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Abstract

Circuit tuning is animportant task in the designof customdigital integrated circuits
sud as high-performance microprocessors.The goal is to improve certain aspects
of the circuit, such as speed,area, or power, by optimally choosingthe sizesof the
transistors. This task can be formulated as a large-scalenonlinear, noncorvex opti-
mization problem, where function valuesand derivativesare obtained by simulation
of individual gates.This application o ers an excellet example of a nonlinear opti-
mization problem, for which it is very desirableto increasethe size of the problems
that can be solved in a reasonableamount of time. In this paper we describe the
mathematical formulation of this problem and the implementation of a circuit tun-
ing tool. We demonstrate how the integration of a novel state-of-the-art interior
point algorithm for nonlinear programming led to considerableimprovemert in e -
ciency and robustness.Particularly, aswill be demonstratedwith numerical results,
the new approad has great potential for parallel and distributed computing.

Key words: large-scalenonlinear noncorvex programming, circuit tuning,
transistor sizing, interior point method, Iter method, line seard

1 Intro duction

Nonlinear programming (NLP), i.e., the numerical solution of optimization
problemsinvolving su cien tly smaoth, but possiblynoncorvex, objective and
constrairt functions, hasbeenstudied extensiwely sincethe 1960sOn the other
hand, methods for linear programming have beenuseal throughout engineer-
ing and operationsreseart sincethe secondWorld War. It hasbeenrelatively
recen that the capabilities and computer implemertations of algorithms for
NLP allowed oneto addresspractical nonlinear engineeringapplications with
moderately accurate models. Thus oneis now able to solve problems of the
order of tens of thousandsof variables and nonlinear constrairts, or larger,
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while retaining an acceptablelevel of robustness.Newertheless there is an in-

exorabledemandfor solving larger and more complexproblems.In somecases
it is essetial to solwe the problemsin real time and/or repeatedly Thusthere

is always concernfor the computational bottleneds of a particular problem.

Thesecould frequertly be in the function evaluation (in extreme casesthose
might involve laboratory experimerts, sud asraising of a cerealcrop, or the

numerical simulation of very complex systems),or in the numerical analysis
computations (such as solving very large linear systems),or in a conbination

of these.

The computational bottlened whensolving a nonlinear optimization problem
may be due to the sheersize of the problem. For example, when the prob-
lem formulation comesfrom the discretization of partial di erential equations
(PDEs), the number of variables and constrairts is usually proportional to
the number of grid points, which in turn is often chosenas large as possible
in order to obtain an accuraterepresetation of the cortinuous PDE system
[1]. In such an application, the objective and constrairt functions are usu-
ally available in analytical form, so that their valuesand (rst and second)
derivatives can be computed quickly.

On the other extreme, even without waiting for a crop to mature, the main
computational e ort might lie in the computation of function values, e.g.,
whenthey are obtained by computer simulation of complexsystems,and their
valuesmay be numerically noisy In this case,the optimization problem could
be relatively small (say, up to 100 variables) and derivative values of those
functionsmay not be available, for example,becauseoflegacycode. If possible,
the derivativesshould always be computedand usedin optimization, however
in those caseswherethey are not available and the problem is not too large,
derivative-free optimization methods [2] are often extremely useful. In some
casesother methods, sud as simulated annealingor genetic algorithms may
be the only suitable technique (for exampleif the problem is not cortinuous,
highly nonlinear and is both noisy and usesdiscrete variables). Howewer, we
feelthat oneshouldusetheseonly asa last resort whenall elsefails sincethey
are both unreliable and very slonly converging.

Circuit tuning of custom circuits, the electrical engineeringapplication that

we considerin this paper, lies betweenthose two extremesbut fortunately,

closerto the rst than the second.The optimization problem formulation

involvesa relatively large number of variables(up to seweral 100 000) and the

involved functions are not given explicitly but are computed by simulation.

In addition, circuit tuning is a good example of an important engineering
application (critical in the designof custom computer chips), for which it is
very desirableto increasethe dimensionality of problemsthat can be solved
in a reasonableamourt of time.
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Fig. 1. Simple Example of Digital Circuit (2 Inverters)

In this paper we demonstrate how we achieved progressin this direction by
using a state-of-the-art interior point method, replacingan earlier augmerted
Lagrangian, active-set code. The new method is more robust, requires less
computation time and fewer function evaluations. Furthermore, we will presen
numerical results that show that the new approad has great potertial to be
usedin a parallel/distributed computing environmert, which we anticipate
will lead to considerableadditional reductionsin computational time while
increasingthe scope of problemsthat can be addressed.

This paper is organizedas follows: In Section2, we introducethe application
of circuit tuning, and presen its mathematical formulation in Section3. The
subsequensectiondescrikesthe softwareimplemertation, calledEinsTuner Its
latest optimization engine,IPOPT, will be preserted in Section5. Numerical
resultswill be discussedn Section6. Finally, future work and conclusionsare
presered.

2 Circuit Tuning

A combinational digital circuit essehally implemerts a logical function, i.e.,
given Booleanvalues(by convertion, \0" is represeted by a low voltage and
\1" by a high voltage) at its primary inputs (PIs), it \computes" the cor-
responding output valuesat its primary outputs (POs). To simplify the ex-
position in this paper we will restrict oursehesto CMOS (Complemenary
Metal Oxide Semiconductor)circuits, in which the transistors act as simple
switches. The transistors are fabricated in two avors: PFETs (P-type Field-
E ect Transistors),which are\on" with a\0" onthe gate,and NFETs (N-type
Field E ect Transistors) which are turned on when a \1" is applied on the
gate. Thesetransistors are interconnectedwith wiresin an integrated circuit
to realizethe required Booleanfunction.

A very simple examplecircuit is shovn in Figure 1, wherewe seetwo inverters



in arow. In the depictedsituation we assumehat we havea\l" at the primary
input (i.e., it hasa high voltage commonly referredto as Vyg). Sincein that
casehigh voltage is applied to the gate G of the (upper) PFET in the rst
stage,this transistor will act asan open switch, i.e., no currernt can ow from
its sourceS, to its drain D, whereasits complememary (lower) NFET will
act as a closedconducting switch. Hence,the gatesof the transistors in the
secondinverter will be connectedto ground (GND), i.e., they obtain a \0"
signal, and consequetly act oppositely to the transistorsin the rst inverter,
sothat the primary output will again obtain a\1" signal.

In circuit tuning we are interestedin the dynamic behavior of transistor net-
works. A changein the input signalsleadsto a changein the output signals,
but sincevarious transistor and wire parasitic capacitanceshave to chargeor
dischargeto readt their new state, there is somedelay (for current technolo-
gies on the order of 10 ! seconds)before the output signals achieve their
correct new values. This delay dependson the sizesof the transistors. The
larger a transistor is, the more current will haveto ow through the upstream
transistors in order to charge or discharge the gate of this transistor, but on
the other hand this transistor itself can conduct more current and (dis)charge
the next transistor stage and wires downstream more quickly. On the other
hand, a larger transistor requires more area on the chip and generally con-
sumesmore power. Circuit tuning dealswith the questionof how to optimally
choose the transistor sizesin order to optimize someaspect of the circuit
(such as input-output delay or power consumption), while at the sametime
consideringcertain constrairts (such asa limit on the area).

Today's computer chips cortain very large digital circuits (with up to se\eral
hundred million transistors), and the tuning of the ertire chip at onceis im-
possibledue to this vast size. For this and other designreasons,the chip is
divided into functional units. The functional units are in turn divided into
smaller\macros," which are designedand tuned separatelyand concurrerly.

Thesemacrosare currertly typically of the order of up to tens of thousands
of transistors. Even this reducedsizeis often too large to be optimized within

a reasonableamourt of time (say, 12 hours) usingtoday's approades,sothat

many transistor sizesare marked as untunable and only those believed to
be critical are changedin the tuning process.This of courseusually leadsto
suboptimal solutions, and there is a high incertive to be able to increasethe
number of transistorsthat canbe optimized at once.In this paper we descrike
how this goal can be achieved by improving the optimization algorithm and
exploiting parallel computing.
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Fig. 2. Simple circuit
3 Mathematical Form ulation

Givena complexdigital circuit, we candecompseit into \basic logical gates,"
so-calledChannel ConnectedComponerts (CCCs), such asNAND and NOR
gates,which typically consistof only a few transistors. Considerthe network
exampleof Figure 2, consistingof three simple CCCs(Ga, Gg, and G¢). With
ead wire! i in the network we assaiate an arrival time AT;, which is de ned
asthe earliestpoint in time (relative to somereferencetime sud asthe clock
cycle initiation) at which it is guararteed that the signal (i.e., voltage) in
this wire hasits correct nal value after an arbitrary realistic changeat the
primary inputs.

In eahr CCC we have delays, d;, between inputs i and outputs j, which
denotethe time required to passa signal changeat i to j (we neglectdelay
due to wires for simplicity). In the above examplewe can therefore express
the propagation of arrival times? by

AT5 = maxf AT]_ + d15; AT2 + d259; AT6 = maxf AT3 + d36; AT4 + d4eg;
AT7 = maxf AT5 + d57; AT6 + d67g; ATg = maxf AT5 + d58; AT6 + degg;

or more generally
AT, = maxt AT, + d :i 2 input(j)g; 1)

whereinput(j ) denotesthe set of wires that are inputs to the CCC at which
j is an output.

A delay d; is a nonlinear function of the transistor sizesin the CCC, w;, as
well as the size of the transistors in the next CCC(S), Wnex(j), Which have
to be driven by output j. In addition, d; dependson the waveform of the
incoming signal at i, particularly on how quickly it changesfrom one state
to the other. In practice, we approximate the waveform as a piecewiselinear

1 For simplicity, we usethe word wire here for ea set of directly connectedwires.
2 Analogously to PERT procedures.



function, and de ne the slew asthe time requiredto switch from the level at
10%to that at 90% (seeFigure 3), or vice versafor a falling signal. The larger
the slew of the incoming signal at i, the longer will be the delay d; . In the
problemformulation we thereforealsoassaiate with ead wire i a slews;, and
with ead input/output pair i 2 input(j) an output slewfunction, S;, which
like dj dependsonw;, Wnext(j ), and s;. As a pessimisticbut safeestimate we
propagateworst slewsin a manneranalogousto (1) as

sj = maxtS; :i 2 input(j)o: (2)

Assumenow that we want to minimize the overall delay of the circuit, i.e.,
the worst arrival time at all primary outputs, subject to an area constrairt
and simple bounds on the transistor sizesand slews.This can be formulated
asthe following optimization problem:

min maxf AT, :i 2 POg;

AT ;s;w

s.t. ATj = maxf AT; + di (W) ; Wnext(j); Si) -1 2 input(j)g;
S = maxf S; (W; ; Wnext(j); Si) - i 2 input(j)g;
kiWi A;

whereA isthe xed areatarget, and the arearequiremen of the circuit design
is approximated as a linear combination of the individual transistor sizes’.
Arriv al times at primary inputs are given.

The dicult y with this problem formulation is that the objective function
and someof the constrairts are non-di erentiable, becauseof the max oper-
ator, whereasmost e cient optimization algorithms, in particularly the al-
gorithms used in our implemenration, require su ciently smaooth objective
and constrairt functions. Therefore,we introduce an auxiliary variable z and
reformulate the problem as

A-[n;‘]SiWnV;Z z (3a)
st.z AT, i2PO; (3b)
AT ATi + dj (W) ; Whexe(j); Si) i 2 input(j); (3¢)
)SJ Sij (W ; Whexy(j): Si) i 2 input(j); (3d)
kiw, A; (3e)

|
wtowowY; s s g (3f)

Sincewe assumethat the functions d; and S; are monotonically increasing
in the slewvariables,s;, a local solution of one formulation correspndsto a

3 AT, s and w denote appropriately dimensionedvectors with ertries AT;, etc.



local solution of the other one in the sensethat the objective functions are
idertical, aswell asall transistor sizesw.

Additionally, we may have to ensurethat the input capacitanceat a primary
input i 2 PI, which is a function of the transistor sizesin the CCCs having i
asinput, doesnot becometoo large. This is necessaryin order to guarartee
that the circuit under considerationcan actually be driven, for example,by a
precedingmacro. We thereforeadd the constrains

(:i(VV) (:{nax; (zl)

foreadi 2 PI, whereC;(w) is an analytic expressiorfor the total capacitance
with upper bound C™®*. Finally, to balancerise and fall times and guard
againstelectrical noiseewerts, we needto ensurethat the ratio of the sizesof
complememary PFET and NFET transistors in eat CCC, k, stays within a
certain rangegivenby [ L; /1,

1
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The overall mathematical formulation for the delay minimization problem is
then the nonlinear optimization problem(3)-(5), wherethe nonlinearfunctions
dj andS; areobtained by simulation of the individual CCCs, asdescritedin
the next section.In practice, other problem formulations, sud as minimizing
the arearequiremen subject to a bound on the overall delay, or a weighted
combination of thesegoals,are also considered.

For simplicity, the descriptionabove neglectedthe fact that the delay and slew
functions are di erent for rising and falling signals.Our problem formulation
therefore takes accourt of arrival times and slewsfor both falling and rising
signals.Furthermore, it is possiblefor a designerto group the sizesof certain
transistors for layout reasons.The production software accommalates delays
in wires, non-complemetary topologies,sequetial circuits and many other
sud complicationsthat are beyond the scope of this paper.

4 EinsTuner

Over the past few years,the circuit tuning tool EinsTunerhasbeendeweloped
at IBM as a joint e ort betweenthe Researb and Electronic Design Au-
tomation departmerts. It allows designersof custom circuits to conveniertly
de ne a tuning problem using a graphical user interface (in the CADENCE
sthematic environment, with which they were already accustomed),execute
the numerical optimization procedure,and examinethe results. It has had
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Fig. 3. Simulation of a gate

an important impact on the nal designof IBM's recer microprocessors.
As demonstratedearlier [3], an averagegain of 15% was obtained compared
with carefully hand-tuned circuits. More importantly, it allows designersto
concertrate on higher-leel tasks such as nding the besttopology, exploring
\what-if " scenarios,and examining trade-o s, and to leave the tuning e ort
to the optimizer, thus boosting designers'productivity.

The computation of the valuesand gradierts of the delay and slewfunctions
in EinsTuner is basedon time-domain simulation of the CCCs, which can
be modeled as a system of di erential and algebraic equations (DAEs) for
voltage and currert (seeFigure 3). This DAE systemis integrated for given
transistor sizes,with the appropriate input, i, excited (basedon the slews;).
The corresnding delays dj and S; are obtained from the waveformsat the
outputs. For eaty CCC, sud a simulation is performedfor all possibleinput-
to-output transitions. The set of sud transactionsis determined by logical
state analysissoftware.

The simulation is performed by the fast evert-driven simulator SPECS[4].
SPECSusestables as models for the various devicei-v characteristics (1 V),

which de ne the current o ws through the device depending on the voltages
on the inputs. Specializedintegration techniques,even-driv en simulation, and
simpli ed devicemodelsenableSPECSo be 70x fasterthan AS/X (an IBM-

internal SPICEIlike simulator) at arelative stagetiming error of 5%or less.The
key feature of SPECSexploited in EinsTuneris a mature gradiert computation
capability that has been extensiely used previously in a dynamic tuner [5].
SPECScomputesincremenal time-domain sensitivity information by both

the adjoint and direct methods. The adjoint method is usedin EinsTuner
The sensitivity of a single time-domain measuremen (sudh as delay, slew,
power or noise) can be computed with respect to any number of parameters
(such as transistor widths, input slewsor fanout capacitances)in a single
adjoint analysis.Each adjoint analysisis a small incremenal computational
overheadon the nominal simulation. Various measuresveretakento attempt

to minimize the numerical noisinessof the data provided by the simulator.



In its previousreleasesEinsTunerusedthe nonlinear optimization code LAN-
CELOT [6] in order to solwe the problem (3)-(5). LANCELOTIis basedupon
an augmerned Lagrangiantrust-region method, using conjugategradierts and
an active-setapproad for the computation of the trial steps.Sincethe values
and gradierts of the constrairt functions dj and S; are obtained by simula-
tion and are therefore computationally expensiwe, seweral e orts were made
to make LANCELOTmore aggressie, sud asa two-stepupdating schemefor
sladk and minmax variables[7]. In addition, a preprocessingstep (\pruning")
has been deweloped that producesa smaller but equivalert problem formu-
lation by removing appropriate nodesin the timing graph [8]. Finally, as we
already noted, the functions d; and §; are only computedwithin someaccu-
racy due to the iterative procedureof the simulator, and certain precautions
had to be taken to handle this numerical noise.

While LANCELOT has beenrelatively successfuin solving tuning problems
up to a certain size (about 80,000variablesincluding slak variables), larger
problemscould not be solved, either becausethe optimization method failed
or the computation time becametoo long for practical purposes.Moreover,
LANCELOT s a robust but rather old code. We therefore investigated the
bene ts of using a di erent optimization algorithm, which is presened in the
next section.

5 [IPOPT

In this sectionwe give an overview of the nonlinear optimizer IPOPT# [9] that
hasrecenly beenintegrated into EinsTunerasthe default tool for solving the
optimization problem (3)-(5). To simplify notation, we descrike the method
for the problem formulation

min £ (x); (6a)

s.t. ¢(x) = 0; (6b)

X 0 (6¢)

where the objective function f : R" | R and the equality constrairts c :
R" 1 R™ with m < n are assumedto be twice cortinuously di erentiable.

Generalinequality constrains canbe handledby meansof sladk variables,i.e.,
\g(x) 0"iswritten as\g(x) s=0;s 0."

IPOPT implemerts a line-seart Iter interior point (or barrier) algorithm
exploiting any sparsity of the derivatives. In cortrast to active-setmethods
(such as LANCELOT), interior point methods do not su er directly from the

4 An opensourceversionof IPOPT is available at http://www.coin-or.org/Ipo pt



combinatorial complexity of actively deciding what subset of the inequality
constrairts (6c¢) is binding at the solution. Sinceincreasedcomputation time
in LANCELOTfor large problemsseemedo be dueto this identi cation task,
IPOPT was a promising candidate for improving the e ciency.

In the following we will descrike the algorithm in somedetail. As a barrier
method, IPOPT solwesa sequenceof barrier problems

X .
min ' (x) := f(x) In(xM):; (7a)
x2 " i=1
s.t. ¢(x) = O; (7b)
for a decreasingsequenceof barrier parameters |, with lim;; ; = 0[10].

Equivalertly, we may understandthis asapplying a homotopy method to the
rst order optimality conditions of (7) (the primal-dual equations)

rf(x)+r c(x) z=0; (8a)
c(x) = 0; (8b)
XZe e=0; (8c)

with the homotopy parameter [11,12].Here, 2 R™ are the Lagrangian
multipliers for the equality constraints (6b), and z 2 R" correspndsto the
Lagrangian multipliers for the bound constraints (6¢) in the limit as ! 0.
We further usethe notation X := diag(x), Z := diag(z), and e for the vector
of all onesof the appropriate dimension.Note that the optimality conditions
for the original problem (6) are the equations(8) for = 0 together with
\x;z 0.

Similarly to the algorithm proposedin [13], IPOPT computesan appraximate
solution to the nonlinear system (8) for a xed value of , then decreases
the barrier parameter, and iterates on the next barrier problem from the ap-
proximate solution of the previousone.In the following, we will descrilke how
the approximate solution for (7) is computed for a xed value of the barrier
parameter.

IPOPT appliesa damped Newton's method to the primal-dual equations(8).
Givenan iterate (Xx; «; zk) With Xy;zc > 0, the seart direction (dg; d,; di) is
obtained from the linearization of (8), namely

2 30 1 0 1
W, rco(xg) | di rf(xg)+roXe) « 2z

gr c(x)T O 0 %%dkg = % o(Xk) E: (9)
Zx 0 Xk dﬁ Xk Zk e

whereW, denotesthe Hessianor someappraximation of it, for the Lagrangian

10



function
L(x; ; 2)=f(X)+c(x)T z (10)
Instead of solvingthe linear system(9) directly, IPOPT obtains the equivalert
solution by rst solving the smallerlinear system
2 30 1 0 1

ng+ k fC(Xk)g%dﬁg: %f' (Xk)g_ 11)

ro(xg)’ 0 v c(Xk)
where | := X, 'V, and then computing d, from
d. = &« K (12)
and di from
=X, e z (d& (13)

Having computed seart directions from (11), (12), and (13), we now have to
decidehow far we want to go in thesedirections in order to obtain the next
iterate

Xie1 = X+ ki k1 = okt kO Zeer = ozt (dy;
with step sizes «; § 2 (0;1]. Note that we allow a di erent step sizein the
z variablesfrom that taken for the other variables.

Sincewe know that x and z are positive at an optimal solution of the barrier
problem (7), we maintain this property for all iterates. Consequetly, we apply
the fraction-to-the-toundary rule

k:=maxf 2 (0;1]:xk+ di (1 )x0; (14a)
c=maxf 2 (0;1]:z+ di (1 )zo; (14b)
for a parameter 2 (0;1), usually closeto 1, and choose { := £. The

step size ¢ 2 (0; ] for the remaining variables is then determined by a
badtracking line sear® procedure exploring a decreasingsequenceof trial
step sizes, 1 = 2 ' \; with | = 0;1;2;:::, using a variant of Fletcher and
Ley er's Iter method [14].

The mainideabehind Iter methodsis to considerthe objectivesof minimizing
the constrairt violation (x) := kc(x)k and minimizing the barrier function
' (x), where a certain emphasisis given to the rst measureto guarartee
convergenceto a feasiblepoint. Figure 4 depicts a projection of R" into the
( (x);" (x)) half-plane. Each point in the original optimization space,sut
as the optimal solution x or the current iterate xi, correspndsto a point
in that graph, e.g.,( (xx);" (Xx)). In order to decidewhether a trial point,
Xkt k1dg, shouldbe acceptedasthe next iterate xy.; , we rst chedk whether

11
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Fig. 4. The Iter line-seartt method

it su ciently improvesone of the two measures or' comparedwith their
valuesat xi. In the example of Figure 4, a trial point correspnding to \1"
would not be acceptable,sinceit worsensboth measuresAlso \2" would be
rejected,eventhough it improvesthe infeasibility somewhat,but the decrease
isinsucient (sucient decreases here de ned by the margin depicted by
the two dashedlines whoseintersectionis closestto ( (Xx);"' (Xk))). The trial
point correspnding to \3" would be acceptable.

A few necessaryafeguardshave to be addedto this simple procedure:

If the current iterate is (almost) feasiblebut not su ciently optimal, the
su cien t-decreasecondition with respectto x, asjust described, is replaced
by enforcingsu cient decreasen the barrier function ' only.

In orderto avoid cycling,the ( ;' )-pairs correspndingto previousiterates
that de ne a certain ervelope (x;, and x,, in our example) are stored in a
Iter , and a trial point is only acceptableif it leadsto a su cient decrease
relative to all those points. In the example,a trial point correspnding to
\4" would be rejectedsinceit doesnot su ciently improve and' w.r.t.
X, .

It may happenthat notrial stepsize . existswhich producesanacceptable
point. If this situation is detected, the algorithm switchesto a feasibility
restoation phasewhosepurposeis to minimize the infeasibility (ignoring
the objective function) until either a new acceptableiterate is obtained, or
the infeasibility canno longerbe reduced,e.qg.,if the problem (6) is (locally)
infeasible.

The lter line seart procedureimplemerted in IPOPT is formally stated and
analyzedin [15]. The advantage of the Iter method over previoustechniques,
sud asa singlemerit function approad, is that it is usually lessconsenrative

12



and allows oneto take larger steps.(In Figure 4, points acceptableto an exact
penalty function will have to lie below a straight line like the slanted dotted
line.) Furthermore, the restoration phasesafeguardshe method from certain
unnecessaryailures, sud asthosedescritedin [16,17].

Sincein EinsTuneronly rst derivativesof the constrairt functions (speci cally
dj and S;) are available from the gate simulation, we obtain the Hessian
matrix, Wy, by a quasi-Newtonmethod. This allows the appraximation of the
secondderivatives of the Lagrangian Hessianbasedon gradiert evaluations
that have to be performedin any case.More precisely we use the limited-
memory BFGS method [18], so that the HessianW, usedin (11) is of the
form

Wi = «l + UV, (15)

for somesuitable , > 0 and Uy; V« 2 R" P. We usep = 40in our implemen-
tation.

The computationally most expensiwe part of the optimization (not including
the function and derivative computations) is overwhelmingly the solution of
the linear system(11), which is of order up to n+ m = O(100, 000) equations.
To exploit the sparsity of the problem, we note that this systemtogether with
(15) can be written as

02 3 2 3 10 1 0 1

By K T K Tz, gUg vaoX%dfgz 5" (g

ro(xe)’ 0 0 c(Xk)

which may be solved using the Sherman-Morrison-Wodbury formula [19].

This only requiresthe factorization of the rst matrix followed by p+ 2 badck-

solvesalong with the factorization of a densesmall matrix of sizep p. This

rst matrix is very sparse,since ¢lx +  is a diagonal matrix, and the

constrairt gradierts r ¢(Xxx) typically have only a few nonzeroelemets. In

EinsTuner, the sparseparallel direct linear solver WSMP [20] is usedfor the

factorization of this matrix. WSMP s a robust, high-performance easy-to-use
serial and parallel padkage for the direct solution of generaland symmetric

sparselinear systems.It is currently being extendedto include iterativ e solu-
tion methods.

6 Numerical Results

We ewaluated the performanceof the new optimization enginein EinsTuner
on 59real-world test casedrom high-performancemicroprocessorchip design.
The sizesof the resulting nonlinearoptimization problems(3)-(5) vary between
n = 1;261land n = 161; 701 variables (including slaks), with about half of

13



the problems having more than n = 10,000 variables. The largest circuit
has 71; 022 transistors, of which 19; 576 are independerly tunable. The total
computation time for tuning this circuit amourts to 1225h and 21:5h for the
old and new optimization engine,respectively, on a Risc System/6000model
SP_thin-260.

The optimization problemscannot be solved to a very high degreeof accu-
racy, due to numerical noisein the functions d; and S; . Howe\er, after the
optimization procedure has terminated, the transistor sizesare snapped to
a discretegrid of manufacturable quartities, and therefore a highly accurate
solution is not required.

Sincethe test examplesstem from realistic circuit tuning problems, someof
them are posedinfeasibly Small infeasibilities can be handled with certain
heuristics (such asslightly relaxing the constrairts). In 4 of the 59 instances,
IPOPT wasnot ableto nd afeasiblepoint. LANCELOTfailedto nd afeasible
point for the sameproblems,aswell asin four additional cases.

Due to the (normally desirable)relatively early termination of the optimiza-
tion, aswell asthe postprocessingstep, it is sometimesdi cult to comparethe
solutionsobtained by the two methods. Howewer, inspection of the minimized
delays of the circuits and the infeasibility reported to the designerafter the
postprocessingstep shows that IPOPT overall provides better solutions. Con-
sideringthe 51 test caseshat were solved by both methods, IPOPT required
on averageonly 74:1% of the number of function evaluations (simulations of
all CCCs) and 46:9% of the total CPU time comparedwith LANCELOT®.
Moreover, IPOPT seemsto be considerablymore robust and lesssensitive to
the scalingof the problem formulation, basedupon obsenationsin production
usebeyond the test caseseported here.

Besideimproved e ciency, IPOPT o ers anotherimportant related advantage.
Figures 5 and 6 shaws the distribution of the CPU time for the individual
bendmark runs (orderedby increasingproblemsize),both for LANCELOTand
IPOPT. It canbe seenthat (especially for the larger problems)a considerable
fraction of the CPU time in a LANCELOTrun is consumedby the optimization
algorithm, whereasfor IPOPT the greatestpart of the computational time is
spent in the gate simulation. Sincethe simulation of the individual CCCscan
be performedindependertly from ead other oncethe transistor widths and
slewsare proposedby the optimizer, this can easily be exploited in a parallel
or a distributed computational framework. Sud an implemenation would
considerablyspeedupthe overall IPOPT runs. In addition, the remainingtime
in IPOPT is, for the most part, consumedby the solution of the linear system
(11), which canalsobe performedin parallel usingWSMP. In cortrast to this,

5> Here, we report total CPU time, i.e., IPOPT doesnot gain any advantage from
the fact that it usesa parallel linear solver.
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Fig. 5. CPU time distribution for LANCELOT

Fig. 6. CPU time distribution for IPOPT

since LANCELOTfollows an active-setapproad and therefore hasto solwe a
sequenceof linear systems,it is moredi cult, if not impossibleto parallelize
the previousoptimization enginee cien tly, evenif the linear systemsolesare
obtained by a parallel direct solver instead of by a conjugategradiert method.

7 Conclusions

Tuning of digital integrated circuits sud as microprocessords a very impor-
tant task in the designof computers. Even though optimization approathes
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basedon nonlinear optimization techniques have beenvery successfuin the
past, there remainsa high incertive to be able to tune larger circuits in less
time. In this paper, we showved that the integration of a line-seart Iter in-
terior point method IPOPT into the circuit tuning tool EinsTunerwas able to
improve robustnessand e ciency signi cantly over the previousmethod. An
additional bene t is the possibility of obtaining promising speedupvia parallel
computing. This will be exploredin our future researé.

Ac knowledgmen ts

The authors are grateful to the EinsTunerteam at IBM's Electronic Design
Automation Departmert in Fishkill, for their help in integrating IPOPT into
EinsTuner, particularly Mei-Ting Hsu, Cindy Washourn, and Jun Zhou, who
werevery helpful in obtaining the numericalresults. We areindebtedto Anshul
Gupta, for his discussionsand quick support during the integration of WSMP
into EinsTuner We thank Michael Hendersonfor adapting the LANCELOF
API to IPOPT needs.Thanks alsoto Olaf Sdhenk and Michael Hagemannfor
pointing out an ine ciency in WSMP.

References

[1] V. Akcelik, G. Biros, O. Ghattas, Parallel multiscale Gauss-Newton-Krylov
methods for inverse wave propagation, in: Proceedingsof SC2002,The SCxy
Conferenceseries,ACM/IEEE, Baltimore, Maryland, 2002.

[2] A. R. Conn, K. Scheinberg, Ph. L. Toint, Recent progressin unconstrained
nonlinear optimization without derivatives, Mathematical Programming 79 (3)
(1997) 397{414.

[3] A. R. Conn, |. M. Elfadel, W. W. Molzen, Jr., P. R. O'Brien, P. N. Strenski,
C. Visweswariah, C. B. Whan, Gradient-based optimization of custom circuits
using a static-timing formulation, in: Proc. Design Automation Conference,
1999, pp. 452{459.

[4] C. Visweswariah, R. A. Rohrer, Piecewiseapproximate circuit simulation, IEEE
Transactionson Computer-Aided Designof ICs and Systems10 (7) (1991) 861{
870.

[5] A. R. Conn, P. K. Coulman, R. A. Haring, G. L. Morrill, C. Visweswariah,
C. W. Wu, JiyT une:circuit optimization usingtime-domain sensitivities, IEEE
Transactions on Computer-Aided Design of ICs and Systems 17 (12) (1998)
1292{1309.

[6] A. R.Conn,N. I. M. Gould, Ph. L. Toint, LANCELOT: A Fortran Padage for
Large-ScaleNonlinear Optimization (ReleaseA), Springer Verlag, 1992.

16



[7] A. R. Conn, L. N. Vicente, C. Visweswvariah, Two-stepalgorithms for nonlinear
optimization with structured applications, SIAM Journal on Optimization 9 (4)
(1999) 924{947.

[8] C. Visweswariah, A. R. Conn, Formulation of static circuit optimization with
reducedsize,degeneracyand redundancy by timing graph manipulation, IEEE
International Conferenceon Computer-Aided Design (1999) 244{251.

[9] A. Wadter, An interior point algorithm for large-scalenonlinear optimization
with applications in process engineering, Ph.D. thesis, Carnegie Mellon
University, Pittsburgh, PA, USA (January 2002).

[10]A. V. Fiacco, G. P. McCormick, Nonlinear Programming: Sequeiial
Unconstrained Minimization Tedniques, John Wiley, New York, USA, 1968,
reprinted by SIAM Publications, 1990.

[11]R. H. Byrd, G. Liu, J. Nocedal, On the local behavior of an interior point
method for nonlinear programming, in: D. F. Griths, D. J. Higham (Eds.),
Numerical Analysis 1997,Addison{W esleyLongman, Reading, MA, USA, 1997,
pp. 37{56.

[12]N. I. M. Gould, D. Orban, A. Sartenaer, Ph. L. Toint, Componerntwise fast
corvergencein the solution of full-rank systemsof nonlinear equations, Ted.
Rep. TR/P A/00/56, CERFACS, Toulouse,France, revised May 2001 (1999).

[13]R. H. Byrd, M. E. Hribar, J. Nocedal,An interior point algorithm for large-scale
nonlinear programming, SIAM Journal on Optimization 9 (4) (1999) 877{900.

[14]R. Fletcher, S. Ley er, Nonlinear programming without a penalty function,
Mathematical Programming 91 (2) (2002) 239{269.

[15]A. Wadter, L. T. Biegler, Global and local corvergenceof line seart lter
methods for nonlinear programming, Ted. Rep. CAPD B-01-09, Department
of Chemical Engineering, Carnegie Mellon University, Pittsburgh, PA, USA
(August 2001).

[16]A. Wadter, L. T. Biegler, Failure of global corvergencefor a classof interior
point methods for nonlinear programming, Mathematical Programming 88 (2)
(2000) 565{574.

[L17]M. Marazzi, J. Nocedal, Feasibility cortrol in nonlinear optimization,
in: A. DeVore, A. lIserles, E. Suli (Eds.), Foundations of Computational
Mathematics, Vol. 284 of London Mathematical Society Lecture Note Series,
Cambridge University Press,2001, pp. 125{154.

[18]R. H. Byrd, J. Nocedal, R. B. Sdnabel, Represemations of quasi-Newton
matrices and their usein limited memory methods, Mathematical Programming
63 (4) (1994) 129{156.

[19]J. Nocedal, S. Wright, Numerical Optimization, Springer, New York, NY, USA,
1999.

17



[20] A. Gupta, Recernt advancesin direct methods for solving unsymmetric sparse
systemsof linear equations,ACM Transactionson Mathematical Software 28 (3)
(September 2002) 301{324.

18



