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2 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999AbstractIn this paper we formulate three classes of optimization problems: the simple, monotonically-constrained,and bounded CH-programs. We reveal the dominance property under the local re�nement (LR) operation forthe simple CH-program, as well as the general dominance property under the pseudo-LR operation for themonotonically-constrained CH-program and the extended-LR operation for the bounded CH-program. Theseproperties enable a very e�cient polynomial-time algorithm, using di�erent types of LR operations to computetight lower and upper bounds of the exact solution to any CH-program. We show that the algorithm is capable ofsolving many layout optimization problems in deep submicron IC and/or high-performance MCM/PCB designs.In particular, we apply the algorithm to the simultaneous transistor and interconnect sizing problem, and to theglobal interconnect sizing and spacing problem considering the coupling capacitance for multiple nets. We usetables pre-computed from SPICE simulations and numerical capacitance extractions to model device delay andinterconnect capacitance, so that our device and interconnect models are much more accurate than many usedin previous interconnect optimization algorithms. Experiments show that the bound-computation algorithm cane�ciently handle such complex models, and obtain solutions close to the global optimum in most cases. Webelieve that the CH-program formulations and the bound-computation algorithm can also be applied to otheroptimization problems in the CAD �eld. I. IntroductionThe interconnect delay has become the dominant factor in determining circuit performance in deepsubmicron (DSM) designs [1]. Many optimization techniques have been proposed to reduce interconnectdelay, including interconnect topology optimization, bu�er insertion, and device and interconnect sizing(see [2] for a comprehensive survey). We believe that the most e�ective approach to performance op-timization in deep submicron designs is to consider both logic and interconnect designs throughout theentire design process (from RTL level to layout design). This motivates our study of the simultaneousdevice and interconnect sizing problem in DSM designs.Several recent studies considered the simultaneous device and interconnect sizing problem. One classof algorithms minimizes the weighted delay. In [3], the simultaneous driver and wire sizing problemwas formulated to minimize the weighted delay between the source and a set of sinks for a single net.Procedures of device sizing and wire sizing are alternately carried out, with device sizes computed byclosed-form formulas (via Maple) and wire widths computed by algorithms from [4], [5]. In [6], [7], thesimultaneous transistor and interconnect sizing problem was studied to minimize the weighted delay formultiple paths (a path contains multiple nets). The local re�nement operation, previously used only forwire sizing solutions [4], [3], [5], is applied to optimize both devices and interconnects. It leads to a uni�edand very e�cient algorithm. Recently, the simultaneous bu�er insertion and wire sizing problem was alsoaddressed [8]. It is assumed that the number of bu�ers to insert is given for each wire segment, and thatthe wire widths between any two bu�ers are monotonic. Therefore, the problem can be solved as a convexquadratic program to �nd the lengths of wire segments for di�erent wire widths.The other class of simultaneous device and interconnect sizing algorithms considers the maximumdelay. In [9], the simultaneous gate and wire sizing problem was formulated to minimize the area underDRAFT



CONG AND HE: THEORY AND ALGORITHM ... 3the maximum-delay constraint for multiple paths. The problem is shown to be a posynomial program,and is transformed into a convex program solved by a sequential quadratic programming technique. Inaddition, the simultaneous bu�er insertion and wire sizing problem was studied to minimize the maximumdelay from the source to a set of sinks for a single net [10]. The potential locations for bu�er insertionare a priori given. Based on a bottom-up dynamic programming approach, bu�ers are then insertedwith optimal sizes, and optimal wire widths determined simultaneously. In general, the algorithms forminimizing the weighted delay are more e�cient. By adjusting the weight assignments, a sequence of suchminimizations can be used to minimize the maximum delay under the area constraint or to minimize thearea under the delay constraint. In particular, a Lagrangian relaxation technique was proposed in [11] tooptimally assign the weights for the sequence of weighted-delay minimizations. The simultaneous bu�erand wire sizing problem was also solved [11].However, most of these works assumed over-simpli�ed models for devices and interconnects. For exam-ple, a gate of size d and output load cl is assumed to have a delay td = t0 + rd � cl, where t0 and rd arethe intrinsic delay and e�ective resistance of the gate, respectively. In addition, rd = r0=d, where r0 isthe unit-size e�ective-resistance for the gate. Both t0 and r0 are assumed to be constants. Moreover, thecapacitance for a wire of width w and length l is given by ca �w � l + cf � l, where ca and cf are unit-areacapacitance and unit-length fringe capacitance for the wire. Both are again assumed to be constants.These assumptions are no longer realistic for DSM designs. For example, we computed r0 for an inverterin Table I. We apply HSPICE simulations, and use device parameters for the 0:18�m technology in Table5 of the National Technology Roadmap for Semiconductors (NTRS) [12]. When the inverter is driven bya rising input, we �rst measure two delay values t1 and t2 for a pair of output loads c1 and c2 under thesame size and input switching time. Using the assumption that t1 = t0+rd �c1 and t2 = t0+rd �c2, we canobtain rd = (t1� t2)=(c1� c2), and t0 = t1� rd � c1. We then compute t0 values for di�erent combinationsof size, input switching time (ts) and output load (cl). Because we assume that the intrinsic delay t0 isa constant in this paper, we derive the \best" t0 value by least-square-�tting over t0 values for di�erentcombinations of size, ts and cl. Finally, we use the \best" t0 value to compute r0 = (td�t0)=cl �d, where tdis the inverter delay, and d the size for the n-transistor in the inverter. We compute r0 for the n-transistorunder di�erent combinations of size, ts and cl. Similarly, when the inverter is driven by a falling input,r0 for the p-transistor can be determined in the same way under di�erent combinations of size, ts and cl.As one can see from Table I, r0 is clearly not a constant. Its value may vary by a factor of 2.We also computed the capacitance for the basic geometric structure (see Figure 1), where the victimwire is centered between two neighboring wires on the same layer and both top and down grounds (twolayers away from the victim). We assume that wires in the basic geometric structure have same widths,then apply a numerical capacitance extraction tool FastCap [13] to solve the structure, using interconnectgeometric parameters for the 0:18�m technology in Table 22 of the NTRS.1 Figure 2(a) depicts the unit-1The NTRS gives capacitance values only for the minimum width and spacing. Our extracted capacitance values closelyDRAFT



4 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999size = 100xn-transistor p-transistorcl / ts 0.05ns 0.1ns 0.2ns 0.05ns 0.1ns 0.2ns0.225pF 12200 13370 19180 17200 19920 245500.425pF 8135 9719 12500 17180 17190 188200.825pF 8124 8665 10250 17090 17150 172901.625pF 8114 8170 8707 16140 17140 171503.225pF 7578 8137 8251 14710 16940 17100size = 400xn-transistor p-transistorcl / ts 0.05ns 0.1ns 0.2ns 0.05ns 0.1ns 0.2ns0.501pF 12200 15550 19150 18200 19970 270300.901pF 11560 13360 17440 17340 19590 245601.701pF 8463 9688 12470 17070 17420 187903.301pF 7725 8812 10420 17030 16780 174404.901pF 7554 8480 10010 16090 17020 17060TABLE IUnit-size effective-resistance for n- and p-transistorlength ground capacitance cg between the victim and grounds, with each curve for cg under di�erent wirewidths but a �xed edge-to-edge spacing (in short, spacing). If we assume cg = ca �w � l + cf � l, the curveslope should be ca, and the curve intercept should be cf . Because none of these curves is linear, anddi�erent curves have di�erent intercepts, neither ca nor cf is a constant. The total capacitance of thevictim is ctotal = cg + cx � l = ca �w � l + (cf + cx) � lwhere cx is the unit-length coupling capacitance between the victim and the neighboring wires. One cande�ne the unit-length e�ective-fringe capacitance cef = cf + cx, and compute ctotal = ca �w � l+ cef � l. Wealso obtained cef for di�erent widths for the victim, under the assumption that the center-to-edge spacing(see Figure 1) from the center of the victim to the edges of its neighboring wires is �xed. As shown inFigure 2(b) for two di�erent center-to-edge spacing, cef is a not a constant either.We say that a device model is a simple model if it assumes that r0 is a constant, and a capacitancemodel is a simple model if it assumes that both ca and cef are constants. Most existing device andinterconnect sizing works assume simple device and capacitance models. Little progress has been madefor optimization beyond the simple models. The simultaneous bu�er insertion and wire sizing algorithm[10] was extended to consider the impact of the input switching time for the device delay. The unit-sizee�ective-resistance, in essence, is assumed to be r0 = r00+� �ts, where r00 is the unit-size e�ective-resistancematch those given in the NTRS (see [1]).DRAFT
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(a) (b)Fig. 2. (a) Ground capacitance and (b) e�ective-fringe capacitance for the central wire (the victim) in the basic geometricstructure shown in Figure 1. Each curve in (a) has the same spacing but di�erent wire widths, and each curve in (b) hasthe same center-to-edge spacing but di�erent wire widths. The capacitance values are given for the unit-length wire.under the step input, ts the input switching time, and � an empirical constant. The algorithm based onthe bottom-up dynamic-programming, however, no longer has a polynomial-time complexity under theextended device model. The posynomial program formulation for the simultaneous gate and wire sizingproblem [9] was also extended to accommodate a voltage-ramp gate model, which considers the impactsof the input switching time and output loading under the Ceff model [14]. The resulting sizing problem,however, is no longer a posynomial program. It is unknown how far away the solution obtained by solvinga posynomial program is from the exact solution under the voltage-ramp model. Two very recent works[15], [16] begin to consider coupling capacitance for multiple nets.2 Both allow variable cef but still assume2The formulation in [15] is based on the dominant time constant, which is an approximation to the maximum delay amongmultiple sinks in a net. Because it is di�cult to e�ciently minimize the sum of the dominant time constants [15], the Elmoredelay model (used in this paper) is more appropriate for path delay minimization. DRAFT



6 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999that r0 and ca are constants. Even though all these algorithms still use the simple model for either devicedelay or interconnect capacitance, their runtime is already high. For example, it took over twenty minutesto optimize a 16-bit bus of 320 wire segments in [16].We will call the device table, like Table I, STL-bounded model, where r0 is determined by the size,input switching time (ts) and output load (cl), and its value is bounded (i.e., there exist lower and upperbounds for r0) for any given ranges of size, ts and cl. In addition, a WS-bounded capacitance model willbe presented in Section IV, where ca and cef are determined by the width (w) and spacing (s), and theirvalues are also bounded for any given ranges of w and s. We build tables for the STL-bounded devicemodel via HSPICE simulations, and for the WS-bounded capacitance model via numerical capacitanceextractions. These models are more accurate than the simple models, and have been widely used forveri�cation purposes. However, there are virtually no algorithms that allow us to use these models forthe device and interconnect sizing problems.In this paper, we apply the STL-bounded device model and the WS-bounded capacitance model tothe simultaneous transistor and interconnect sizing problem (STIS), and to the global interconnect sizingand spacing (GISS) problem considering the coupling capacitance for multiple nets. In order to e�cientlyhandle the two problems, we formulate three classes of optimization problems: the simple, monotonically-constrained, and bounded CH-programs. We then develop the theory and algorithm based on di�erentlocal-re�nement (LR) operations to optimize three classes of CH-programs. We �nally solve the STIS andGISS problems by posing them as CH-programs. Experiments show that we are able to obtain solutionsclose to the global optimum in the most cases. Based on HSPICE simulations, our algorithm in this paperobtained up to 15.1% and 17% addition delay reductions when compared with STIS results in [7] andGISS results in [16]. Moreover, our algorithm is extremely e�cient. A speedup of over 100x is achievedcompared with the algorithm in [16].The rest of the paper is organized as follows: we �rst present the theory and algorithm of LR-basedoptimization in Section II, then apply the algorithm to the STIS and GISS problems in Sections III andIV, and �nally conclude in Section V. Proofs of theorems, together with tables for the device delayand interconnect capacitance used in our experiments, are available from a technical report [17]. Part ofpreliminary results of this work was presented in two conference papers [7], [18].II. Theory and Algorithm for CH-ProgramsA. Formulations of CH-functionsWe �rst de�ne the CH-function (Cong-He function)3 as a function of a positive vector X = fxi j xi �0; i = 1; � � � ; ng with the following form:f(X) (1)3CH-function was called CH-posynomial in [7], [18]. As recommended by reviewers, we renamed it to show that it is not,in general, a posynomial.DRAFT



CONG AND HE: THEORY AND ALGORITHM ... 7= Xp�0Xq�0 nXi=1 nXj=1;j 6=i(ap;q;i;j(X)xpi ) � (bp;q;i;j(X) � xqj)where coe�cients ap;q;i;j(X) and bp;q;i;j(X), as well as exponents p and q, are positive.Depending on the coe�cient ap;q;i;j(X) and bp;q;i;j(X), we de�ne the following three types of CH-functions:De�nition 1: (simple CH-function) Eqn. (1) is a simple CH-function if coe�cients ap;q;i;j and bp;q;i;jare constants.The concept of simple CH-function was �rst introduced in [6], [7]. It was shown that many previousworks on device and interconnect sizing problems, including the single-source and multi-source wire sizingproblems [4], [5], continuous wire sizing problem [19], and simultaneous driver and wire sizing problem[3], use simple CH-functions as objective functions.In some applications however, coe�cients ap;q;i;j(X) and bp;q;i;j(X) may vary as functions dependingon X. For two vectors X and X0, we say that X dominates X0 (denoted by X � X0) if xi � x0i fori = 1; � � � ; n. We then de�ne the following monotonically-constrained CH-function:De�nition 2: (monotonically-constrained CH-function) Eqn. (1) is a monotonically-constrainedCH-function, if it satis�es the following monotonic constraints: for any vector X0 � X, (i) ap;q;i;j(X0)x0pi �ap;q;i;j(X)xpi and ap;q;i;j(X0) � ap;q;i;j(X); (ii) bp;q;i;j(X0) � x0qj � bp;q;i;j(X) � xqj and bp;q;i;j(X0) � bp;q;i;j(X).The monotonically-constrained CH-function was de�ned di�erently (and called bounded-variation CH-posynomial4) in [18], where we say (i) ap;q;i;j is a function depending only on xi. With respect to anincrease of xi, ap;q;i;j(xi)xpi monotonically decreases and ap;q;i;j(xi) monotonically increases; (ii) bp;q;i;j is afunction depending only on xj. With respect to an increase of xj, bp;q;i;j(xj) � xqj monotonically increasesand bp;q;i;j(xj) monotonically decreases. It is easy to see that De�nition 2 subsumes the old de�nitionand covers a wider class of functions, because now each coe�cient may vary as a function of all variablesin X, instead of a single variable in [18].We �nally remove the monotonic constraints for the CH-function by formulating the following boundedCH-function:De�nition 3: (bounded CH-function) Eqn. (1) is a bounded CH-function, if its coe�cients arebounded: for any p; q; i and j, there exist positive constant aLp;q;i;j, aUp;q;i;j, bLp;q;i;j and bUp;q;i;j, such thataLp;q;i;j � ap;q;i;j(X) � aUp;q;i;j and bLp;q;i;j � bp;q;i;j(X) � bUp;q;i;j.Clearly, the simple CH-function is a subset of the monotonically-constrained CH-function, which in turnis a subset of the bounded CH-function (see Figure 3). In addition, the simple CH-function is a subset ofthe posynomial. A posynomial [20] is a function of a positive vector X having the form g(X) =Pmi=1 ui(X)4According to reviewers' recommendations, we saved the name \bounded" for the type of CH-function de�ned in De�nition3, which was called the general CH-posynomial in [18]. DRAFT



8 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999with ui(X) = cixai11 xai22 � � �xainn ; i = 1; 2; � � � ;m (2)where the exponents aij are real numbers and the coe�cients ci are positive. For example,f(x1; x2; x3) = x1=21 + 1=x2 + x3 (3)is a simple CH-function as well as a posynomial. However,f(x1; x2; x3) = x21 � x2 � 1x3 (4)is a posynomial but not a simple CH-function. On the other hand, the monotonically-constrained andbounded CH-functions may be no longer a posynomial. For example,f(x1; x2) = 1lnx1 � x21 + x2x1 ; x1 > 3 (5)is neither a simple CH-function nor a posynomial. However, one can easily verify that it is a monotonically-constrained CH-function by treating 1ln x1 as the coe�cient function for x21.
bounded
CH-function

monotonically-constrained
CH-function

simple 
CH-functionFig. 3. The simple CH-function is a subset of the monotonically-constrained CH-function, which is in turn a subset of thebounded CH-function.B. Properties for CH-programsWe de�ne the CH-program as an optimization problem to minimize a CH-function subject to L � X � U(i.e., li � xi � ui for i = 1; � � � ; n). It may be a simple, monotonically-constrained or bounded CH-program depending on whether its objective function is a simple, monotonically-constrained or boundedCH-function. We will introduce the dominance property for the simple and monotonically-constrainedCH-programs, as well as the general dominance property for the monotonically-constrained and boundedCH-programs.B.1 Dominance propertyWe �rst de�ne the following local re�nement operation:DRAFT



CONG AND HE: THEORY AND ALGORITHM ... 9De�nition 4: (local re�nement operation) Given a function f(X) and a solution vector (or simply,a solution) X0, the local re�nement operation for any particular variable xi is to minimize f(X) by onlyvarying xi while keeping all values of other xj(j 6= i) in X0 �xed.Such an operation is also called an LR operation in short. The resulting solution vector is called the localre�nement of X0 (with respect to xi).Furthermore, we de�ne g(X) (6)= nXi=1 nXj=1;j 6=iAi(xi) �Bj(xj)where Ai(xi) is a function depending only on xi, and it increases with respect to an increase of xi; Bj(xj)is a function depending only on xj , and it decreases with respect to an increase of xj. We have provedthe following Lemma 1 in the technical report [17].Lemma 1: Let X� an exact solution to minimize g(X) (Eqn. (6)). For any solution X0 of f(X), if X0dominates X�, any local re�nement of X0 leads to a solution that still dominates X�. Similarly, if X0 isdominated by X�, any local re�nement of X0 leads to a solution that is still dominated by X�.Based on Lemma 1, one is easy to verify the following dominance property for the simple CH-program:5Theorem 1: (Dominance Property) Let f(X) be a simple CH-function, and X� an exact solution tominimize f(X). For any solution X0 of f(X), if X0 dominates X�, any local re�nement of X0 leads to asolution that still dominates X�. Similarly, if X0 is dominated by X�, any local re�nement of X0 leads toa solution that is still dominated by X�.The dominance property under the LR operation was �rst introduced for the single-source wire sizingproblem [4], and was extended to the multi-source wire sizing problem [5]. In [7], it was revealed thatthe dominance property holds for all simple CH-programs. It was also shown that both wire sizingproblems [4], [5], the simultaneous driver/bu�er and wire sizing problem, and simultaneous transistor andinterconnect sizing problem are all simple CH-programs if simple device and capacitance models are used.Therefore, the dominance property holds for these problems and enables an LR-based algorithm, whichuses iterative LR operations to compute optimal sizes for both devices and wires.6When coe�cients for variable xi, like the case of simple CH-program, are all constants, the LR operationof xi is a single-variable posynomial program that can be solved very e�ciently.7 The LR operation for5Nevertheless, Lemma 1 also reveals that the dominance property holds for the monotonically-constrained CH-programwhen coe�cients are functions of single variables, like the bounded-variation CH-program de�ned in [18]. The dominanceproperty, however, may not hold for the new de�ned monotonically-constrained CH-program when coe�cients are functionsof solution vector X.6The SDWS algorithm for simultaneous driver and wire sizing problem in [3] is di�erent from and less e�cient than theLR-based algorithm in [7].7 According to [20], a posynomial program is the following minimization problem:min g0(X) subject to gk(X) � 1 DRAFT



10 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999other CH-programs may be less e�cient, however. First, it might be no longer a posynomial program.An example is the LR operation of x1 to minimize Eqn. (5), where a logarithm function is involved.Second, when a coe�cient varies depending on a table rather than a closed-form formula, we may haveto enumerate all possible values for xi in order to �nd out its local optimal value (an example is given inthe technical report [17]).The usage of the LR operation is also limited by the fact that the dominance property under the LRoperation generally does not hold for a monotonically-constrained or bounded CH-program. To over-come these limitations, we introduce the pseudo-LR and extended-LR operations, then show a generaldominance property.B.2 General dominance propertyThe pseudo-LR and extended-LR operations (in short, the PLR and ELR operations) are de�ned asthe following:De�nition 5: (pseudo-LR operation) Given a CH-function f(X) and a solution vector X0, thepseudo-LR operation for variable xi with respect to X0 is an LR operation using constant coe�cientsap;q;i;j(X0) and bp;q;i;j(X0) when solving the \local-optimal" xi for any p; q; i and j.That is, we �x the coe�cients under the current solution when performing an PLR operation. ThePLR and LR operations are same for a simple CH-program, but may produce di�erent results for amonotonically-constrained CH-program.De�nition 6: (extended-LR operation)Given a CH-function f(X) and a solution X0, the extended-LR operation for a particular variable xi in X0 is the LR operation using the following coe�cients for anyp; q, j 6= i, and k 6= i:(i) When X0 � X�, we replace ap;q;ij(X0) and ap;q;k;j(X0) by aUp;q;i;j and aLp;q;k;j, and replace bp;q;j;i(X0)and bp;q;k;j(X0) by bLp;q;j;i and bUp;q;j;k.(ii) When X0 � X�, we replace ap;q;ij(X0) and ap;q;k;j(X0) by aLp;q;i;j and aUp;q;k;j, and replace bp;q;j;i(X0)and bp;q;k;j(X0) by bUp;q;j;i and bLp;q;j;k.We call the solution given by the PLR or ELR operation as the pseudo- or extended-local re�nement ofX0, respectively. Note that the lower and upper bounds are not unique for coe�cient functions. Thede�nition of the ELR operation is applicable to any valid lower and upper bounds.According to these de�nitions, even though coe�cients are functions of the variable vector X in themonotonically-constrained or bounded CH-program, coe�cients during each PLR or ELR operation arestill treated as constants. Therefore, the PLR or ELR operation for a monotonically-constrained ork = 1;2; � � � ; p and X > 0where each gk (k = 0;1; 2; � � � ; p) is a posynomial function. In the case of LR operation of xi for a simple CH-program, thelocal optimum is also a global optimum no matter whether xi has continuous or discrete value. More detailed discussion ofposynomial programs can be found in Section II-D.DRAFT



CONG AND HE: THEORY AND ALGORITHM ... 11bounded CH-program again becomes a single-variable posynomial program that can be solved very ef-�ciently, exactly as the LR operation for a simple CH-program. We will illustrate the PLR and ELRoperations using the following CH-function:f(x1; x2) = a1(x1; x2)x1 � (b2(x1; x2) � x22) (7)+ a2(x1; x2)x2 � (b1(x1; x2) � x1);The pseudo-local re�nement of x1 with respect to X0 = fx01; x02g is~xPLR1 =sa1(x01; x02) � (b2(x01; x02) � x032 )a2(x01; x02) � b1(x01; x02) : (8)If we assume that a1(x1; x2) 2 [aL1 ; aU1 ], a2(x1; x2) 2 [aL2 ; aU2 ], b1(x1; x2) 2 [bL1 ; bU1 ] and b2(x1; x2) 2 [bL2 ; bU2 ].When fx01; x02g is dominated by exact solution fx�1; x�2g, the extended-local re�nement of x1 concerningfx01; x02g is ~xELR1 =saL1 � (bL2 � x032 )aU2 � bU1 : (9)Even though we assume continuous variables in this example, our de�nition for the PLR and ELRoperations (as well as the LR operation) applies to both continuous and discrete variables. We provedthe following theorem concerning the PLR and ELR operations:Theorem 2: (General Dominance Property) Let X� an exact solution to minimize a CH-functionf(X).(i) When f(X) is a monotonically-constrained CH-function, for any solution X0 of f(X), if X0 dominatesX�, any pseudo-local re�nement of X0 leads to a solution that still dominates X�; if X0 is dominated byX�, any pseudo-local re�nement of X0 leads to a solution that is still dominated by X�.(ii) When f(X) is a bounded CH-function, for any solutionX0 of f(X), ifX0 dominatesX�, any extended-local re�nement of X0 leads to a solution that still dominatesX�; ifX0 is dominated by X�, any extended-local re�nement of X0 leads to a solution that is still dominated by X�.The proof can be found in the technical report [17]. Because the simple CH-program is a subset of themonotonically-constrained CH-program, and the PLR operation is same as the LR operation in the caseof simple CH-program, Theorem 2 also shows that the dominance property holds under the LR operationfor the simple CH-program.C. LR-based algorithmAgain, let X� be an exact solution to a CH-program. We say that a solution X is the lower bound ofX�if X is dominated by X�, and X is an upper bound of X� if X dominates X�. Theorems 1 and 2 enablean algorithm based on di�erent types of LR operations to compute a set of lower and upper bounds forX�. DRAFT



12 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999Bound-Computation Algorithm1. Initialize lower and upper bounds;2. If lower and upper bounds do not meet3. Perform ELR operation on every xi of the lower bound iteratively;4. Perform ELR operation on every xi of the upper bound iteratively;5. Goto 2 if there is any improvement in 3 and 4;6. Return ELR-tight lower and upper bounds.TABLE IIBound-computation algorithm using the ELR operationBecause the bounded CH-program is the most general case, we use the ELR operation to illustratethe bound-computation algorithm (see Table II). Starting with the initial lower and upper bounds (Land U), the algorithm carries out interleaved passes of lower- and upper-bound computations. A pass oflower-bound computation will perform an ELR operation on every xi of a lower bound X in an arbitraryorder. Because X is dominated by X�, its extended-local re�nement becomes closer to X� but is still alower bound. Similarly, a pass of upper bound computation will perform an ELR operation on every xi ofan upper bound X. The iteration of passes is stopped when the lower and upper bounds meet for every xi,or both bounds are ELR-tight. We say that a lower or upper bound is ELR-tight if it can not be improvedby any ELR operation.8 Although the ELR operation may use any valid lower and upper bounds forcoe�cients according to De�nition 6, in general, the closer the lower and upper bounds for coe�cients,the smaller the gap between the resulting ELR-tight lower and upper bounds. Because reducing the sizeof the solution space may narrow the range for coe�cients, lower- and upper-bound computations arecarried out alternately. The algorithm guarantees that within the resulting ELR-tight lower and upperbounds, there would exist an exact solution to the bounded CH-program.For a simple or monotonically-constrained CH-program, we may replace the ELR operation in TableII by the LR or PLR operation, respectively. Then, the algorithm computes the LR-tight or PLR-tightlower and upper bounds, where a lower or upper bound of an exact solution is LR-tight or PLR-tightif it can not be improved by any LR or PLR operation. In essence, the bound-computation algorithmgeneralizes the greedy wiresizing algorithm GWSA that has been used for computing LR-tight lower andupper bounds for the exact wire sizing solution under �xed ca and cef in [4], [5]. When the exact solution8Even though the lower and upper bounds are ELR-tight, there may still be a gap between them. We say that thecomputation for a variable xi is convergent if its lower and upper bounds are identical. The ELR operation does notguarantee the convergence for all variables. We de�ne the convergence rate as the percent of variables that has identicallower and upper bounds. Both average gap among all variables and convergence rate will be presented for our experimentsin Sections III-D and IV-E.DRAFT



CONG AND HE: THEORY AND ALGORITHM ... 13has the monotone property like those for the single-source and multi-source wire sizing problems [4], [5],the bundled-LR (BLR) operation [5] can be used to speed up the LR, PLR or ELR operation. We alsouse the LR-based algorithm to refer to the bound-computation algorithm, where LR, in general, refers tothe LR, PLR, ELR and BLR operations.The LR-based algorithm has the same worst-case complexity when using di�erent types of LR oper-ations. Let r be the average number of the possible values for variables xi(i = f1; � � � ; ng) 2 X whenall variables xi have discrete values. Because each pass of the lower- and upper-bound computation atleast changes the value of one variable to narrow the solution space by at least one unit, the worst-casenumber of passes is �(r �n). In addition, each pass has at most 2n LR operations. Therefore, the bound-computation algorithm needs �(r � n2) LR operations. We observed in our experiments that the totalnumber of LR operations is much smaller than �(r � n2) and is empirically linear with respect to thenumber of variables.D. Comparison with the posynomial programIn order to better appreciate the implications of Theorems 1 and 2, we compare the CH-programswith the posynomial program (de�ned in Footnote 7). When every variable is of continuous value, theposynomial program has the important property that the local optimum is unique, and therefore is alsothe global optimum. The posynomial program plays an important role in the device and wire sizingworks. In [21], the transistor sizing problem was �rst formulated as a posynomial program and solved bya sensitivity-based method. Later on, the posynomial program formulation was used for transistor sizing[22], wire sizing [23] and simultaneous gate and wire sizing [9], and was solved by being transformed intothe convex program.9 Note that optimality of these solutions depends on the assumption that the localoptimum is unique. The assumption holds for the continuous sizing formulation and simple models forthe interconnect capacitance and device delay, but may be not true for the discrete sizing formulation andmore general models for the interconnect capacitance and device delay.Our LR-based algorithm is similar to the coordinate descent approach [24] for the posynomial program.The approach iteratively optimizes the value for each variable (i.e., coordinate) while keeping the values forthe rest of the variables �xed.10 Because the local optimumis unique for the posynomial program regardingcontinuous variables, one may even start with an arbitrary solution (see [25]) rather than a lower or upperbound used in the LR-based algorithm. However, when the variables x1; x2; � � � ; xn are of discrete values9Same as the method in [9] that we reviewed in Section 1, methods in [22], [23] minimize the maximum delay.10An alternativemethod, called the steepest descent approach or the gradientmethod [24], minimizes the objective functionalong the direction of the steepest gradient, and may simultaneously change all coordinates. In general, it is n � 1 timesfaster than the coordinate descent approach, where n is again the number of variables [24]. However, because of the specialnature of the sizing problems, the LR-based optimization (the coordinate descent approach) turns out to be very e�cientin experiments. In fact, it was recently shown that when using the simple device and capacitance models, the LR-basedalgorithm can be �nished in a linear time for the continuous wire sizing problem [25]. DRAFT



14 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999for the simple CH-program, or when the coe�cients are not constants as in the monotonically-constrainedor bounded CH-program (for both continuous or discrete variables), there may be more than one localoptimum.11 Then, the global optimum can not be achieved by the coordinate descent approach startingfrom an arbitrary solution. However, the LR-based algorithm, which respectively uses the LR, PLR orELR operations for a simple, monotonically-constrained or bounded CH-program, can still be used tocompute lower and upper bounds for the exact (i.e., globally optimal) solution. We will apply the ELRoperation to the simultaneous transistor and interconnect sizing problem under the STL-bounded devicemodel, and apply the PLR and ELR operations to the global interconnect sizing and spacing (GISS)problem considering the coupling capacitance for multiple nets. Both problems are no longer the simpleCH-program, and may have multiple local optimum solutions.III. STIS Problem under STL-Bounded Device ModelA. Problem formulationOur formulation is similar to that in [7]. The delay is computed based on a stage. It is de�ned as aDC-connected path from a power supply (either the Vdd or the ground) to the gate node of a transistor,containing both transistors and wires. The delay of a stage P (Ns; Nt) with Ns being the source and Ntbeing the sink can be written as Eqn. (10) under the Elmore delay model.t(P (Ns; Nt);X)= Xi;j f(i; j) � r0(i)xi � ca(j) � xj +Xi;j f(i; j) � r0(i)xi � cef (j)+ Xi g(i) � r0(i)xi +Xi r0(i) � h(i) +Xi h(i) � r0(i)xi (10)where xi is the width for a transistorMi or a wire Ei, r0(i) is its unit-size e�ective-resistance, and ca(i) andcef (i) are its unit-area capacitance and unit-length e�ective-fringe capacitance. Coe�cients f(i; j); g(i)and h(i) are determined by the transistor netlist and routing topology.In order to simultaneously minimize delays along multiple critical paths, we minimize the weighteddelay t(X) of all stages in the set of critical paths denoted as P:t(X) = XP (Ns ;Nt)2P �st � t(P (Ns; Nt);X) (11)where the weight �st indicates the criticality of stage P (Ns; Nt). After we eliminate those terms indepen-dent of X, Eqn. (11) can be re-written ast(X)= Xi;j F (i; j) � r0(i)xi � ca(j) � xj11The simple CH-program using continuous variables belongs to the posynomial program, and therefore has a unique localoptimum.DRAFT



CONG AND HE: THEORY AND ALGORITHM ... 15+ Xi;j F (i; j) � r0(i)xi � cef (j)+ Xi G(i) � r0(i)xi +Xi H(i) � r0(i)xi (12)where F (i; j); G(i) and H(i) are weighted functions of f(i; j); g(i) and h(i), respectively.We formulate the following simultaneous transistor and interconnect sizing (STIS) problem:Formulation 1: Given the lower and upper bounds (L and U) for the width of each transistor and wire,the STIS problem is to determine a width for each transistor and wire (or equivalently, a sizing solutionX, L � X � U) such that the weighted delay through multiple critical paths given by Eqn. (12) isminimized.Note that a sequence of weighted-delay minimization can be used to minimize the maximum delay byadjusting the weight assignment based on the Lagrangian-relaxation method as in [11]. Therefore, wefocus on how to minimize weighted delay in this paper. In addition, we assume that the possible width isfrom a discrete width set determined by the technology. The discrete sizing problem is more di�cult thanthe continuous sizing problem, but is more convenient for placement and routing tools and fabrication.B. Bound computation for the STIS problemUnder the simple models, r0, ca and cef are constants for each wire/transistor, and Eqn. (12) is asimple CH-function. In this case, the STIS problem is a simple CH-program solved in [7]. Because thesimple models are no longer valid for DSM designs, we study the STIS problem under the STL-boundeddevice model that is more suitable for DSM designs. For simplicity of presentation, we assume here thatca and cef are constants for each wire segment, but will remove the assumption in Section IV.In the STL-bounded model, r0 is pre-computed and stored in tables (e.g., see Table I) indexed by thesize, input switching time (ts), and output load (cl). It could be very accurate depending on the tablesize.12 Because the value for r0 is bounded, it is easy to verify the following Theorem 3:Theorem 3: The STIS problem under the STL-bounded device model is a general CH-program.Note that the STL-bounded model might not be monotonic with respect to the sizing solution X.Therefore, the STIS problem is unlikely a monotonically-constrained CH-program, and the LR and PLRoperations are not applicable. It can be justi�ed by the following observations: r0 in our model is amonotonic function of ts, whereas ts is not monotonic with respect to X, because the optimal wire sizingsolution (see [4], [23], [5]) to minimize ts often has neither minimum nor maximumwire width.Therefore, the ELR operation is needed in the LR-based algorithm (Table II) to compute lower and12In our experiments, r0 table for a type of gate (e.g., an inverter) considers the combinations of �ve di�erent device sizes(from 1x to 800x of the minimum size), three di�erent input switching times, and �ve di�erent load capacitances. Therefore,the total table size is 5 � 3 � 5 � m = 75m, where m is the number of gate types. Satisfactory optimization results areobtained according to experiments in Section III-D. For simplicity, we assume that cl is the lumped capacitance in thispaper. Extension to the e�ective capacitance model [14] is ongoing work and will be discussed brie
y in Section V.DRAFT



16 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999upper bounds for an exact solution to the STIS problem. We assume that r0(i) 2 [rL0 (i); rU0 (i)] andr0(j) 2 [rL0 (j); rU0 (j)]. In an ELR operation on a transistor Mi for the lower-bound computation, we userL0 (i) instead of r0(i), and rU0 (j) instead of r0(j) for Mj , where Mj is an upstream transistor in the samenet for Mi. Symmetrically, in an ELR operation on Mi for the upper-bound computation, we use rU0 (i)instead of r0(i) for Mi, and rL0 (j) instead of r0(j) for an upstream transistor Mj .We determine rL0 (i) as follows: Let XL and XU be lower and upper bounds of the exact solutionX�. We assume that transistor Mi has size xi 2 [xLi ; xUi ], input switching time ts(i) 2 [tLs (i); tUs (i)],and capacitance load cl(i) 2 [cLl (i); cUl (i)]. We often observe in our experiments that r0(i) increases withrespect to an increase of xi or ts(i), but decreases with respect to an increase of cl(i). Therefore, rL0 (i)for Mi can be obtained by table lookup using xLi , tLs (i) and cUl (i). Symmetrically, rU0 (i) is determinedusing xUi , tUs (i) and cLl (i). In addition, contributions of transistors or wires to cUl (i) are computed usingsizes in XU , and contributions to cLl (i) computed using sizes in XL. After the ELR operation on Mi,for every stage P (Ni; Nj) (Ni is the source, Nj is the sink) driven by Mi, we will update the lower andupper bounds for the switching time ts(j) at sink Nj , because ts(j) is the input switching time for thetransistor Mj with gate connected to node Nj . The lower or upper bound of ts(j) is assumed to be thelower or upper bound of the delay through P (Ni; Nj), respectively. As XL and XU move closer duringthe ELR-based optimization procedure, the range of r0 is also narrowed. In general, the closer the valuesfor rU0 and rL0 , the smaller the gap between the lower and upper bounds given by the ELR operations.Because the unit-size resistance r0(i) is a constant for each wire segment Ei, we can simply use theLR operation for Ei. Furthermore, in order to achieve better wire sizing solutions, we can divide a wiresegment into a sequence of uni-segments, then �nd a wire width for each uni-segment [5]. We assume thateach segment always stays in the same layer, has the �xed r0, ca and cef , as well as same allowable wirewidths.13 With these assumptions, we have proved the following local monotone property:Theorem 4: (local monotone property) There exists an optimal STIS solution where the wire widthsfor uni-segments are monotonic within each wire segment.The proof is available from the technical report [17]. This theorem enables us to use the BLR operation[5] instead of the LR operation for each wire segment Ei. The BLR operation is shown to be 100x fasterthan the LR operation for the wiresizing problem [5].C. Overall algorithm for the STIS problemLet L0 and U0 be the ELR-tight lower and upper bounds given by the above bound-computationprocedure. If L0 and U0 are identical, we obtain the exact solution to the STIS problem under the STL-bounded model. Otherwise, we traverse all wire segments and transistors by iterative PLR operationsuntil there is no improvement in the last round of traversal. Note that the PLR operation is bounded by13Di�erent segmentsmay have di�erent r0, ca and cef if they are in di�erent layers, or have di�erent spacings to neighboringwires.DRAFT



CONG AND HE: THEORY AND ALGORITHM ... 17L0 and U0, and it uses r0 obtained from the device table. Even though the PLR operation may lead tofurther improvement over L0 and U0, in general it does not lead to a lower or upper bound of the exactsolution.14Our experiments in Section III-D.2 show that the ELR-tight lower and upper bounds (L0 and U0) areoften close to each other in most cases. Therefore, we can simply treat L0 as the �nal solution (for smallerarea and often lower power-dissipation). Note that the STIS problem to minimize a weighted-sum of delayand area is shown to be a CH-program in [7], with a smooth trade-o� obtained between delay and area.A similar approach can be used to better minimize the capacitive power by minimizing the weighted-sumof delay and capacitive power.D. Experimental resultsFor all experiments in this paper, we computed the delays via HSPICE using the distribute RC modeland the level-3 MOSFET model that is also used in HSPICE simulations for device-table generation. Theuse of HSPICE simulation results not only shows the quality of our sizing solutions, but also veri�es thevalidity of our interconnect and device modeling, and the correctness of our problem formulations.D.1 Comparison between manual optimization and STIS algorithmTo illustrate the e�ectiveness of the STIS algorithm, we �rst compare the sizing solution obtained byour algorithm and the manual optimization applied to a spread spectrum IF transceiver chip in [26]. Thedesign is under the 1.2 �m two-layer metal SCMOS technology. There are two clock nets, dclk and clk;each uses a chain of four cascade drivers in the clock signal source and chains of four cascade bu�ersin order to drive long interconnects and register �les. The maximum delays of the two nets need to beminimized to reduce the clock skew. Therefore, source drivers and bu�ers are tuned manually via iterativeprocedures of layout, extraction and HSPICE simulation. We retain the manual sizing solutions for the�rst stage drivers at the source and for the drivers of the register �les, then apply the STIS algorithmto optimize the sizes for every 10�m-long wire and the rest of the drivers and bu�ers. We use twoformulations under the simple device model, one is simultaneous transistor and wire sizing formulation(stis/simple) where optimal sizes are found for p- and n- transistors in each driver/bu�er, and the otherone is simultaneous gate and wire sizing formulation (sgws/simple) where an optimal size is found for eachdriver/bu�er. We also assume that the allowable wire widths are fw; 2w; 3w; 4w;5wg with w = 1:2�mbeing the minimumwire width in the 1:2�m technology, and the allowable transistor sizes are multiples of0:6�m between 1:2�m and 500�m. The constant value for r0 in the simple model is determined under thetypical input switching time, device size and output load. The �xed ratio between p- and n- transistors inthe sgws/simple formulation is tuned to make sure that the inverter will have same pull-up and pull-down14In our experiments, we tried to use PLR operations starting from either the minimum or maximum sizing solution. Theresulting solutions are often outside the range de�ned by L0 and U0, and are worse than L0. DRAFT



18 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999resistance values.# of wire length max delay (ns) average power (mW)net drivers/bu�ers (�m) manual sgws/simple stis/simple manual sgws/simple stis/simpledclk 154 41518.2 4.6324 4.3447(-6.2%) 3.9635(-14.4%) 60.85 46.09(-24.3%) 46.29(-24.2%)clk 367 59304.0 6.2016 6.1578(-0.7%) 5.9035(-4.8%) 499.7 286.8(-42.6%) 285.6(-42.8%)TABLE IIIComparison between manual optimization and STIS algorithmsBecause the simple device model is applied, we use the LR operation to compute the LR-tight lowerand upper bounds for devices. Experiments show that the identical LR-tight lower and upper bounds areachieved for almost all devices and wire segments, therefore we use the LR-tight lower bounds as the �nalsizing solution. We report HSPICE simulation results in Table III. When compared with the manualoptimization, sgws/simple and stis/simple formulations reduce the maximum delay by up to 6.2% and14.4%, respectively. More signi�cantly, both reduce the power consumption by 42.6% and 42.8%. Becausewe use the same simple model for two formulations in this experiment, the extra delay reduction (8.2%)of the stis/simple formulation comes from the 
exibility of the transistor sizing formulation.D.2 Comparison between simple and STL-bounded modelsWe then apply our STIS algorithm under di�erent device models. We use the 0.18 �m technologygiven in the NTRS [12] in order to study the impact of the DSM technologies. The wire sheet-resistanceR2 = 0:0638
. We generate device and capacitance tables via HSPICE simulations and numericalextractions, respectively, and use ca and cef values where the wire is 1:10�m wide and neighboring wiresare 1:65�m away. We size two global nets, one is a 2cm line with �ve bu�ers optimally inserted fordelay minimization. The other is the above dclk net. In addition to di�erent device models (simplemodel versus STL-bounded model), we also use di�erent sizing formulations (sgws versus stis). Thereare four combinations, including sgws/simple and stis/simple using the LR operation for devices, andsgws/bounded and stis/bounded using the ELR operation for devices. For simplicity, we assume that the�xed ratio between p- and n- transistors for the gate sizing formulation is 1.0. For both nets, we �nd theoptimal wire width for each 10 �m-long wire, and assume that allowable transistor sizes are multiples of0.18�m between 0.18�m and 144�m, and that allowable wire widths are multiples of 0.56�m between0.56�m and 5.6 �m.Table IV summarizes experimental comparisons between di�erent formulations. We computed conver-gence rate under di�erent formulations. For the simple model, the computation for a transistor or wireis convergent if its LR-tight lower and upper bounds are identical. For the STL-bounded model, thecomputation for a transistor or wire is convergent if its ELR-tight lower and upper bounds are identical.DRAFT



CONG AND HE: THEORY AND ALGORITHM ... 19net sgws/ sgws/ stis/ stis/ sgws/ sgws/ stis/ stis/simple bounded simple bounded simple bounded simple boundedconvergence rate for transistors convergence rate for wiredclk 85.8% 83.2% 87.7% 86.7% 99.4% 95.9% 97.1% 95.2%line 60.0% 100% 70.0% 60.0%) 98.4% 70.9% 88.4% 72.9%average width / average gap (for transistors, �m) average width / average gap (for wires, �m)dclk 5.39/0.07 13.0/1.91 17.2/1.53 21.6/2.36 2.50/0.003 2.78/0.025 2.69/0.017 2.82/0.030line 108/0.108 112/0.0 126/0.97 125/1.98 4.98/0.004 4.99/0.106 5.05/0.032 5.11/0.091maximum delay (ns) runtime (s)dclk 1.159(0%) 1.007(-6.4%) 1.132(0%) 0.961(-15%) 1.18 2.32 0.88 3.17line 0.821(0%) 0.818(-0.4%) 0.751(0%) 0.694(-7.6%) 0.72 0.58 0.55 1.22TABLE IVComparisons between different device and wire sizing formulationsThe convergence is not signi�cantly di�erent. For example, computations for about 85% transistor areconvergent in dclk net under all four formulations. We also computed the average width and the averagegap between lower and upper bounds for all wire segments and transistors, respectively. The ELR oper-ation does give larger gap than the LR operation. However, the di�erence is small. Overall, the averagegap is only 1% of the average width, except that net dclk has a large gap, nearly 10% of the transistorsize.We simply use the ELR-tight lower bound as the �nal solution under the STL-bounded model, and theLR-tight lower bound as the �nal solution under the simple model, because lower and upper bounds givenby bound computations are very close to each other. Table IV also give the maximum delay via HSPICEsimulation. The solutions under the STL-bounded model are consistently better than those under thesimple device model. When compared with the sgws/simple formulation, the sgws/bounded formulationfurther reduce the maximum delay by up to 6.4%. When compared with the stis/simple formulation, thestis/bounded formulations further reduce the maximum delay by up to 15%. Note that both sgws/simpleand stis/simple formulations already give very good sizing solutions as shown in the experiment of SectionIII-D.1. Although ELR operations under the STL-bounded model are more complex, the runtime is stillimpressively small. It used just 3.17 seconds to optimize dclk net of 154 bu�ers and 41518.2�m wires,when the transistor sizing formulation is used and wire segments are 10�m long. Therefore, our STISalgorithm is extremely e�cient.IV. GISS problem considering coupling capacitanceThe unit-area capacitance ca and unit-length e�ective-fringe capacitance cef are assumed to be constantsfor each wire segment in the STIS problem in Section III. We shall proceed to remove this assumptionusing the more general WS-bounded capacitance model in this section. For simplicity of presentation,DRAFT



20 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999we assume that the device sizes are �xed, and study the global interconnect sizing and spacing (GISS)problem for multiple nets with consideration of the coupling capacitance. However, our algorithm andimplementation are able to use the STL-bounded device model and the WS-bounded capacitance model(with consideration of the coupling capacitance) at the same time.A. Problem formulationOur GISS formulation was �rst presented in [16]. We assume that an initial layout is a priori givenand de�nes the initial central-line for each wire segment. The initial pitch-spacing, i.e., the distancebetween the initial central-lines, remains unchanged during the sizing procedure. We consider two wiresizing formulations. One is the symmetric wire sizing formulation, where wires are always symmetricwith respect to initial central-lines as illustrated in Figure 4(a). In contrast, in the asymmetric wiresizing formulation shown in Figure 4(b), wires of same widths are asymmetric with respect to initialcentral-lines, and have smaller capacitance and less delay. Because neighboring wires are, in general,asymmetrically away from interested nets, the asymmetric wire sizing formulation is capable of furtherreducing the interconnect delay.
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neighboring wireFig. 4. (a) symmetric wire sizing, and (b) asymmetric wire sizing. The asymmetric wire sizing has smaller capacitance andless delay.Given the asymmetric formulation, in general, the wire sizing solution for wire segment Ei needs to berepresented by a pair of widths (x"i , x#i ), where x"i is the width of the piece of wire above (or left to) theinitial central-line when Ei is a horizontal (or vertical) segment, and x#i the width of the piece of wireon the other side of the initial central-line. Similarly, we denote the spacing above (or left to) Ei as s"i ,and spacing on the other side as s#i . In order to maintain the connectivity, we say that a wire width xi isvalid if x"i and x#i are at least Wmin=2, where Wmin is the minimum wire width set by the manufacturetechnology.With consideration of both symmetric and asymmetric wire sizing formulations, we de�ne the followingGISS problem:Formulation 2: Given multiple nets with initial central-line for each wire segment Ei, the GISS problemis to determine a valid wire width (x"i ; x#i ) for each Ei with respect to its initial central-line, such that theDRAFT



CONG AND HE: THEORY AND ALGORITHM ... 21weighted delay given by Eqn. (12) is minimized for multiple critical paths over these nets.Note that, as shown in Figure 2, both ca and cef are functions of wire widths and spacings. In thefollowing, we shall �rst consider the symmetric wire sizing formulation, then extend our algorithms to theasymmetric wire sizing formulation.B. Bound computation for the symmetric GISS problemOur WS-bounded capacitance model is a table-based model simpli�ed from the 2.5D capacitance modelin [27]. In this model, we �rst use the numerical capacitance extraction to solve the basic geometric struc-ture with equal widths and spacings (see Figure 1). We consider di�erent width and spacing combinations,and store ca(x; s) and cef (x; s) in two-dimensional tables indexed by widths (x) and spacings (s). Then,for a wire segment Ei with width xi and spacings s"i and s#i to its two nearest neighboring wires Ej andEk, we compute ca(i) as ca(i) = ca(xi; s"i ) + ca(xi; s#i )2 ; (13)and compute cef (i) as cef (i) = c"ef (i) + c#ef (i); (14)where c"ef (i) is the unit-length e�ective-fringe capacitance between Ei and Ej, and c#ef (i) the unit-lengthe�ective-fringe capacitance between Ei and Ek. They are given asc"ef (i) = cef (xi; s"i ) + cef (xj ; s"i )2 ; (15)c#ef (i) = cef (xi; s#i ) + cef (xk; s#i )2 ; (16)(17)where xj and xk are widths for Ej and Ek, respectively.Because our GISS formulation assumes that the initial central-lines are �xed, s"i can be determined byx"i and x#j , and s#i by x#i and x"k. Therefore, ca(i) and cef (i) are functions of xi; xj and xk. Because theirvalues are obviously bounded, we have the following Theorem 5:Theorem 5: The GISS problem under the WS-bounded capacitance model is a bounded CH-program.Note that the GISS problem is easier than the STIS problem in the sense that coe�cient ca or cef inGISS is a function of just four variables, whereas coe�cient r0 in STIS may depend on all variables.Based on this theorem, we may use the ELR operation to compute the lower and upper bounds for x�i ,the optimal width for a wire segment Ei. If we assume that ca 2 [cLa ; cUa ] and Ei has two neighboringwires Ej and Ek, in an ELR operation during the lower-bound computation for Ei, we use cUa (i); cUa (j)and cUa (k) instead of ca(i); ca(j) and ca(k) for Ei; Ej and Ek, and use cLa (n) instead of ca(n) for En thatis a downstream segment of Ei; Ej, or Ek. Similarly, during the upper-bound computation for Ei, weDRAFT



22 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999use cLa (i); cLa (j) and cLa (k) for Ei; Ej and Ek, and cUa (n) for downstream segment En. Furthermore, were-write c"ef (i) = c0"ef (i) � (xi + xj); (18)c#ef (i) = c0#ef (i) � (xi + xk): (19)Therefore, the following rules similar to those for ca are used for c0ef : during the lower-bound computation,the upper bound of c0ef will be used for Ei; Ej and Ek, and lower bound of c0ef for downstream segmentEn; during the upper-bound computation, the lower bound of c0ef will be used for Ei; Ej and Ek, andupper bound of c0ef used for En.The bound-computation for the GISS problem can be simpli�ed when the WS-bounded model ismonotonically-constrained. We �rst de�ne the following monotonically-constrained capacitance table:De�nition 7: A capacitance table is monotonically-constrained if the following is true with respect tothe basic geometric structure (see Figure 1) for any given pitch-spacing: for any two combinations ofwidths and spacings (x1; s1) and (x2; s2), if x1 � x2 (and s1 � s2 under the given pitch-spacing), thenca(x1; s1) � ca(x2; s2) and cef (x1; s1)=x1 � cef (x2; s2)=x2, at the same time, ca(x1; s1) �x1 � ca(x2; s2) �x2and cef (x1; s1) � cef (x2; s2).We say that the WS-bounded model is monotonically-constrained if its capacitance table is monotonically-constrained, and proved the following theorem in the technical report [17]):Theorem 6: The GISS problem under the WS-bounded capacitance model is a a monotonically-constrainedCH-program if the capacitance model is monotonically-constrained.In this case, the PLR operation can be used instead of the ELR operation. To tighten a lower- (upper-)bound xi for a wire Ei, we assume that its neighboring wires Ej and Ek have lower- (upper-) boundwidths at spacings s"i and s#i away from Ei. We use ca and c0ef obtained directly using table lookup, andperform an PLR operation on xi. Compared with the ELR operation, the PLR operation is more e�cientand may lead to smaller gaps between lower and upper bounds.In order to exploit the optimality of the ELR operation and the e�ciency of the PLR operation, ourimplementation of the ELR operation is a hybrid of both operations. When working on a wire Ei, we�rst check capacitance values with respect to all valid widths and spacings for Ei,15 then use an PLRoperation if De�nition 7 is satis�ed. Otherwise, we use an ELR operation.By using the ELR or PLR operation, we obtain lower and upper bounds only for the optimal total-widthx�i . If the resulting bound is xi, we assign x"i = x#i = xi=2 for the symmetric GISS problem. Therefore,starting with the minimumand maximum symmetric wire sizing solutions for all wire segments, and usingiterative ELR or PLR operations, we can compute ELR-tight lower and upper bounds for the globally15A dynamic-programming scheme is used based on two-dimensional cache tables, which, similar to our capacitance tables,are indexed by widths and spacings. For given width and spacing, the cache tables return the minimum or maximum valuesfor ca and c0ef , or imply that the PLR operation can be used.DRAFT



CONG AND HE: THEORY AND ALGORITHM ... 23optimal solution to the symmetric GISS problem.C. Bound computation for the asymmetric GISS problemWe �rst extend the dominance relation to consider the asymmetric wire sizing formulation. We say thatthe wire sizing solution X dominates another solution X0 (denote as X � X0), if (x"i ; x#i ) � (x0"i ; x0#i ) (i.e.,x"i � x0"i and x#i � x0#i ) holds for any wire segment Ei. A lower and upper bound of the exact solution tothe asymmetric GISS problem will be determined according to the new de�nition of dominance relation.We solve the asymmetric GISS problem by augmenting the bound-computation algorithm presented inSection IV-B. Each ELR or PLR operation gives only the total-width xi, which is a lower or upper boundof the optimal total-width x�i for Ei. To obtain an asymmetric wire sizing solution, we need to separatexi into x"i and x#i , which are respective widths for the \two pieces" of wires around the initial central-lineof Ei. This separation is equivalent to embed a wire with total-width xi around the initial central-lineof Ei. It also a�ects the ELR and PLR operations in the subsequent steps. We propose to perform aconservative embedding right after any ELR or PLR operation.We assume that x�i = (x"�i ; x#�i ) is the width for Ei in the exact asymmetric solution. Let x"Li andx"Ui be the lower and upper bounds for x"�i , and x#Li and x#Ui the lower and upper bounds for x#�i . Ifwe obtain a total-width xLi in the lower-bound computation, the conservative embedding (CE) operationcomputes x#Li = xLi � x"Ui , which is a conservative lower-bound for x#�i . Similarly, x"Li = xLi � x#Ui isa conservative lower bound for x"�i . Note that the sum of x"Li and x#Li may be less than xLi in the CEoperation. Symmetrically, for an upper-bound xUi , we compute x"Ui = xUi � x#Li , and x#Ui = xUi � x"Li .This augmented algorithm leads to the lower and upper bounds of the exact solution to the asymmetricGISS problem.We also de�ne a greedy embedding (GE) operation. Recall that neighboring wires of Ei have theirlower- (upper-) bound widths during lower- (upper-) bound computation for Ei. If the lower or upperbound of wire width for Ei is xi, we �nd x"i and x#i such that x"i + x#i = xi and the objective functionEqn. (12) is minimized with respect to the given neighboring wires. Di�erent from the CE operation, theGE operation does not always lead to a lower or upper bound of the exact solution for the asymmetricalGISS problem. We will show, however, that the GE operation has a higher convergence rate than the CEoperation in experiments, and achieves satisfactory experimental results in Section IV-E. Again, we saythe computation on a wire segment is convergent if lower and upper bounds are identical.D. Overall algorithm for the asymmetric GISS problemOur overall asymmetric GISS algorithm (denoted as GISS/(E)LR algorithm, see Table V) consists ofthe following three steps. First, we compute the ELR-tight lower and upper bounds using iterative ELRoperations and CE operations. Our ELR implementation invokes PLR operations when PLR operationsassure the optimality. Then, if the resulting lower and upper bounds do not meet, we will use iterativeDRAFT



24 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999LR operations and GE operations to further improve the lower and upper bounds. We carry out theLR operation and GE operations simultaneously as the following: for a wire segment, we enumeratewidth choices for two wire-pieces between lower and upper bounds, and the two widths that minimize ourmultiple-net objective function Eqn. (12) are the LR and GE result. Note that the �rst step guaranteesthe optimality in the sense that there exists a global exact solution within the resulting ELR-tight lowerand upper bounds. However, this kind of optimality may not hold in the second step. Finally, for eachnet that still has non-convergent wire segments, we will assume that other nets have lower-bound wirewidths, and invoke the single-net interconnect sizing and spacing (SISS) algorithm presented in [16] to�nd the �nal sizing and spacing solution within its lower and upper bounds. The SSIS algorithm combinesthe asymmetric wire sizing formulation and the wire sizing algorithm based on the bottom-up dynamic-programming technique [10].16 We apply the SSIS algorithm in the greedy order such that the moretiming-critical net is processed earlier.GISS/(E)LR Algorithm1. Compute ELR-tight lower and upper boundsusing iterative ELR operations and CE operations;2. Compute LR-tight \lower" and \upper" boundsusing iterative LR operations and GE operations;3. For all non-convergent nets in the greedy order,invoke single-net dynamic-programming based algorithmwithin resulting lower and upper bounds.TABLE VAsymmetric GISS algorithm based on ELR and LR operationsE. Experimental resultsWe have tested our GISS algorithm on a 16-bit parallel bus structure. In this bus, each bit is a 1cmline with a 119 
 driver resistance and a 12.0fF sink capacitance. We assume that initially these lines areequally spaced. We will �nd an asymmetric wire sizing for every 500�m-long wire segment. In addition,the minimum wire width is 0:22�m, and the minimum spacing 0:33�m. The allowable wire widths arefrom 0.22 to 1.1 �m, with the incremental step of 0.11 �m. The capacitance tables are generated usingnumerical capacitance extraction for the 0.18�m technology in Table 22 of NTRS [12].16The SISS problem �nds the optimal wire sizing and spacing solution for a single net, under the assumption that allits neighboring wires are �xed. The GISS/(E)LR algorithm, i.e., �rst computing ELR-tight bounds based on the ELRoperation, and then computing the �nal solution within bounds based on dynamic programming, can also be used to solvethe SISS problem. It will be much more e�cient than the purely dynamic-programming based approach in [16].DRAFT



CONG AND HE: THEORY AND ALGORITHM ... 25pitch- Convergence Average gap (�m) Average # of operationsspacing ELR/CE LR/GE ELR/CE LR/GE PLR ELR2x 71% 100% 0.033 0.0 17.0 2.583x 77% 100% 0.040 0.0 29.1 2.344x 65% 100% 0.069 0.0 34.4 1.475x 57% 100% 0.090 0.0 36.6 4.436x 69% 100% 0.066 0.0 37.4 4.35TABLE VIConvergence of ELR/CE and LR/GE in GISS/(E)LR algorithmWe optimized the bus for di�erent initial pitch-spacings, from 2x to 6x of the minimum pitch-spacing(0.55�m). Our GISS/(E)LR algorithm has two bound-computation phases, the �rst one using ELR/CEoperations and the second one using LR/GE operations (see Table V). As shown in Table VI, computationsfor from 57% to 77% wire segments are convergent, i.e., identical lower and upper bounds are achievedfor these segments after the ELR/CE phase. The average gap after the ELR/CE phase is between 0.033�m and 0.090 �m. Furthermore, the LR/GE phase obtains identical lower and upper bounds for all wiresegments in our examples. Therefore, very likely, our bound computation directly leads to the global andasymmetric wire sizing and spacing solution. In addition, we report the average numbers of ELR and PLRoperations for a wire segment (our ELR implementation automatically invokes the PLR operation whenthe PLR operation does not lose the optimality). An important observation is that in most cases the PLRoperation is used. It implies that the GISS problem is mainly a monotonically-constrained CH-program.pitch- Average Delay (ns) Run Time (s)spacing SISS GISS/FAF GISS/VAF GISS/(E)LR GISS/VAF GISS/(E)LR2x 1.31 0.82(-37%) 0.82(-37%) 0.79(-39%) 183 3.683x 0.72 0.63(-13%) 0.56(-22%) 0.52(-27%) 189 4.694x 0.46 0.46(+0.0%) 0.45(-2.2%) 0.42(-8.7%) 511 4.625x 0.38 0.39(+2.6%) 0.37(-2.6%) 0.36(-5.3%) 1083 6.826x 0.35 0.36(+2.9%) 0.34(-2.9%) 0.32(-8.6%) 1379 9.26TABLE VIIComparison of different sizing algorithmsWe also presented an alternative GISS algorithm in [16]. Based on an e�ective-fringe property, it usesa bottom-up dynamic programming technique to compute lower and upper bounds for the global solutionDRAFT



26 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN, ACCEPTED AND TO APPEAR IN APRIL 1999to the asymmetric GISS problem when ca and cf are constants. We call it GISS/FAF. The algorithmmay be extended to use variable ca and cf under the WS-bounded capacitance model, and we call itGISS/VAF. In both cases, the exact solution may be outside the range de�ned by the resulting lower andupper bounds. Both GISS/FAF and GISS/VAF algorithms further use the SISS algorithm to obtain �nalsolutions within the lower and upper bounds, whereas the GISS/(E)LR algorithm uses the lower bound asthe �nal solution due to its high convergence. In addition, we also apply the SISS algorithm in a greedyorder, which is equivalent to invoking only step 3 in the GISS/(E)LR algorithm (Table V). The SISSalgorithm obtains a local-optimal solution for the GISS problem.We compare the average HSPICE delay for solutions given by these algorithms in Table VII (averagedelay is our objective function). As seen from the table, the GISS/(E)LR algorithm always achievesresults better than the SISS solutions, with up to 39% delay reduction. Therefore, it is important to�nd the globally optimal solution to the GISS problem. The improvement of the GISS/(E)LR algorithmover the SISS algorithm is reduced when the pitch spacing increases, due to the fact that the couplingcapacitance is less signi�cant for larger pitch spacings. Nevertheless, compared with the SISS algorithm,the GISS/(E)LR algorithm still reduces the average delay by 8.6% in the case of maximumpitch spacing.Because neither ca nor cf is a constant in DSM designs, both GISS/(E)LR and GISS/VAF algorithmsobtain better results than the GISS/FAF algorithm does. The GISS/(E)LR algorithm obtains an extradelay reduction of up to 17% when compared with the GISS/FAF algorithm. Furthermore, compared tothe GISS/VAF algorithm, the extra delay reduction of the GISS/(E)LR algorithm is up to 7.1%. Moresigni�cantly, the GISS/(E)LR algorithm runs 100x faster. It also uses much less memory. Because theGISS/(E)LR algorithm is much faster and always achieves the best results in experiments, we suggestthat the GISS/(E)LR algorithm shall be used instead of other algorithms.V. Conclusions and DiscussionsIn this paper we formulated three classes of optimizationproblems: the simple, monotonically-constrained,and bounded CH-programs. We revealed the dominance property (Theorem 1) under the local re�nement(LR) operation for the simple CH-program, as well as the general dominance property (Theorem 2) underthe pseudo-LR (PLR) operation for the monotonically-constrained CH-program and under the extended-LR (ELR) operation for the bounded CH-program. These properties enable a very e�cient polynomial-time algorithm, using the LR, PLR, or ELR operation for computing lower and upper bounds of the exactsolution to any CH-program. In addition, we introduced the bundled-LR (BLR) operation [5], which maybe used to speed up the LR, PLR and ELR operations. We also called the bound-computation algorithmas the LR-based algorithm, where LR, in general, refers to the LR, PLR, ELR or BLR operation.We showed that the algorithm is very e�ective and e�cient for many layout optimization problemsin deep submicron (DSM) designs. It uni�es solutions to several problems, including the single-sourceand multi-source wire sizing problems [4], [5], continuous wire sizing problem [19], and simultaneousDRAFT



CONG AND HE: THEORY AND ALGORITHM ... 27driver/bu�er and wire sizing problem [3], [11], [28]. Because these problems assume the simple models forthe device delay and interconnect capacitance, they are all simple CH-program where the LR operationcan be used for bound computations. Furthermore, we applied the bound-computation algorithm to thesimultaneous transistor and interconnect sizing (STIS) problem, and to the global interconnect sizing andspacing (GISS) problem with consideration of the coupling capacitance for multiple nets. We used tablespre-computed from SPICE simulations and numerical capacitance extractions to model device delay andinterconnect capacitance, so that our device and interconnect models are much more accurate than manyused in previous works. We �rst showed that the STIS and GISS problems are, in general, bounded CH-programs, and that the GISS problem is a monotonically-constrained CH-program when the capacitancemodel is monotonically-constrained. We then developed the STIS algorithm based on bound-computationusing the ELR operation, and the GISS algorithm based on bound-computation using the ELR and PLRoperations. According to Theorem 2, our bound-computation guarantees that there exist exact solutionsto the two problems between resulting lower and upper bounds. Experiments also showed that ouralgorithms obtained solutions close to the global optimum in the most cases. Moreover, the algorithmsare extremely e�cient. It took less than 10 seconds to optimize the largest example in this paper.Solutions to the STIS and GISS problems, as well as other device and wire sizing problems [4], [5],[3], [28], have been integrated in the TRIO package [29]. Routines using the LR, PLR, ELR and BLRoperations are shared. Note that our bound-computation algorithm is applicable to any bounded modelfor the device delay and interconnect capacitance. The bounded model simply requires that values for thedevice delay and interconnect capacitance be bounded. Furthermore, the bounded model can use eithertable-lookup or high-order complex characteristic functions. In addition, results presented in this papercan be used for both pre-layout interconnect planning, and post-layout interconnect optimization.In this paper, we assumed that the lumped capacitance is the load capacitance. In the future, we willextend our algorithm to use the e�ective capacitance (Ceff ) [14] as the load capacitance for our devicemodel. Because the ELR operation requires only the lower and upper bounds for the load capacitance,we plan to develop methods computing the lower and upper bounds for Ceff , which may be more e�cientthan computing Ceff directly. The Elmore delay model is used in this paper. Several recent works [30],[31], [9] have applied the higher-order delay model. We also plan to extend the LR-based algorithm toconsider the higher-order delay model.Note that the coupling capacitance a�ects not only the interconnect delay, but also the signal integrity.Furthermore, the inductive e�ect becomes increasingly signi�cant for global interconnects in DSM designs.We plan to develop suitable delay and noise models considering both capacitive and inductive e�ects, thenapply the LR-based algorithm and/or other techniques. The extended algorithm, with consideration ofthe inductive e�ect and higher-order delay model, will also be applicable to the device and interconnectsizing problem in PCB and MCM layout designs. Moreover, we believe that our CH-program formulationsand the LR-based algorithm can be applied to other optimization problems in the CAD �eld. DRAFT
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