Global Optimizat i on Approac to ransistor Sizing for High erformance CMOS VLSI circuit Sharad Mehrotra, aul ranzon en tai Liu NCSU-VLSI 93-10 No em er 1993 Picosecond Digital Electronics Lab oratory Departmen of Electrical and Computer Engineering North Carolina State Univ ersit Raleigh NC 27695-7 911 Abstract sto hasti global optimizat ion approac is presen ted for sk ew minim i zatio in CMOS VLSI circuits. This is direct searc strategy for the est design among feasible ones, with the designer determining when the searc is stopp ed. Through examples, sho the er of this tec hnique in quic kly obtaining ery go designs, ev en for constrained problems. This rep ort has een submitted to 31st CM/IEEE Design utomation Confer enc e, Octob er 1993 partially supp orted MIP-901704 and an NSF National oung In estigator a rd partially supp orted MIP-9212346 In tro duction In designing high erformance CMOS circuits, it is often necessary to prop erly size the arious transistors in sk eletal cell, in order to meet erformance requiremen ts. or example, transistor sizing has een extensiv ely used for dela and er optimization of digital CMOS circuits. ], ]. In this pap er, describ sizing program based on sto hastic optimization of mo del function. This is direct searc metho whic is more accurate than traditional nonlinear optimization programs, and is considerably faster than sim ulated annealing There are basic approac hes for transistor sizing that ha een explored arious researc hers. The �rst approac in olv es dev eloping simpli�ed mo del of signal dela through CMOS gate, either analyticall ], or macromo dels based on sim ulations ]. Then, the dela of the en tire cell is computed using this mo del. The transistor sizing problem is then form ulated as an optimization problem with the ob jectiv of minizing the dela as predicted the mo del. Some optimization problems ha sp ecial form to guaran tee e�ciency and accuracy of the optimizatio pro cess, e.g. the osynomial ob jectiv function, used in ], ]. Otherwise, nonlinear optimization to ol is required. The second approac in olv es coupling circuit sim ulator to nonlinear optimization to ol (or to ol set). or example, Oc hotta et. al. 13 emplo an augmen ted asymptotic eform ev aluation tec hnique to ev aluate the eha vior of eac circuit visited sim ulated annealing program. In Deligh t.Spice 12 ], set of nonlinear optimizatio programs are in tegrated with the SPICE circuit sim ulator. The �rst, ‘equation based’, approac h, though e�ectiv for dela optimization, is di�cult to generalize to other problems, suc as dela sk ew optimization as is required for e- pip elined circuits. Sk ew, in general, cannot estimated using single pro cess corner or data ector. Main taining accuracy in estimating the spread in dela er input data ec tor and pro cess ariations using simple mo del is ery di�cult. The only solution is to ev aluate eac sizing sc heme through detailed circuit sim ulations, to accoun for data and pro cess ariations. This mak es ob jectiv computation ery exp ensiv task, ev e for ery small sized circuits. The second, ‘sim ulation based’ approac has the com bined computational burden of running non-linear optimization program and running at least one full circuit sim ulation eac time the ob jectiv function needs to ev aluated. There are some additional hindrances in emplo ying con e tional non-linear optimization program for this task: 1. Gradien information is ery di�cult to obtain. Though there are umerical optimiza- tion tec hniques whic do not require explicit gradien information, these tec hniques tend to slo w. Also, they try to ev aluate the gradien through erturbation. This implies further increase in the um er of ob jectiv ev aluations. 2. ransistor sizes can only aried in certain quan ta. Most umerical optimization tec hniques op erate on con tin uous parameter range. Hence the �nal solution migh an infeasible sizing sc heme. Mo ving the solution to the closest feasible size ma lead to sub-optimal solution. 3. Constrain ts in the optimization problem, e.g. area and er, further complicate the optimization task. 4. The user has no direct con trol e the optimizer, i.e., the optimization task is not in teractiv e and it is di�cult for the engineer to use his or her judgemen in guiding the optimizer. 5. The optimization routines lo ok for strict lo cal minima. Usually the designer is in- terested only in obtaining rough appro ximation to globall optimal solution. ac hiev the global minim um, the optimizer has to run from ultiple, random, initial solutions. Ev en then, there are not ev en theoretical guaran tees of ac hieving globall optimal solution, except for some ery restricted problems. One of oiding gradien ev aluation and restricting the solutions to feasible sizings is emplo ying sim ulated annealing for optimization. Ho ev er, sim ulated annealing programs tend to prohibitiv ely slo w, sp ecially when eac ob jectiv ev aluation is so exp ensiv e. In view of these di�culties, presen new approac to transistor sizing in small, high erformance circuit blo ks. This approac is based on sto hastic mo deling of the circuit resp onses of in terest. It is direct searc for the est design among feasible ones. No gradien computations are required. The designer has direct con trol e the um er of sim ulations conducted, and the searc pro cess can stopp ed an time the designer is satis�ed with the est solution pro duced th us far. The sto hastic mo del helps in iden tifying the most promising design based on the existing information ab out the problem. Only the most promising designs are sim ulated. Hence sim ulations are organized naturally and e�cien tly The metho is capable of iden tifying the global minim um uc faster than exhaustiv searc h. Recen tly global optimization metho ds ha een prop osed for optimizatio of con tin- uous functions based on sto hastic mo deling 17 ], 10 ]. Since this approac is relativ ely unkno wn in the circuit optimization domain, will brie y review its imp ortan features in the next section. In section will prop ose an optimizatio algori thm consisten with the sto hastic mo deling philosoph In section IV presen results obtained on example circuits. Finally section is dev oted to discussion of the scop and limitations of this metho d. ptim ization sto hastic m deling of ob jectiv function Consider the follo wing unconstrained optimization problem: min (1) where is dimensional ec tor, is �nite subset of is the ob jectiv function whose alue at an can determined only through an exp ensiv sim ulation. Besides this, there is ery little information ab out the ob jectiv function. Supp ose the ob jectiv function is erceiv ed to con tin uous and "smo oth", but not unimo dal In suc situation, it is reasonable to appro ximate simpler function and to erform an optimization on this simpli�ed function. Ho ev er, global olynomial appro ximation is inappropria te; information is lost in �tting the mo del to data, unless the degree of the olynomia is as large as the data set. etter approac to function appro ximation is needed. Recen tly sto hastic mo dels ha een prop osed to capture complex ob jectiv functions 14 ]. With this approac h, the alue of the unkno wn function at eac oin in is assumed to random ariable. Then, the unkno wn function itself is sample ath of sto chastic function In the general case, sto hastic function is de�ned family of ultidi- mensional probabilit distributions ::: ;x ). or example, if this distributio is join Gaussian, then the sto hastic function is describ ed the priori erage function and co ariance ). If alues of the sto hastic function are kno wn, e.g. then the on itional istribution of at an is normal with the mean alue x; x; )) )) (2) and ariance x; x; x; )) x; x; )) (3) where is the in erse of the co ariance matrix of the random pro cess at the lo cation where the function alues are kno wn. Using sto hastic mo del, and set of \measuremen ts" on the ob jectiv function ), prediction of the alue of at un tried oin ts can made using the conditional distri- bution of ). This prediction is only probabili stic, i.e., at eac there is probabilit distribution asso ciated with the ossibl alues for ), sp eci�ed the mean and ariance giv en ab e. This allo ws searc strategy for oin ts of small to form ulated, based on the conditional distribution. It seems more lik ely to �nd oin with small function alue where is small. Ho ev er, large alues of indicate regions of great uncertainit i.e. regions where function alues can di�er greatly from the conditional mean. Hence rational hoice has to discriminate et een oin ts of small mean but large ari- ance or oin ts of small ariance but somewhat larger mean. shall brie y review some prop osed algorithms that �t the sto hastic mo deling paradigm. or go discussion on sto hastic mo deling of unkno wn functions, see reference 14 ]. Global optimization metho ds are further describ ed Mo kus in 10 ]. Sev eral algorithms for optimization using sto hastic mo del function ha een in estigated. summarize some in teresting approac hes and �nish with the P-Algorithm whic forms the basis of our optimization pro cedure. These approac hes essen tially di�er in the sto hastic mo del hosen and the metho used for minimizing the mo del function. In Gro et. al.[ ], the mo del in the ultidimensional case is not really sto hastic function. Instead, the conditional mean and ariance of the one dimensional einer pro cess are generalized. The hoice of the next oin of ev aluation is made minimizing: (4) where the exp erimen tal region is divided in to disjoin simplicia subregions and is constan t, determining the eigh giv en to ariance with resp ect to the mean. The addition of eac new oin causes the exp erimen tal region to further sub-divided. The attractiv feature of this metho is that it is simple; can minimized analytical ly Only an appro x- imation to the global optim um can lo cated minimizing lo cal optimizatio has to then erformed. In Adac hi et. al.[ ], the mo del function is stationary sto hastic pro cess. The condi- tional mean is an in terp olating function. This in terp olating function is exact at the data oin ts and its deriv ativ es are easy to compute. The ariance of appro ximating the true re- sp onse this function is also easy to compute. The optimal oin is hosen minimizing the in terp olating function starting from the smallest data oin found th us far, sub ject to constrain on the co e�cien of ariation. The co e�cien of ariation is the ratio of the mean and ariance of the conditional distribution. The pro cedure is iterativ e, eac iteration leading to (hop efully) di�eren lo cal optim um of the ob jectiv function, so that, ev e tually all lo cal optima can lo cated. The auxilia ry computations are exp ensiv e, namely the use of nonlinear optimizer at ev ery iteration to �nd the minim um of the in terp olating function. Bernardo et. al. ], emplo sto hastic mo del function to erform yield optimization of electronic circuits. Their approac relies hea vily on designer in terv en tion to iden tify signi�can parameters through parameter e�ect plots and also to iden tify promising sub- regions in the design space. The P-algorith as dev elop ed and haracterized in 19 ], 20 ]. It is an iterativ pro- cedure. eac iteration, new observ ation oin is hosen that has the highest probabili of eing smaller than ok whic is some hosen alue smaller than the mean alue of at eac oin in i.e., Arg max ok (5) is hosen as the next observ ation oin where, ok is some alue less than ), and ok Probabili ok (6) Based on rather in tuitiv axioms, it is sho wn in 17 that can assumed to Gaus- sian random ariable whose conditional mean and ariance is giv en as: =1 (7) =1 x; x; )) (8) where are eigh ts hosen suc that =1 and at the observ ed oin ts, i.e. the mean alue in terp olates the kno wn resp onses. In 20 it is pro ed that sequence of oin ts th us generated, con erges to the global optim um of ). The P-algori thm is general form ulation of strategy to maximize the information gained eac function ev aluation, and is quite easy to implemen t. Ho ev er, in the imple- men tation of the P-algori thm 17 ], sev eral decisions ha to made that a�ect the sp eed and the accuracy of the metho d, namely the follo wing: The appropriate form of the eigh ting functions has to hosen. The appropriate form of the co ariance x; has to hosen. It has een suggested that should suc that x; x; )) where is the Euclidean norm. An appropriate searc metho for �nding ust devised. This could another ultimo dal optimization problem. An appropriate alue of ok has to hosen. It has een sho wn in 20 that to small alue of ok leads to the oin ts of greatest uncertainit If ok greater than or equal to ), then the next oin hosen will those alues that attain this minim um. In the next section, detail our implemen tation of the P-algorithm. The pro cess is iterativ e, hence the user can stop the iterations an time the est existing solution is satisfactory The um er of sim ulations to run are directly con trolled the user. The algorithm only iden ti�es the most promising oin ts for sim ulation. Im plem en tation The P-Algorithm is formalization of an in tuitiv searc strategy and in fact, pro vides framew ork for devising global optimization algori thms. no describ our particular implemen tation of the P-Algorithm. 1. Cho ose oin ts uniformly from using Latin Hyp ercub Sampling and compute sim ulation. Start iteration 1. 2. Using the BLUP and MSE expression in 15 (see App endix 1, equations 17 and 19), �nd the mean and ariance at uniformly distributed oin ts in 3. Find the smallest alue of ), i.e. min ::: (9) Let ok eac �nd the probabili ok ). 4. Cho ose oin ts with largest probabilit ok from the oin ts. 5. Compute at the oin ts found ab e. If min ::: is satisfactory then stop, else con tin ue 6. If max then stop, else 1, go to step 2. This algori thm is parameterized the constan ts and These parameters ha to adapted to the sp eci�c problem or left to the designer’s judgemen t. or example 10 where is the dimensional it of the design space ere found to go alues for problems elo w. In this the designer directly con trols the um er of sim ulations to run. The hoice of searc oin ts can suitably biased the designer’s judgemen t, and can accoun for constrain ts on the design space, e.g. if the design region is olytop constrained linear inequaliti es on the design ariables. Remem er that only the mean and ariance has to estimated at the oin ts, whic is quite inexp ensiv e. This leads us to another ery imp ortan question, namely handling constrain ts on the design. If the constrain ts are linear, they can handled ery naturally screening eac of the oin ts for violation. When the constrain ts are implicit and can hec ed for only after sim ulation, e.g. maxim um dela or er restriction when doing sk ew optimization, the pro cedure needs to mo di�ed. There are immediate ossibi l iti es. If the constrain can ev aluated through the same sim ulation, then another sto hastic mo del can used to mo del the constrain t. certain tradeo� has to established et ee ev aluation of this secondary mo del and the actual ob jectiv e. If enalt metho is used to incorp orate the true ob jectiv and the constrain in single ob jectiv function, then the optimization task is little more di�cult, as the e rall mo del migh ha to accoun for disparate ariations. Alternativ ely the constrain can mo deled piece-wise linearly erforming separate exp erimen 16 ]. Then the optimization task is considerably simpler. The hoice of metho dep ends on the sev erit of the constrain ts. or ery tigh constrain t, it mak es sense to pa close atten tion to the constraining function and use the �rst of the ab approac hes. or lo ose constrain t, the second approac ould more suitable. In the �rst example giv en elo w, the �rst approac as adopted for meeting maxim um dela requiremen in addition to optimizing the dela sk ew. In the next section, the algorithm describ ed ab is executed on examples that ha to optimized for maxim um dela ariation. In the �rst example, the optimizatio is done with maxim um dela constrain t. The second is an essen tially unconstrained optimization problem. ptim ization am p les The design of e -pip elined circuits in olv e ery careful con trol of the dela of eac path in the com binational blo ks. ec hniques ha een prop osed De Mic heli et. al. 18 for balancing the path dela ys inserting activ dela elemen ts. or ECL tec hnology they ha sho wn ho the dela of eac gate can accurately con trolled through the tail curren t. or CMOS gates, ho ev er, the dela is data dep enden t. or the CMOS NAND gate, for example, the rising dela is substan tially smaller when oth inputs switc from to 0, as opp osed to one input eing �xed at and the other switc hing from to 0. One of oiding this data dep endence is to use the cross coupled biased-CMOS NAND gate sho wn in �gure ]. This gate, ho e e r, consumes substan tial static er when the output is lo w. Another gate structure suitable for pip e-lin ing is sho wn in �gure 2. Here the transistor M3 is used to add extra resistance to the pull-up hain to reduce the e�ect of the sim ultaneous switc hing of oth inputs. It also has the deleterious e�ect of slo wing do wn the circuit. Hence prop er balance has to struc et een the maxim um dela through the gate, as ell as the data-dep enden spread 11 ]. The dela spread has to minimized er pro cess ariations also. Of course, the easiest parameters to con trol in this optimization are the transistor sizes. Hence the goal of the optimizatio is to obtain suitable sizing sc heme suc that the dela spread through eac circuit blo is minimized, sub ject to constrain on the maxim um dela through the circuit. The optimization problem is formalized as follo ws: 10 Find Arg min max (10) sub ject to max dela y(x) max (11) Here denotes the nominal and the four pro cess corner MOSFET mo dels. is the yp ercub formed restricting the widths of M1-M3 et e en 3.6 and 10 m, and ias et e en 0.0 and 2.0 V. The widths of N1 and N2 are constrained to one-half the width of M1 and M2 resp ectiv ely is an arbitrary ector of feasible transistor widths and bias oltage. Note that the minim um allo ed feature size is 0.6 and hence the widths of N1 and N2 ere restricted to ary in quan ta of 0.6 only The sk ew is de�ned as the ariation in dela through the circuit sho wn in �gure er the six ossible input transition (see �gure 3), and the is the largest dela e these input transitions max is the maxim um dela constrain t. The mo dels for dela and sk ew ere initial ly established sim ulating 100 di�eren sizing sc heme s, selected randomly using Latin Hyp ercub Sampling ]. The �rst ro of table sho ws the sizing sc heme with the est sk ew alue, satisfying the dela constrain t, among these 100 oin ts. This sizing sc heme is not feasible. The second ro sho ws the nearest feasible oin to this sizing and the dela and sk ew alue for that circuit. Since the um er of ossible sizings is small, all the feasible alternativ es (216 distinct sizing sc hemes) ere ev aluated with �v alues of bias oltage ranging from to 2.0V using equations 17 and 19. This constitutes an exhaustiv searc of the design space using the mo dels. Since the smallest ossibl alue for the sk ew is 0, ok as hosen to zero. 20 feasible sizes and bias oltages with the largest probabili that satis�ed the dela constrain max ere hosen for resim ulation. able sho ws the results for these sets of sim ulations. The est sizing in the second set as considerably etter than the results of the �rst 100 samples and as considered quite suitable for design and hence no further sim ulations ere erformed. The total time tak en for sim ulation as 540 cpu seconds on DECstation 5000 while the erhead of mo del building and searc hing as less than cpu second. This example illustra tes ho the optimization pro cedure is emplo e d. The searc space 11 is pruned the designer’s judgemen and go solution is found with ery few sim ulations. In the next example, the metho dology is further expanded to include con tin uous ariables with ery di�eren ob jectiv form ulation. The second example presen here is the sk ew optimization of single to di�eren tial input clo driv er circuit sho wn in �gure 4. It is desired to obtain signal and it’s complemen from this circuit’s outputs suc that there is minim um sk ew et e en the signals, i.e. to minimize max( ), as sho wn in �gure 5. Again, this sk ew has to minimized er the pro cess ariations. This optimizatio has to done using suitable transistor sizing sc heme. The absolute dela through this circuit is not concern, nor is the er consumption as this is custom circuit blo used only sparingl in the design. Hence the optimization is essen tially unconstrained. test the scop of the tec hnique, temp erature and er supply ariations ere also considered. The mo del as built e the space of transistor sizes, pro cess, temp erature and er supply ariations. As in the previous example, pro cess ariations ere considered sim ulating eac sizing sc heme er the pro cess corners and the nominal pro cess. The problem is formalized as follo ws: Find Arg min max (12) Here, is the yp ercub formed restricting the widths P1-P6 et ee 3.6 to 12 m, the temp erature ariation et e en 25-75 and dd et e en 4.75-5.25 V. As efore the widths of N1-N6 are constrained to one-half the widths of P1-P6 resp ectiv ely represen ts the pro cess ariations considered. The optimization problem is di�eren here as the orst dela sk ew e all ternal noise factors, i.e., temp erature and er supply ariations, has to minimized er the internal noise factors, i.e. the pro cess ariations. or this problem, the sizing pro vided the residen circuit design exp ert had orst case sk ew of 290ps (ro of table 2). or optimization purp oses, the sk ew mo del as built using 100 sim ulations, selected randomly using Latin Hyp ercub Sampling again. First, the e�ect of temp erature and supply ariation as factored out. do this, 1000 random oin ts ere sampled in the 6-dimensional space of the transistor widths ). eac of 12 these 1000 oin ts, the mo el in equations(17) and (19) (see App endix) as ev aluated for di�eren com binations of the supply oltage and temp erature ariations. The largest alue of the probabili ok (equation 6) e these com binations as found for eac of the 1000 oin ts. This alue as used to estimate the lik eliho of sizing eing the est. i.e. Arg min max ok (13) as the target for further sim ulation. Here is the transistor width ector, is the space of ermissible transistor widths and represen ts the temp erature and oltage ariations. Again ok as hosen to 0.0 whic is the minim um ossible alue of the sk ew. rom the 1000 sizing sc hem es ev aluated, the 10 sizing sc heme (instead of only one as suggested equation 13) with the largest probabilit ere hosen for further sim ulation. These sc hemes ere eri�ed using the pro cess parameters and the corners of er supply and temp erature uctuations. The smallest orst-case sk ew among these sizings as only 110 ps, signi�can impro em en er the exp ert’s design (ro of table 2). The total sim ulation time as 640 cpu seconds on DECstatio 5000 and the erhead of mo del building and optimization as less than 10 cpu seconds. These examples illustrate the er of this approac in ev aluating transistor sizing sc hemes e�cien tly for di�eren optimization problems. The sto hastic mo del is able to capture the relationship of an erformance measure to the transistor sizing. The mo del accuracy is re ected in the few subsequen ev aluations required to arriv at ery go designs. iscussion When optimizing high erformance com binational sub blo ks, there is some little priori kno wledge ab out the ob jectiv function, e.g., the di�erence et ee the maxim um and min- im um dela will alw ys greater than zero and less than some upp er ound on the dela through the blo k. Also, the ob jectiv function is exp ected to eha fairly smo othly Be- sides this, little can said. Gradien ts are ery hard to obtain as analytical mo deling is di�cult. Eac ob jectiv function ev aluation is going to exp ensiv e, if the ev aluation is made through full circuit sim ulation, esp ecially for reasonably large blo ks. The um er 13 of input parameters is usually fairly small, in the 5-20 range, corresp onding to the um er of transistors that can sized indep enden tly There migh exist some correlation et ee the input parameters. The algorith ms based on sto hastic mo deling �t ell in this scenario. The main idea ehind these algori thms is to maximize the hances of impro ving the ob jectiv function after eac ev aluation. Almost an kind of priori information can used to sp eed up the searc for optimal sizing. or example, it’s quite easy to restrict the in e stigation erformed this algorithm to the part of the design space that is erceiv ed the designer to most promising. The examples giv en in the previous section sho ho the metho is capable of optimizing complex sizing ob jectiv es, based only on sim ulation results. Another extremely attractiv feature of this algorithm is its exibilit Since eac ob jectiv ev alu- ation is guaran teed to impro the est solution found th us far, the designer can stop the in e stigation at an time when the attained solution is deemed to acceptable. Ho e e r, this can also erceiv ed as dra bac of the algori thm since there is no implicit con er- gence criterion, i.e. lo catio of stationary oin t. The only to erceiv con ergence is if successiv iterations return the same solution. Another limitatio of the metho is that the cost of mo del estimation gro ws rapidly with the um er of data oin ts Eac in cation of the mo del equations (17 and 19) requires the in ersion of matrix. If, ho e e r, man mo del ev aluations are made on the same data set as in step of the algorithm), then the matrix in ersion needs to done only once. This metho should ork ery ell for problems of dimensional it up to 25-30. Bey ond that, the simple random sampling of step is not su�cien to guaran tee close to optimal solutions. onclusion and uture or ha demonstrated ho an algorithm based on sto hastic mo deling is capable of solv- ing some ery di�cult transistor sizing problems. This algori thm is general form ulation of searc strategy for the optimal sizing sc heme. The only information required the algorithm is the alue of the ob jectiv function whic can calculated through circuit sim ulation. No gradien information is required. The main thrust of the searc is to maxi- mize the probabili of impro ving the est kno wn solution with eac calculation of the true 14 ob jectiv function. This is consisten with the aim of obtaini ng go sizing sc heme s, ev al- uated through circuit sim ulations, while minimizing sim ulation time. An impro e solution is found at eac step of the algorithm and so the searc can stopp ed an time the est solution found th us far is considered satisfactory The examples illustra te that ery go solutions can quic kly found using this approac h. urther ork is needed on the program in terfaces. Pro cess ariations ere considered only using the pro cess corner mo dels. If more detailed mo dels of pro cess ariations are giv en, the pro cedure needs to mo di�ed. or example, if the pro cess ariations can sp eci�ed normal distribution, then the sto hastic mo del can built to include the pro cess parameters as ariables also. urther in e stigation is required to do orst-case analysis in this scenario. no ledgem en ts The authors thank om Gra of IBM and ob Sc ha�er of NCSU for help with the design examples. eferences [1] M. C. Bernardo, R. Buc k, L. Liu, W. A. Nazaret, Sac ks, and W. elc h. In tegrated circuit design optimizatio using sequen tial strategy ansactions on omputer esi CAD-11:pp. 353{360, Marc 1992. [2] D. an, C. T. Gra W. arlo w, T. Hughes, W. Liu, and R. Ca vin. CMOS parallel adder using pip elining In c. of onfer enc on anc ese ar ch in an ar al lel stems pages pp. 147{164 1992. [3] Fish burn and A. E. Dunlop. TILOS: osynomial programming approac to transistor sizing. In c. nt. onf. omputer esi pages pp. 326{32 8, No v. 1985. 15 [4] A. Gro h, S. W. Director, and L. M. Vidigal new global optimization meh to for electronic circuit design. ansactions on ir cuits an stems CAS-32:160{16 9, 1985. [5] B. Hopp e, G. Neuendorf, D. Sc hmitt-Landsiedel, and W. Sp ec ks. Optimization of high sp eed CMOS logic circuits with analytical mo dels for signal dela hip area, and dy- namic er dissipa tio n. ansaction on omputer- esi CAD-9(3):pp. 236{24 7, 1990. [6] S. irkpatric k, C. D. Gelatt, and M. ecc hi. Optimization sim ulated annealing. cienc 220(4598 ):pp. 671{680 1983. [7] in- in Lu and ak ehik Adac hi. parameter optimization metho for electronic circuit design using sto hastic mo del function. le ctr onics an ommunic ations in ap an 75(4):13{25 1992. [8] Mark D. Matson and Lance G. Glasser. Macromo deling and optimization of digital MOS VLSI circuits. a nsactions on omputer esi CAD-5(4):pp. 659{679, Oct 1986. [9] M. D. Mc R. Bec km an, and W. Cono er. comparison of three metho ds for selecting alues of input ariables in the analysis of output from computer co de. chnometrics 21(2):239{2 45, Ma 1979. [10] B. Mo kus. esian appr ach to lob al optimi ation he or an applic ations lu er Academic Publishers, 1989. [11] W. an Noije, C. T. Gra W. Liu, T. Hughes, and R. Ca vin. CMOS sampler with 1GBits bandwidth with 25ps resolution. In in of the ustom nte ate ir cuits onfer enc pages 27.5.1{27.5.4, 1993. [12] W. Ny e, D. Riley A. Sangio anni-Vincen telli, and A. Tits. DELIGHT.SPICE: An Optimization-Ba sed System for the Design of In tegrated Circuits. ans. on omputer- esi CAD-7(4):pp. 501{519 April 1988. 16 [13] Emil S. Oc hotta, Rob A. Ruten bar, and L. Ric hard Carley Equation-free syn thesis of high-p erformance analog circuits. In c. of onfer enc on anc ese a ch in an ar al lel stems pages 129{143 1992. [14] A. O’Hagan. Curv �tting and optimal design for prediction. ournal of the al tatisitc al ciet 40(1):pp. 1{42, 1978. [15] Sac ks, W. elc h, T. Mitc hell, and H. Wynn. Design and analysis of computer exp erimen ts. tatistic al cienc 4(4):pp. 409{435 1989. [16] S. Simo vic h, S. Mehrotra, ranzon, and M. Steer. Dela and re ection noise macro- mo deling for signal in tegrit managemen of PCBs and MCMs. ansactions on omp onents, ac in an anufacturin chnolo to app ear in, 1993. [17] Aimo orn and An tanas ilinsk as. lob al ptimi ation Springer-V erlag, 1989. [18] D. ong, G. De Mic heli, and M. Flynn. Designing high-p erformance digital circuits using pip elini ng. In pages pp. 241{252, 1989. [19] A. ilinsk as. Axiomatic approac to statistical mo dels and their use in ultimo dal optimization theory athematic al ammin 22:pp. 104{116 1982. [20] A. ilinsk as. Axiomatic haracterization of global optimization algori thm and in e s- tigation of its searc strategy er ations ese ar ch etters 4(1):pp. 35{39, 1985. 17 pp endi The mo del used for the problem ab as: =1 (14) where is the dimensional parameter ec tor and 1. is 1) ec tor of unkno wn co e�cien ts. is random pro cess with mean zero and co ariance: =1 (15) Supp ose that alues of are giv en at sample oin ts These alues are in the ector is the 1) matrix of the parameter ec tors at the sample sites augmen ted unit ector, i.e. 11 (16) Then the Best Linear Un biased Predictor of is giv en as: (17) where (18) where, as efore, is the co ariance matrix of the sto hastic function at the sample lo cations, and is the ector of co ariances x; ), and [1 ]. The Mean Squared Error (MSE) is giv en as: MSE )) )] (19) 18 M1 M2 M3 vbias dela sk ew Best Random Sizing 6.15e-06 8.79e-06 8.55e-06 .98 9.9-10 7.7e-10 Closest easible Sizing 6.0e-6 8.4e-6 8.4e-6 .98 1.0e-09 7.7e-10 Best Sizing after Optimization 7.2e-6 8.4e-6 9.6e-6 0.0 8.8e-10 5.4e-10 able 1: Results for Dela Con trolled Elemen M1 M2 M3 M4 M5 M6 sk ew Designer’s hoice 9.6e-6 4.8e-6 4.8e-6 9.6e-6 4.8e-6 4.8e-6 2.9e-10 Optimal oin 7.2e-6 3.6e-6 8.4e-6 9.6e-6 9.6e-6 4.8e-6 1.1e-10 able 2: Results for Clo Driv er Circuit 19

Figure 1: Cross coupled NAND gate 20

Figure 2: Circuit Blo for e -pip elining 21

Figure 3: ossible input transitions 22

Figure 4: Clo Driv er Circuit 23

Figure 5: Sk ew De�nition 24