predi ct i on reduces s i gni �cantl y af ter

resampl i ng. The cross val i dati onal error does not, however, i mprove wi th resampl i ng. The

reasons f or, and i mpl i cati ons of , thi s are di scussed i n the next sect i on.

Thi s exampl e i l l ustrates howour sequenti al sampl i ng strategy can be empl oyed i n a real

ci rcui t desi gn si tuati on. Usi ng the response f uncti on, cl ock desi gn rul es can be generated to

ensure race- f ree operati on qui ckl y and accuratel y. Thi s process i s di scussed el sewhere [ 7] .

. i ee terco ect e i or i a te ri t

In thi s character i zat i on study, the rel at i onshi p between i nterconnect l ength and si gnal set-

t l i ng ti me i n a hi gh speed net was studi ed. Fi gure 5 shows the topol ogy of a two recei ver

net on a thi n �l mMCM. The dri ver i s a 32 mACMOS bu�er desi gned i n the MCNC0:8

process. The desi gnabl e parameters are the l engths of the i nterconnect segments i n thi s

con�gurati on. The ci rcui t perf ormance was measured by the si gnal sett l i ng ti me, shown i n

Fi gure 6. Anoi se budget of 0. 3Vf or reecti on noi se was chosen. Due to the l ossy nature of

thi s i nterconnect, the reecti ons f romthe l oads and the stubs are absorbed i n the l i ne l osses

when the l engths get su�ci entl y l ong [ 6] . Hence the sett l i ng ti me has a hi ghl y non- l i near

rel at i onshi p to the i nterconnect l ength.

The f ol l owi ng i nequal i t i es descr i be the desi gn space to be character i zed:

1mm�b an 1 �10 m

1mm�b an 2 �10 m

1mm� tub�10 m

Fi rst, a l arge character i zat i on usi ng 1, 000 sampl e poi nts over a f ul l gr i d i n the desi gn

space was carr i ed out, f or benchmarki ng the resul ts obtai ned f romexperi mental charac-

ter i zat i ons. Aset of several di �erent experi mental character i zat i ons of thi s same net were

perf ormed usi ng the Study enerator. The i ntent of thi s set of character i zat i ons was to

establ i sh some propert i es of our sequenti al - experi mental desi gn, the predi ctor f uncti on and

the error measure.

12



maxi mumerror mean error error vari ance

Cross error 1 3. 9ns . 69ns -

Cross error 2 3. 95ns . 74ns -

Error 1 2. 4ns . 55ns . 68ns

Error 2 3. 1ns . 36ns . 70ns

Tabl e 1: Error Stati st i cs f or the Latch Character i zat i on
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clk

in1 out

Active High Latch

clk

in out

L1 L2

Active high Active low

Test Circuit

Fi g ur e 2 : Sc he ma t i c o f La t c h Ci r c ui t
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Fi g ur e 3 : Si g na l De l a y pl o t f o r da t a r i s e t i me o f 0 . 3 ns : Tr ue r e s po ns

Fi g ur e 4 : Si g na l De l a y pl o t f o r da t a r i s e t i me o f 0 . 3 ns : Pr e di c t e d r e s
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The �r s t c ha r a c t e r i z a t i o n wa s pe r f o r me d us i ng 1 0 0 s ampl e s i n t he �r s t s t

a t o t a l o f 5 0 s ampl e s i n t he s e c o nd s t a g e . Ano t he r c ha r a c t e r i z a t i o n wa s pe r f

s ampl e s i n t he �r s t s t a g e a nd 1 0 0 s ampl e s i n t he s e c o nd s t a g e . A t hi r d c ha r a c t

pe r f o r me d us i ng 1 5 0 po i nt s i n t he �r s t s t a g e a nd 5 0 po i nt s i n t he s e c o nd s t

mo de l wa s us e d f o r i nt e r po l a t i o n. Fi g ur e 8 s hows t he s ame r e s po ns e a s i n Fi g u

pr e di c t o r f unc t i o n f r om t he �r s t c ha r a c t e r i z a t i o n. Al s o a f ul l qua dr a t i c mo

i nt e r po l a t i o n i n t he �r s t c ha r a c t e r i z a t i o n. I n e a c h c a s e , t he r e s po ns e s a t

po i nt s we r e g e ne r a t e d us i ng t he pr e di c t o r f unc t i o n. The e r r o r s t a t i s t i c s whe

pr e di c t e d t o t he a c t ua l r e s po ns e a t t he s e 1 , 0 0 0 po i nt s f o r a l l 3 c a s e s a r e r e p

The e r r o r s t a t i s t i c s br i ng o ut s ome i mpo r t a nt po i nt s a bo ut o ur me t ho do l o g y

wa y t he t o t a l s ampl i ng c a pa bi l i t y ( i . e . t he t o t a l numbe r o f s i mul a t i o ns a l l ow

be t we e n t he �r s t s t a g e a nd t he ne xt do e s , t o a c e r t a i n e xt e nt , a �e c t t he a c

c ha r a c t e r i z a t i o n. I t a ppe a r s t ha t ha v i ng mo r e po i nt s i n t he �r s t s t a g e g ua r

c o ve r a g e o f t he s ampl e s pa c e , a nd he nc e make s i t po s s i bl e t o be t t e r l o c a t e t he

t he r e s po ns e . Al s o , us e o f a hi g he r o r de r po l ynomi a l f o r i nt e r po l a t i o n i mpr o v

e r r o r . Howe ve r , t hi s a l s o make s t he i nt e r po l a t i o n s l i g ht l y mo r e e xpe ns i ve .

oncl usi ons and i scussi on

I n t hi s pa pe r , a hi g hl y a ut oma t e d me t ho do l o g y f o r c ha r a c t e r i z i ng e l e c t r i c a

s e nt e d. The e xampl e s de mons t r a t e t he powe r o f t hi s t e c hni que i n c a pt ur i ng hi

r e l a t i o ns hi ps wi t h g o o d a c c ur a c y o ve r a l a r g e de s i g n s pa c e , i n r e a s o na bl e

t he r e a r e s ome a s pe c t s , a s e v i de nt f r omt he e xampl e s , t ha t ne e d f ur t he r di s c

Some how t he i ni t i a l numbe r o f s ampl e s , t he numbe r o f s ampl i ng s t a g e s a nd t

o f s ampl e s i n e a c h s t a g e ne e d t o be de c i de d. We ha ve l e f t t hi s t o t he di s c r e t i

e s pe c i a l l y s i nc e t he f o r m o f t he r e s po ns e i s no t known a pr i o r i . The numbe

ne e de d f o r a n a c c ur a t e c ha r a c t e r i z a t i o n i s r e l a t e d t o t he na t ur e o f t he r e s

t o t he c ompl e x i t y o f t he c i r c ui t mo de l s . An e xpe r i me nt whi c h i s pe r c e i ve d t o

l i ne a r r e s po ns e s ho ul d be c o nduc t e d wi t h a s ma l l numbe r o f s i mul a t i o ns , f r

1 6



maxi mume r r o rme a n e r r o re r r o r va r i a nc e

1 0 0 i ni t i a l po i nt s

l i ne a r mo de l 1 . 8 ns 0 . 3 ns . 2 8 ns

5 0 i ni t i a l

l i ne a r mo de l 2 . 0 7 ns . 3 2 ns . 3 1 ns

1 0 0 i ni t i a l po i nt s

qua dr a t i c mo de l 1 . 8 6 ns . 2 1 9 ns . 2 7 ns

1 5 0 i ni t i a l po i nt s

l i ne a r mo de l 1 . 8 2 ns . 2 3 ns . 2 7 ns

Ta bl e 2 : Er r o r St a t i s t i c s f o r t he MCMi nt e r c o nne c t c ha r a c t e r i z a t i o n
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branch1 branch2

stub

CMOS receiver

0.8u
CMOS
driver

Tab lead

Thin film signal line

CMOS receiver

Fi g ur e 5 : Ne t To po l o g y

(high)

In

Out

50% point

high settling voltage level

settling delay

Fi g ur e 6 : Si g na l Se t t l i ng t i me
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Fi g ur e 7 : Pa r t i a l c ha r a c t e r i z a t i o n o f MCMi nt e r c o nne c t . Br a nc h 1 = 3 c

Fi g ur e 8 : Sampl e d c ha r a c t e r i z a t i o n MCMi nt e r c o nne c t . Br a nc h 1 = 3 c m
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s o f t wa r e c a n t a ke o ve r t o de t e r mi ne t he numbe r o f f ur t he r s i mul a t i o ns r e qui

f o r hi g hl y i r r e g ul a r r e s po ns e s , a l a r g e r numbe r o f s ampl e s i s r e qui r e d i n t h

Smo o t hne s s o f t he r e s po ns e i s f a r mo r e i mpo r t a nt i n de t e r mi ni ng t he t o t a

s ampl e s ne e de d t ha n t he di me ns i o na l i t y o f t he i nput s pa c e . I n g e ne r a l , t he num

r e qui r e d g r ows o nl y l i ne a r l y wi t h di me ns i o n o f t he de s i g n s pa c e . Us i ng a l i

j udg e me nt i n t he �r s t s ampl i ng pa s s c a n be qui t e he l pf ul i n r e duc i ng o ve r a

t i me . Al s o , s i nc e a l l g e ne r a t e d da t a i s r e us a bl e f o r a s i mi l a r de s i g n, o ve r

ne c e s s a r i l y a bi g dr awba c k .

I n a f ul l y a ut oma t e d e xpe r i me nt , s ome a ppr o pr i a t e c r i t e r i o n mus t be de v i

pi ng t he i t e r a t i o ns i n t he s e que nt i a l e xpe r i me nt a t i o n. I de a l l y, a s t o p c r

o ne ba s e d o n t he e r r o r me a s ur e de s c r i be d i n s e c t i o n 3 . 2 . Howe ve r , t he s e que n

t e c hni que i s s uc h t ha t i t c o nc e nt r a t e s mo r e po i nt s i n t he r e g i o n whe r e t he u

o f t he r e s po ns e i s t he mo s t . Thus , i f a l l s ampl e d po i nt s a r e us e d f o r e r r o r c

t he c umul a t i ve e r r o r , mi g ht i mpr o ve ve r y s l owl y o ve r s uc c e s s i ve i t e r a t i o ns .

t o us e t he e r r o r c ha r a c t e r i z a t i o n a t t he po i nt s o bt a i ne d i n t he �r s t s ampl i n

ha ve ke pt o ur i mpl e me nt a t i o n de l i be r a t e l y e x i bl e t o a l l ow f o r t he f o r mul a t

he ur i s t i c s f o r mana g i ng s i mul a t i o n t i me .

c no l ed ements

The a ut ho r s wo ul d l i ke t o t ha nk e o r g e a t o pi s , J . C. Lu a nd a k i Ra k i b f o r
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