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Abstract

‘We have designed and implemented a new class of fast and highly scal-
able placement algorithms that directly handle complex constraints
and achieve total wirelengths comparable to the state of the art. Our
approach exploits recent advances in (i) multilevel methods for hier-
archical computation, (ii) interior-point methods for nonconvex non-
linear programming, and (iii) the Fast Multipole Method for the order
N evaluation of sums over the N(N — 1)/2 pairwise interactions of N
components. Significant adaptation of these methods for the place-
ment problem is required, and we have therefore developed a set of
customized discrete algorithms for clustering, declustering, slot as-
signment, and local refinement with which the continuous algorithms
are naturally combined. Preliminary test runs on benchmark circuits
with up to 184,000 cells produce total wirelengths within approxi-
mately 5-10% of those of GORDIAN-L [1] in less than one tenth the
run time. Such an ultra-fast placement engine is badly needed for
timing convergence of the synthesis and layout phases of integrated
circuit design.

1 Introduction

In nanometer IC technologies, existing placement methods face
two serious challenges: large design sizes (over one million
placeable objects) and complex design constraints (delay, noise,
manufacturability, etc.). The well-known simulated annealing
method (SA) [2, 3] can handle complex design constraints. But
since it requires a slow annealing process and moves only small
numbers of cells at each step, its runtime and quality scale
poorly as the design size increases. Commonly used quadratic-
programming (QP) based placement techniques [4] are very
efficient, but they usually assume linear constraints and can-
not handle complex constraints. For example, since pairwise
nonoverlap cell constraints are linearized in the QP formulation,
QP-based techniques resort to a sequence of successive parti-
tioning and quadratic placement iterations to get nonoverlap
solutions. Such processes practically ignore timing constraints
in early iterations, as, due to cell overlap, timing constraints are
trivially satisfied in early iterations.

There are two general objectives for circuit placement re-
search. One is to improve the solution quality in terms of wire-
length, circuit performance, etc.. The other is to reduce the
runtime and improve the scalability of the algorithm. This pa-
per focuses on the latter. We have implemented a highly efficient
and scalable placement engine with solution quality compara-
ble to the state of the art. Scalability is important for two
reasons. First, circuit sizes have increased exponentially with
Moore’s Law. The placement runtime is now a bottleneck in
the design process. Second, as the placement result largely de-
termines the interconnect performance, high-level and logic-level
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synthesis procedures may need to compute placement solutions
repeatedly to measure the synthesis results. An ultra-fast place-
ment engine is badly needed for timing convergence of synthesis
and layout.

Some recent work on circuit placement by others uses some
ideas similar to ours. Sankar and Rose [5] have implemented a
discrete multilevel scheme that obtains large-scale placements
rapidly at a 10-30% increase in wirelength compared to their
own SA-based placement engine. Hierarchical SA-based place-
ment has been implemented by Sarrafzadeh and Wang [6] and
is also used in the TimberWolf package [3]. Eisenmann and Jo-
hannes [7] employ a fast convolution to approximate solutions
to a Poisson equation for cell density and use these to update
a quadratic model. Their method obtains placements of high
quality but may not be scalable enough for practical use on
circuits with over 100,000 cells.

Our method is the first that successfully integrates con-
strained nonconvex nonlinear programming into a multilevel
framework for circuit placement. Direct handling of the order
N? nonoverlap constraints, a challenge not accepted by previous
authors, is crucial to this integration. At coarser levels of refine-
ment, cluster dimensions may vary widely; the ability to model
this variation accurately at these coarse levels significantly im-
proves the placement quality.

Our approach also supports the direct inclusion of complex
design constraints such as timing, noise, and manufacturability
considerations, without necessarily requiring analytical closed-
form representations. It requires only that computational pro-
cedures exist to evaluate the constraints and their derivatives
for each given placement configuration. However, since the ex-
isting benchmarks in the public domain do not have sufficient
information for delay and noise calculation, in this paper, we
consider only nonoverlap constraints. We currently seek coop-
eration with SRC member companies to apply our techniques to
state-of-the-art placement problems with delay and noise con-
straints. Our current objective function is the squared wire-
length used in GORDIAN and PROUD [4, 8], but our formulation
is not restricted to this model.

2 Problem Formulation

Given connectivity specifications for a large assembly of rectan-
gular circuit modules, we wish to determine an arrangement of
the modules aligned along the rows of a rectangle in the plane so
that total wirelength is minimized subject to (i) the connectivity
requirements (ii) the requirement that no two modules overlap
spatially, and (iii) any other constraints involving interference,
power dissipation, routability, etc.. Mathematically, the place-
ment problem can be expressed as a special class of nonlinear
integer programming problem,

min T
min - f=)
subject to ¢;(x) >0. i=1,...,m (NIP)
r€DCR"?,



Figure 1: Multilevel Placement V-Cycle
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where the objective f and the constraints ¢; are scalar-valued
functions defined on D. Set D is disconnected because cells
must ultimately be aligned in rows. Relaxing this requirement,
however, is a useful simplification that produces a nonlinear
programming problem (NP) when f and the ¢; are twice contin-
uously differentiable in the feasible region IF = {z | c¢(z) > 0}.

Nonconvexity of the feasible region implies that, even if f is
convex, NP may have many different local minima. Although
practical algorithms for NP can guarantee convergence only to
local 2nd-order minimizers, they use sequences of global refine-
ments (i.e., simultaneous displacements of all cells) to obtain
high-quality approximations to global minimizers. On small cir-
cuits (less than 1000 cells), our nonlinear-programming engine
generates placements that are typically comparable to or better
than those generated by GORDIAN-L, with occasional improve-
ment up to 20%.

For a placement problem with N cells, there are N(IN —1)/2
pairwise nonoverlap constraints — too many to be efficiently
represented or evaluated explicitly, even at the relatively coarse
levels of refinement at which our nonlinear-programming engine
is applied. To overcome this obstacle, we have implemented
an adaptation of the Fast Multipole Method for the efficient
O(N) evaluation of sums over all O(N?) nonoverlap constraints
(Section 5 below).

3 Multilevel Placement

Multilevel methods have been studied extensively over the last
20 years as a means of accelerating numerical algorithms for
partial differential equations [9, 10]. Application areas are quite
diverse: image processing, combinatorial optimization, control
theory, statistical mechanics, quantum electrodynamics, and
linear algebra. Recently, multilevel techniques have also been
applied very successfully to circuit partitioning in the hMetis
method [11].

Our multilevel framework for placement is illustrated in Fig-
ure 1. The original placement problem is called the fine-grain

problem. The recursive clustering procedure MESC (Section 7
below) is applied to reduce the fine-grain problem to a coarse-
grain problem in stages, each of which can be viewed as a scale
of resolution or level of abstraction. Recursive coarsening is
known in the multilevel literature as a “downward pass.” Once
the scale has been reduced to about 1000 cells, the placement
problem is represented within a general, systematic, and stan-
dard nonconvex nonlinear programming formulation, NP. A cus-
tomized interior-point method (Section 4 below) is then used to
approximate a global minimizer. Slot assignment and discrete
refinement are then used to improve the continuous approxima-
tion before proceeding. Recursive declustering and refinement
are used to transform back to the fine-grain problem in the so
called “upward pass.” At every stage of the upward pass, a
customized discrete method of localized exchanges (Section 6
below) is used to improve the placement at that scale. At rel-
atively coarse levels along the upward pass, a small number of
interior-point iterations is also used as a means of continuous
refinement of the placement at those levels. Our tests suggest
that the combination of localized, discrete optimization with
globalized, continuous optimization is most effective in improv-
ing placement quality.

Several variations on this basic structure are possible; in ex-
periments to date we have examined only a few (Section 8 be-
low), and these, only briefly. Our declustering strategy is a sim-
ple linear assignment to nearby locations; more sophisticated
strategies may improve quality. We have found no noticeable
improvement in using both connectivity and spatial informa-
tion to cluster, even though this strategy allows additional opti-
mization to be performed during the downward pass. Multiple
or recursive V-cycles are a common multilevel technique that
may improve our method if their properties for the placement
problem can be better understood.

4 Interior-Point Methods for NP

An interior-point method [12] for the numerical solution of NP
can be expressed as the construction of a sequence xy, of strictly
feasible points (i.e., ci(zx) > 0 for all ), each of which closely
approximates the solution to a barrier subproblem,

min

BP
{mE]R"|c(m)>0} ( (H))

Bu(@) = f(z) —p Y In(ci(a)).

The barrier parameter p is a small positive scalar that is fixed for
each subproblem. The barrier function B, (x) resembles f inside
the strict interior of the feasible region, {z|c;(z) > 0 for all ¢},
but B,(z) diverges to positive infinity as = approaches the
boundary of the strict interior from within. Under mild con-
ditions, a sequence z(u) of solutions to BP(u) will converge to
a solution of NP as the barrier parameter u decreases to zero.

The attractive theoretical and practical characteristics of bar-
rier methods have been well documented, especially since the
discovery in the mid-80s that there exist efficient implementa-
tions of these algorithms with polynomial time complexity for
convex problems. Interior-point techniques have recently been
used in circuit placement to solve sequences of linear and convex
quadratic subproblems [13, 14].

Conceptually, we may think of the barrier transformation as
introducing a short-range repulsive force between cells; i.e., we
may think of the log-barrier method as an extension of previ-
ously attempted force-directed methods for circuit placement
[15, 7]. Properly placing the barrier subproblem within the
larger nonlinear programming context, however, makes avail-



able a wealth of effective techniques and removes the need for
ad hoc strategies for selecting parameter values.

An interior-point method is readily extended so as not to re-
quire strict satisfaction of the constraints at each step. An arti-
ficial variable £ and quadratic penalty term can be introduced at
negligible cost to allow a gradual reduction in constraint viola-
tions. Strict interiority is maintained in the higher-dimensional
space that includes both physical and artificial variables. Our
implementation uses a single artificial variable and a quadratic
penalty as follows. The barrier function is

Bu(z,8) = f(z) —p »_In(ci(z) + &) + a6 +£),

i=1

and the associated barrier subproblem is

min
{(z.&)eR" ! |c(x)+£>0}

The scaling parameter @ > 0 can be selected for best per-
formance and held fixed. A sufficiently large positive initial
value of the artificial variable makes the initial feasible region
IF = {z | ¢(z) > 0} simply connected. Physically, cells are ini-
tially allowed to overlap even to the point of sharing the same
center. This initial relaxation of the nonoverlap constraints is
necessary to allow the barrier method to move cells freely past
one another toward ever-improving configurations. Eventually,
the method reduces the artificial variable close enough to zero
that only small amounts of overlap are tolerated. The final
feasible region thus has order N? “holes” corresponding to the
explicit prohibition of pairwise overlap. During intermediate it-
erations, as p decreases and the holes grow in size, cell freedom
of movement decreases.

We use a Newton-based linesearch algorithm to solve each
barrier subproblem. At each iteration, a search direction p and
a “steplength” o are computed, in that order. The update to
the current iterate is simply  <— z + ap. The “steplength” « is
computed using a special algorithm developed by Murray and
Wright [16].

Guaranteeing convergence of the subproblem iterations in rea-
sonable time requires careful formulation of the search-direction
equations and a special adaptation of the algorithm used to solve
them. Our method is based on conjugate gradients with exten-
sions studied by Nash [17]. When sufficient indefiniteness in the
barrier function Hessian is detected, the iterations are modified
and quickly terminated, producing a direction of both sufficient
descent and sufficiently negative curvature to ensure eventual
convergence to a local minimizer. Once a neighborhood of a
local minimizer is found, the Hessian of the barrier function
becomes positive definite, and an approximation to the New-
ton step is obtained. Early termination of the conjugate gradi-
ent steps can be used to make the approximation just accurate
enough to ensure superlinear convergence to barrier subproblem
solutions. To date our experiments have focused on generic in-
complete LU (truncated Gaussian elimination) preconditioners
[18] for the Newton equations; these have provided adequate
performance gains.

To avoid loss of accuracy due to asymptotic ill conditioning in
the Newton equations for the barrier subproblem, the search di-
rection can be decomposed into two well-conditioned orthogonal
components, and these can be computed separately. However,
if only relatively large values of p are used in BP(u,¢), then
such an orthogonal decomposition, which may require an ex-
plicit approximation of the constraints and their tangent space,
is unnecessary.

The most computationally intensive tasks associated with this
log-barrier approach applied to large-scale circuit placement are

(i) evaluation of the objective function, constraints, and their
derivatives, and (ii) calculation of the search direction p at each
iteration of the barrier subproblem. Both of these are accel-
erated by a customized implementation of the Fast Multipole
Method.

5 The Fast Multipole Method

In circuit placement, the cost of explicitly evaluating all
nonoverlap constraints individually at every iteration is pro-
hibitive, making efficient constraint approximation essential. To
simultaneously include the effects of all constraints, we rely on
the order N evaluation of order N2 nonoverlap constraints by
the Fast Multipole Method (FMM). Since its discovery in the
mid 1980s for the efficient numerical simulation of particle sys-
tems, FMM has been applied with great success to such diverse
areas as computational chemistry, eigenvalue calculation [19],
and capacitance extraction [20]. The improvement of the order
N algorithm over relatively simpler order N log /N methods is
quite significant once N approaches or exceeds 1000. FMM is
also used in our placement engine to evaluate the matrix-vector
products in our Krylov-based solver for the search direction.
Our application requires a special adaptation of FMM but still
yields a significant speed-up over the naive N? calculation.

Consider the problem of avoiding overlapping circuit modules.
Suppose cell i is circular with center (z;,y;) and radius r;, and
similarly for cell j. For 4,5 = 1,..., N and ¢ > j, we have N(N —
1)/2 constraints of the form

(1)

where “||-||” denotes the usual 2-norm distance. The contri-
bution to the barrier function B, (z,&) associated with the ith
constraint is a sum of the form

—p Y In(ci; +8),

i<t

cij (@) = [z, y:) — (x5, 91> = (ri +75)2 >0, i >,

()

and we must evaluate N —1 such sums. Each term in the sum (2)
above can be viewed a perturbation of the logarithmic potential

3)

and for most terms, the perturbation is relatively small. Ignor-
ing the perturbation altogether corresponds to a point-particle
approximation of the cells. The Fast Multipole Method reduces
the cost of evaluation of M sums of the form (2) from O(MN)
to O(M)+O(N), with speedups of several orders of magnitude
when N is large (over 1000, say).

Some essential elements of FMM are

—In|/(zi, i) — (z,5)I1%,

(i) clustering particles into boxes and representing the effect
of each box in (2) by a Taylor expansion,

(ii) analytical formulas for translating (recentering) and merg-

ing of these ”box expansions” to form new expansions,

(iii) a nested sequence of partitions and a means for obtaining

multipole expansions at finer partitions by reusing multi-

pole expansions at coarser partitions, and vice-versa.

In effect, the method imposes hierarchically organized compu-
tation on a large collection of elements with no predefined hi-
erarchical structure. A special adaptation is required for our
application, due to the presence of the artificial variable, &, and
the nonzero cell sizes.
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At all levels of refinement, localized permutations of cells are
used to improve total wirelength at very little cost in runtime.
First we partition the placement area into a set of regular slots
and assign cells into slots by linear assignment. Then we per-
mute small subsets of cells to decrease the objective.

The algorithm is based on the concepts of e-neighborhood and
A-exchange [21]. Assuming all cells except v are fixed in their
current locations, we can compute v’s “optimal” slot locations.*
Suppose v’s optimal slot location is row r, column c¢. Cells
located in slots at row 4, column j where [i — 7|+ |j — c| < € are
called e-neighbors of cell v. For example, in Figure 2, suppose
the optimal slot location of cell A is occupied by cell B. A’s
1-neighbors are {B,C, D, E, F}. Similarly, assuming that D’s
optimal slot is taken by G, we say cell D’s 1-neighbors are’
{G,H,I,J,K}.

We use a different A-exchange algorithm from [21]. In [21],
starting from a cell v1, we compute all of its e-neighbors; then for
each cell in v1’s e-neighborhood, compute its e-neighbors, and
so on. This procedure generates a search tree, each leaf of which
defines a cell-exchange sequence. For example, part of the search
tree from cell A is shown in Figure 3. With e = 1,A = 3, leaf
K defines the following exchange sequence: A - D — K — A,
i.e., move cell A to D’s slot, move D to K’s slot, and move K
to A’s slot. The best cell exchange sequence will be chosen, or
no exchange is made, if the original placement has a smaller
cost. This method has two major drawbacks: first, the size
of the search tree grows very quickly with slight increase of €
and ); second, the cell exchange sequence may not be the best
possible. Intuitively, moving a cell into its e-neighborhood has
a high probability of reducing the objective function value, but
the last step, moving cell vy to the slot of v1, may not be good.

To address these problems, we revise the A-exchange proce-
dure as follows. Suppose v; is the starting cell. We compute

*Since we are using quadratic wirelength as the objective function,
this computation can be done very efficiently.

tOur definition is different from [21], where ¢ is defined to be the
number of child nodes for each node in the search tree. For this
example, one would say {B,C, D, E, F} are 5-neighbors of A.

its e-neighbors and randomly pick one cell, say v2, from these.
Then for v, we compute its e-neighbors, and randomly pick one
cell, and continue in this fashion until we have A cells. Then for
these A cells, we try all of their placement permutations (the to-
tal number is A!) and exchange cells according to the least cost
permutation. For example, suppose we pick cells A, D, and K.
Then all six permutations will be tried: no exchange, A < D,
A K, D&+ K, A-D—>K —>A A—- K — D — A. The
number of solutions we search still goes exponentially with A,
but not with e.

The benefit of randomly selecting e-neighbors of the optimal
slot is that it supports multiple passes across the placement re-
gion. In our current implementation, we use up to 10 passes with
e = 1, = 5. Experimentally we found that [21)’s algorithm
quickly gets stuck at a local minimizer, while our algorithm has
a higher probability of finding better solutions.

7 Clustering

We tested three kinds of clustering algorithms: a connectiv-
ity based multilevel clustering algorithm using edge separability
(MESC [22]), a hybrid strategy based on both connectivity and
relative positions (MESCg), and for comparison, a very simple
clustering method based on random matching.

All these clustering algorithms are based on iterative edge
matching on a weighted graph G: each time we pick one edge
e with maximum rank and see if clustering the corresponding
two nodes satisfies the cluster-size constraint. If so, we cluster
(or “match”) these two nodes and delete them from the graph;
otherwise we discard the edge. The algorithms differ only in
their definitions of edge rank.

MESC— Unlike algorithms making use of local connectivity
information in the netlist, MESC uses the more global connectiv-
ity notion of “edge separability” to guide the clustering process
while maintaining cluster size balance. Computing edge sepa-
rability for a given edge e = (s,t) in a graph G is equivalent
to computing the s-t min-cut, which is quite expensive. It is
shown in [22] that a simple and efficient algorithm CAPFOREST
[23] can be used to estimate edge separability for all edges of
G in O(nlogn) time, where n is the number of nodes, without
flow computation.

In MESC, the rank of edge s = (s,t) is defined as:

)= —— 1
min(a(s), a(t))

where a(s) denotes the size of s. One can see that the definition
of r(e) gives higher priority to edges with larger ¢(e) and edges
whose contraction leads to a smaller increase of cell size, i.e., we
want to cluster nodes with strong connection and also maintain
cluster size balance.

MESCg— Here it is assumed that before clustering, we have
a placement. During the first V-cycle, we can use the initial
unconstrained optimal solution; for subsequent V-cycles, we can
use the placement from the previous V-cycle.

For each edge e = (s,t), we define its rank as follows:

q(e)
(14 d(s,t)~) min(a(s), a(t))

r(e) =

where d(s,t) denotes the distance between cell s and ¢, « is a
constant. In our current implementation, « is set to be 0.3. The
motivation for this definition is that we believe that the current
placement is “good”: two cells currently close to each other are
more likely to be close to each other in the final placement.



Table 1: Test Circuits

circuit | # cells | # nets | # pads | # rows
struct 1888 1920 64 21
biomed 6417 5742 97 46
avqgsmall 21854 22124 64 80
avqlarge 25114 25384 64 80
ibm04 27220 31970 287 116
ibm07 45639 48117 287 151
ibm09 53110 60902 285 162
ibm14 | 147088 | 152772 517 271
ibm17 | 184752 | 189581 743 303

Table 2: Impact of Nonlinear Programming

levels | wirelength | CPU
0 4.35e+06 | 134.2
1 4.04e+06 | 136.6
2 4.01e4+06 | 127.3
3 3.99e+06 | 136.9
4| 3.91e+06 | 163.3
5 3.86e+06 | 336.9

RandomMatch— This algorithm is used purely for com-
parison purposes. Edge ranks are randomly assigned.

8 Experimental Results

The results in this section are preliminary. Many variations on
the framework discussed in the preceding sections are possible;
our experiments to date have not explored them all.

Table 1 shows the circuit parameters of our test circuits. The
first four circuits (struct, biomed, avgsmall, avglarge) are the
largest ones from the 1993 MCNC layout benchmark sets [24].
The results for struct and biomed were obtained without use of
FMM. The next five circuits are from ISPD98 benchmark suite
[25]. We tested our algorithms on all 18 circuits in the ISP98
suite, but, due to page limitations, we cannot include all results
here. We show results for five of these circuits that demonstrate
our algorithm’s scalability. Both the solution-quality and run-
time trends are the same on the circuits for which results are
not shown.

We ran all experiments on a Sun UltraSparc-2/168MHz work-
station with 512MB memory. After the global placement, we use
DoMINO as the final placer. CPU times are in seconds; all times
listed include the time spent in the final placement. Wire length
of each net is computed as the half perimeter of the enclosing
bounding box.

8.1

To measure the impact of constrained nonlinear programming
on the final placement result, for circuit biomed, we vary the
level for which we run the NP-engine, and get results as shown
in Table 2, where level 0 means no NP-engine is run at all, while
1 means the NP-engine is run at the coarsest level, 2 means the
NP-engine is run at the coarsest and the second coarsest levels,
and so on.

In general, as the number of levels to which the NP-engine is
applied increases, better final placement results are obtained at
a cost of increased CPU time. Similar trends have been observed
on other circuits.

Impact of Nonlinear Programming

Table 3: Comparison of Different Clustering Algorithms

circuit MESC MEsCg | RandomMatch
struct | 7.68e4+05 | 7.64e+05 8.24e+05
biomed | 3.86e4+06 | 3.90e+06 4.09e+-06
avgsmall | 1.25e+07 | 1.29e+07 1.32e+07
avqglarge | 1.37e4+07 | 1.39e407 1.44e+07

Table 4: Comparison with GORDIAN-L+DOMINO

circuit MPL+Domino GORDIAN-L vs. MPL
wirelength CPU | wirelength CPU

struct 7.68e+05 53.0 0.99 0.46
biomed 3.86e+06 336.9 1.01 0.69
avgsmall 1.25e+407 893.5 0.94 2.12
avqlarge 1.37e407 814.0 0.95 2.56
ibm04 7.40e+06 | 1453.3 0.93 2.45
ibm07 1.10e+07 602.0 0.99 13.9
ibm09 1.27e+07 680.4 0.93 19.7
ibm14 4.33e+07 | 2965.7 0.94 20.5
ibm17 7.43e+07 | 8941.1 0.91 14.8

Note that the wirelength /runtime tradeoff curve is not com-
pletely monotone. For example, in Table 2, using two levels is
slightly faster than using one level. The reason is that in this
particular instance, the nonlinear programming problem hap-
pens to be easy: a few iterations take us to convergence. In
general, we do not expect such CPU-time reduction.

8.2 Comparison of Clustering Algorithms

To measure the impact of different clustering algorithms, we
ran our algorithm (MPL) under different clustering algorithms:
MESC, MESCg, and RandomMatch. The results are shown in Ta-
ble 3. Because all clustering algorithms have the same order,
CPU time is not shown in Table 3. One can see that MESC
and MEscg outperform RandomMatch on all cases by a large
percentage. But, surprisingly, MESCg generally gives worse re-
sults than MESc, although the gap is very small. We believe
the reason is that during the clustering procedure, an initial
unconstrained placement gives us almost exclusively connectiv-
ity information. In view of this, we use MESC as our clustering
algorithm during all other experiments.

8.3 Comparison with GORDIAN-L

We compared our algorithm with GORDIAN-L followed by
DomiNo. We know that quadratic placement requires fixed
pads. To ensure a fair comparison, we first ran GORDIAN-
L+DoOMINO on the test circuits and extracted the pads’ loca-
tions from the output. Then we ran MPL followed by DoMINO.
The results are summarized in Table 4. Columns “GORDIAN-L
vs. MPL” shows the results of GORDIAN-L+DOMINO divided by
those obtained by our approach. Thus, values larger than 1.0
mean that our approach is better or faster.

Our approach gives results on average 4.9% worse than
GORDIAN-L+DOMINO but uses significantly less CPU time, es-
pecially as the number of cells increases. For example, for the
largest circuit bm17 with around 184K cells, our approach can
obtain a placement in about 2.5 hours with relatively good qual-
ity, only 9.4% percent from the result of GORDIAN-L+DOMINO.
This suggests our approach has better scalability and can be



used to achieve accurate placement estimation during earlier
design phases.

9 Conclusions

By successfully integrating a nonlinear programming formula-
tion into a multilevel framework, we have developed a very
fast and scalable placement method that exploits several recent
advances in scientific computation. This method holds great
promise as a means of facilitating the timing convergence of syn-
thesis and physical design. Many variations on our framework
and its components are possible. In future work, we will inves-
tigate ways of improving solution quality, possibly at some cost
in runtime, and we will work with industry to incorporate other
design constraints (e.g., timing and noise) directly into our for-
mulation. We will also gather data for comparison against more
recent placement packages such as ITOOLS [26] whose results are
significantly better than GORDIAN-L’s.
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