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ABSTRACT

Automatic circuit placemert has received renewed interest
recertly given the rapid increase of circuit complexity, in-

creaseof interconnect delay, and potential sub-optimality of
existing placemert algorithms [13]. In this paper we presert

a generalizedforce-directed algorithm embeddedin mPL2's

[12] multilev el framework. Our new algorithm, named mPL5,
producesthe shortest wirelength among all published plac-
ers with very competitiv e runtime on the IBM circuits used
in [29]. The new contributions and enhancemers are: (1)

We develop a new analytical placemert algorithm using a
density constrained minimization formulation which can be
viewed as a generalization of the force-directed method in

[16]; (2) We analyze and identify the advantages of our new
algorithm over the force-directed method; (3) We success-
fully incorporate the generalized force-directed algorithm

into a multilev el framework which signi can tly improveswire-
length and speed. Compared to Capo09.0, our algorithm

mPL5 produces 8% shorter wirelength and is 2X faster.

Compared to Dragon3.01, mPL5 has 3% shorter wirelength

and is 12X faster. Compared to Fengshui5.0, it has 5%
shorter wirelength and is 2X faster. Compared to the ultra-

fast placemert algorithm: FastPlace, mPL5 produces 8%
shorter wirelength but is 6X slower. A fast mode of mPL5

(mPL5-fast) can produce 1% shorter wirelength than Fast-

Placel.0 and is only 2X slower. Moreover, mPL5-fast has
demonstrated better scalability than FastPlacel.0.
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1. INTRODUCTION

Automatic circuit placemen has received renewed inter-
est recertly given the rapid increase of circuit complexity,
increase of interconnect delay, and potential sub-optimalit y
of existing placemert algorithms [13]. As integrated circuit
technology further scales,the design sizesare getting larger.
Recertly, [15] shows the imp ortance of building a good phys-
ical hierarchy from a attened or nearly attened logical
netlist for performance optimization. Therefore, large-scale
placemert on a nearly attened netlist is neededfor phys-
ical hierarchy generation to achieve the best performance.
This is even more critical for deep sub-micron or nanome-
ter designsas the interconnect has becomethe performance
bottleneck.

Typical techniques used in the current state-of-the-art
placemernt tools consist of min-cut partitioning [7, 31], sim-
ulated annealing [30, 14], analytical methods with quadratic
wirelength minimization [21, 11], linear wirelength mini-
mization [22, 12] and log-sum-exponertial wirelength min-
imization [26, 18]. The rst two techniques always pro-
duce a global placemert with not much cell overlapping.
On the other hand, analytical techniques for minimizing
someunconstrained smoothed wirelength objectivesusually
introduce a lot of cell overlapping or area congestion dur-
ing the global placemert. Hence, area congestion removal
techniques such as slot assignmen [11, 12], recursive bisec-
tion/quadrisection partition [32], ripple-move [17, 12], cell
shifting [29] and grid warping [33] have been intro duced.
Algorithms [18, 16] are also proposedto minimize the wire-
length objective and area congestion simultaneously. Usu-
ally, those placemert techniques are embedded in a hierar-
chical/m ultilev el framework to speed up the placemert pro-
cess[18, 7, 30, 31, 11, 12, 14].

In this paper, we usethe multilev el technique [11, 12, 14,
9, 18] combining with a new analytical method for large-
scale placemert. Multilev el/multigrid methods have been
successfullyapplied to solve partial di eren tial equations [5,
6]. Also, they have been successfullyusedto solve the hy-
pergraph partitioning problem [19, 2]. We use the multi-
level algorithm becauseit givesbetter scalability and better
global optimization.



Our novel analytical placemert algorithm is based on a
mathematically sound foundation for supporting the den-
sity constraint, and can be viewed as a generalization of the
force-directed method in [16]. In [16], it usesa quadratic
wirelength objective and adds forces on cells based on area
density of the placemert. Adding forces on cells is equiv-
alent to modifying the right-hand side of the linear system
arising from the quadratic wirelength minimization. Hence
ead iteration can be solved easily. However, it su ers from
the inaccurate approximation by quadratic wirelength ob-
jective asillustrated in [20, 22, 24] and the ad hoc scaling of
the spreading forces for supporting the density constraint.

The new contributions and enhancemerts preserted in
this paper are as follows:

We develop a new analytical placemert algorithm
using a density constrained minimization formulation
which can be viewed as a generalization of the force-
directed method in [16].

We analyze and identify the advantages of our new
algorithm over the force-directed method in [16].

We successfullyincorporate the generalized force-
directed algorithm into a multilev el framework which
signi cantly improvesthe wirelength and speed. We
use the multilev el framework proposedin mPL2 [12].
The new algorithm is named mPL5.

The remainder of this paper is organized as follows. Sec-
tion 2 preserts the constrained minimization formulation
and how it is related to the force-directed method [16]. A
generalized force-directed algorithm is proposed. Section 3
describesthe multilev el framework and how the generalized
force-directed algorithm is incorporated into the multilev el
paradigm. In Section 4, experimental results are preserted
to demonstrate the e ectiv enessof our new algorithm. Com-
parisons with other state-of-the-art placers are given. Fi-
nally, the conclusion and future work are given in Section
5.

2. MATHEMATICAL MODEL

In this section we give an intro duction to the circuit place-
ment problem and presert a nonlinear constrained optimiza-
tion problem formulation for it.

2.1 Circuit PlacementProblem Formulation

The circuit placemert problem can be characterized as a
hypergraph placemert problem. Let H = (V;E) be the hy-

pergraph. Let V = fvi;Vo;:ii;VUn;VN+1;:i1;VN+P( repre-
sert the setof cellsimodulesand E = fe;;e;:::;engrepre-
sert the setof nets/in terconnects. The setfvn+1 ;:::;Vn+pPQ

represerts pads (xed terminals) which are xed through-
out placemert, and eac g is a subsetof V that givesthe
connection/relation among the cells. Net with degreek is
called k pin net.
Let (xk;Yyk) be the center coordinate of the cell vx. The
wirelength of a net e, given by
- 1% 1+ 1v: S
I(e) vi;v?]z%);(iq Xi Xl vi;vr,-nzae);(iq iy oyl @
is the half-perimeter of the smallest rectangle containing all
the cellsin e. The total wirelength of a given circuit is the

sum of the wirelength of each net in E. Our objective is
to place the cells, subject to some constraint sugh as cell

non-overlapping, such that the total wirelength I(e) is
e2E

minimized. Currently, we assume standard cell placemernt
to be that of all the cells having the same height and a
number of standard rows is given. The cell non-overlapping
constraint for the standard cell placemert is to place all the
movable cells on the given rows without overlapping ead
other. However, our algorithm can be easily generalized to
the casewhere we have cells of di eren t heights.

Typically, the placemert problem is divided into two stages:
global placemert and detailed placemert. For global place-
ment, one needsto place the cells evenly distributed on the
placemert region where cell overlapping is allowed. The
global placemert solution is then legalized by discrete meth-
ods in detailed placemert, which can also further reduce the
wirelength by local cell swapping without creating cell over-
lapping. In this paper, we mainly focuson global placemert.

2.2 Constrained Minimization Formulation

In this section we presert a constrained minimization for-
mulation for the placemert problem. We discusssmooth ap-
proximations to the wirelength objective eq(1) and smooth
approximation to the pairwise non-overlapping constraint
for the standard cell placemert problem.

2.2.1 SmoothMrelengthApproximation

Since eq(1) is not dieren tiable and the constraints are
highly non-convex, the minimizer is hard to locate. There-
fore, using contin uous di eren tiable functions to approxi-
mate eq(1) is necessary Many studies, for example [21, 16,
11], use a quadratic function approximation given by

X X

( wii jxi - Xjj+ wi jyi  ¥ii%): ()
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The advantage of using the quadratic wirelength objectiveis
that its unconstrained minimizer can be obtained by solving
a positive de nite linear system of equations. However, it
over-penalizesthe long nets which givesa bad half-p erimeter
wirelength placemert solution.

In this paper we use the following better half-perimeter
wirelength approximation objective

P P P
(log  exp(xk=)+log  exp( xk=)
e2E p vk2e p vk2e (3)
+log  exp(yk=)+log  exp( yk=))
vi2e vg2e

proposedin [26] and recertly usedin Aplace [18], where the
smaller , the more accurate the approximation. However,
we can not choosetoo small due to machine precision and
numerical stability. In experiments, we scalethe placemert
problem so that all the cell locations are between 0 and 1.

is then setto 0:01.

We have also prop osedand studied another approximation
to eq(1) using Lp-norm:
X X 1 X 1 X 1 X

C xr Cox") e+ vy 0 ow

e2E vg2e vg2e vi2e vi2e
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)
(4)

since the rst term and the secondterm tend to maxfxyg

and minfxxg respectively as p tends to innit y. We set
1

p = 32in experiments sothat xP and x» can be computed

e cien tly. Numerical results verifying the e ectiv enessof



di erent objectivesare givenin Table 4. We remark that a
slightly dierent approximation using Lp-norm is proposed
in [20].

2.2.2 SmoothConstaints Approximation

Since the pairwise non-overlapping constraints are highly
noncorvex and dicult to satisfy during the global place-
ment, we replace the constraints by bin density constraints
discussedin the following.

Basedon the placemert region R, we divide the regioninto
m  n uniform non-overlapping sub-regions (bins) Bj ;1
i m;1 j nsucthat [ij Bj = R. Let hy and hy be
the bin width and bin height respectively. De ne Dj to be
the averagedensity in the bin Bj which is given by

X
Dj (x;y) =
k=1

ajj (vi)=(hy hy); (%)

where a; (v«) is the fractional area of cell vi lying inside bin
Bj (seeFigure 1).

n

- = ay,(Vy) = fractional area of cell v; in bin By3

Figure 1: lllustration of fractional cell area in a 3x4

bins region.

We consider the constrained minimization problem:

min W (x;y)
stt Dy =K; 1 i m1l |j n ©)

where Dj isthe averagedensity in Bj; de ned through eq(5)
and K is the total cellsareadivided by the area of the place-
ment region R®. The current problem isto nd a placemert
that minimizes the wirelength W (x;y) suc that the cells
are evenly distributed over the region. However, it is di -
cult to solve the above problem since the density function
is not di eren tiable. To make the problem easierto solve,
we use the inverse Laplace transformation [10] to smooth
the density function. The smoothing operator d(x;y) is
de ned by solving the following Helmholtz equation:

(xy) (xy)=dxy); (xy)2R
e -0 (xy)2@R
where > 0, isthe outer unit normal, @R is the boundary
of R, d(x;y) is the continuous density function and is a
di eren tial operator given by
@, 8.
@@
The inverseoperator is well de ned, as eq(7) has a unique
solution for any > 0. Sincethe solution of eq(7) gains two

@)

®

(8)

!Note that in general we may set dierent density target
Kj for bin Bj to re ect uneven density requirements due
to pre-placed blocks etc. For all benchmarks we tested in
the work, K is a constant for all bins.

more derivatives[10] than d(x;y), is a smoothed version
of the density function.

We usethe nite dierence method [25] to discretize the
problem eq(7) using the bin grids we de ned above. The
Neumann boundary condition is used for the discretization
stheme. Let ;; be the value of at the certer of the bin

Bj . The approximation schemeis given by

e O R N € PO = SR I I

hZ hZ (9)
iy =Dj; 81 i ml | n
where

o = 137 81 j n
me = mj 81 j n
o = i1 81 | m (10)
in+ = in 81 i m;

and Dj is the average density in Bjj . Let L be the ma-
trix corresponding to the above linear system. Then =
( 11; 12;:::; mn)' canbecomputed by solving the follow-
ing linear system

L =D; (11)

where D = (D11;D12;:::;Dmn ). Note that the problem
eq(11) can be solved in O(mn logmn) by fast discrete cosine
transform [8, 27].

Now we can reformulate the problem eq(6) as

min W (Xx;y)

st i = K (12)

1 i ml j n

where =L 'DandK 1=L 'K1= K=1isaconstant
to solve the above problem and how it is related to the force-

directed method [16].

2.3 Problem Solver

There are many nonlinear programming techniquesto solve
eq(12). We usethe Uzawa algorithm [4] to solve eq(12). The
advantage is that it doesnot require a Hessianinversion to
nd a minimizer satisfying the KKT condition. Another
reasonis that the iterativ e scheme can be viewed as a gen-
eralization of the force-directed method [16]. By applying
the Uzawa algorithm to solve eq(12) through the Lagrange
multiplier, we get the following iterativ e scheme:

P
( r W(Xk+1 ;yk+1)+ iljgr i = 0
™ ) ii (13)
o= g +r (i K)
where ¥ is the Lagrange multiplier at k th iteration, is

a parameter to control the rate of convergence,and x* and
y¥ are the cell locations at the k th iteration.

The gradient of j with respectto cell vy can be approx-
imated by the di erence scheme

My j = 22 +1h)< Loand ry, o= 'Jh .

(14)

if the center of cell v is inside Bj and zero otherwise.

In [16], it derivesthat the divergenceof the forcesf (x;y)
is proportional to the density; that is,

@.,09 _; dxy): (15)

@& o



where c is a constant. Also, there exists a scalar function
(x;y) satisfying

ro(xy)=fxy): (16)
Combining eq(15) and eq(16) givesthe following equation
(x;y) = ¢ d(x;y) 17

with boundary conditions that the magnitude of the forces
r (x;y) is zeroat innit y.

Comparing eq(7) with eq(17), the main di erence is the
boundary condition if we choosesmall . The boundary con-
dition in our formulation eq(7) tells that the forces pointing
outside the boundary are zero, which makesmore sensethan
assuming the forcesbeing zero at in nit y asin [16] since we
want to place the cells inside a nite region.

Moreover, the force-directed method in [16] can be consid-
ered a special caseof eq(13). It usesthe quadratic wirelength
objective eq(2) for W(x;y) and iterativ ely solves

cC o0 xk+t Dx fx
0 ¢ Yo + By + « f)‘,‘ =0 (18)
until all cells are well distributed over the chip region. C, px
and py arederivedfromr W (x;y). The  isascalarto con-
trol the movemert of cellsin ead iteration. The horizontal
fortieka and the vertical forcef§‘ gcting on the cellsare given

by (s iiiinifxy g)tand  (ry, giiinryy ij)tre

spectively computed basedon the placemert solution at the
k th iteration. Clearly, this is a particular caseof eq(13) by
setting ¥ = ¥. One can expect the above xed point iter-
ation requiring a small enough ¢ for convergence. But we
know ¥ is the Lagrange multiplier for eq(12) which has to
be large enough to get a well-distributed placemert. Also,
the ¥ is a vector in eq(13) and has eac of its componernt
acting as a scaling factor for the forcesinduced in the corre-
sponding bins. These show that our new algorithm is more
general and robust, and, overcomesthe shortcoming of ad
hoc force scaling selection usedin [16].

In eadch step of the iterativ e scheme eq(13), we have to
solve a nonlinear equation which can be solved by the time
marching scheme[28, 3]. The solution of the nonlinear equa-
tion is a steady solution of the following ordinary di eren tial
equation (ODE):

|

@) p
2 @t) = (r W(X(t),Y(t)) + _ ijr ij) (19)

@ i

> @
* (x(0);y(0)) is a given initial placemert,

where (x(t);y(t)) denotesthe placemert at time t. It can
be considereda gradient descert scheme for the Lagrangian
function

X
L(xiy: )= W(x;y)+ (g K) (20)

since

dL(xiy; ) _ . @X5Y) 2 _ q
at =k @ k< 0 (21)
One can think of it as minimizing the wirelength objective
and constraints penalty simultaneously at ead iteration.
We solve the above ODE by the explicit Euler method [25].

The algorithm we used to solve eq(12) is given in Table
1. It is called GFD (Generalized Force-directed) algorithm.
The algorithm takesin the number of outer iterations and

the stopping criterion for inner iteration. is a parameter
to speed up the convergence. s the increasing rate for

is the percertage of non-zero density bins. N is the
number of movable cells, and P is the number of pads. Since
one can only get a local minimizer by solving eq(13), the
initial solution is important. The outer iterations can be
considereda contin uation method where the solution at each
outer iteration is used as an initial solution for the next
iteration.

We use uniform bin grids, and the number of bins is
roughly equal to the number of cells.

We remark that Aplace [18] usesa penalty method to
solve eq(6). It usesa bell shape function [26] to smooth the
density constraint locally. In our case,however, the inverse
Laplace transformation eq(7) smoothes the density function
glokally.

Since the global placement produced by the GFD algo-
rithm may contain cell overlapping, a discrete algorithm is
usedto legalize the solution. We use a simple greedy algo-
rithm [23] to place the cells in standard rows without over-
lapping. Local greedy cell swapping, where each move does
not create overlapping, is then applied to reduce wirelength.

GFD( outer _iter s, stop_percent)
if initial placemert not given
use the unconstrained minimizer of the quadratic
wirelength objective as an initial solution.
endif
compute nnb = number of non-zero density bins.
set P = total number of pads.
set N = total number of cells.
setinner _iter s = N:
set = 1.5. (Experiments show that it is a good
trade-o betweenruntime and wirelength)
fori=1to o%ter_iter s

— P
set = hxyhylog N *

i 100i .
(r)nlnf e e Stop_percentg.

for j = 1to inner _ter s
if nnb not increased

endif
= ( K):
solve the ODE eq(19) by explicit Euler method.
compute nnb:
if more than % non-zero density bins
break.
endif
endfor
call detailed placemert.
endfor

Table 1. GFD algorithm.

3. MULTILEVEL FRAMEW ORK

Many studies[11, 12, 14, 9] show that multilev el algorithm
is a promising technique to handle large-scale problems. It
is not only used for speed-up, but also for better global op-
timization.

In this section we incorporate the GFD algorithm into
the multilev el framework that is used in mPL [12]. The



multilev el framework consists of coarsening, interpolation,
relaxation, and multilev el ow. We review and discussead
componert in the following sections.

3.1 Coarsening

The purp oseof coarseningis to build a hierarchy for the
multilev el paradigm. We use a modi ed rst-c hoice (FC)
hypergraph coarsening based on the FC rst proposed in
[19]. We de ne the anit y betweenvertex v and w as

X w(e)

(6 Darea(®)’ 22)

fvw =
e2Ejviw2e

where w(e) is the weight assignedto net e, area(e) denotes
the sum of the areas of the cells in e, and jej denotes the
number of cellsin net e.

The vertices are rst ordered in descending order of the
vertex degree. Vertices are then examined sequertially , and
the a nities eq(22) eadh vertex v hasfor vertices with which
it shares hyperedgesare computed. An anit y graph is
then constructed by joining ead vertex to exactly one of
its neighbors for which it has maximal anit y. Each group
of joined vertices is called a cluster and becomethe coarser
level vertex. Hyperedgesare de ned on the clusters in the
obvious way: ead hyperedgeon the ner level becomesa
hyperedge (the set of clusters containing those vertices) at
the coarser level, with the singleton hyperedge simply ig-
nored. We hence get a smaller hypergraph at the coarser
level.

3.2 Relaxation

mPL3 [12] solves nonlinear programming at the coarsest
level. On the subsequen levels, it usesthe GOTO swap-
ping and quadratic relaxation on subsetswith ripple-move
to relieve area congestion. We replace those optimization
techniques with the GFD algorithm. It is a more power-
ful relaxation, asit movesall cells simultaneously to reduce
wirelength subject to the area density constraint.

3.3 Interpolation

Interpolation is used to transfer solutions from level to
level. For example, given a placemert solution at the coarse
level, we use it to compute the placemert solution at the
ner level via interpolation.

A graph model of connectivity is employed to de ne the
interpolation: the weight of edgee; is

X w(e)

G5 D 23)

w(ej ) =
fe2E jijj 2eg

For e ciency , only weights above a certain threshold (cur-
rently 1/4) are used. Finer-level vertices v; within ead clus-
ter with the highest vertex degree (using cell area to break
the tie) are designatedas\ C-points" and are given the posi-
tions of their parent clusters. \ C-point" locations are xed
during interpolation. The remaining points are designated
as\F-points" and are placed at the weighted averageof the
positions of the C-points to which they are connected. Once
an F -point has beenplaced, it can be treated like a C-point
and used to in uence the positioning of other F-points to
which it has connections. Moreover, since the processde-
pends on the vertex order, iterations are used to allow all
interconnected nodesto in uence ead others' positions. For

this purpose, the nodes are ordered by decreasing connec-
tivit y w(vi) = j w(ej ), following eq(23).

3.4 Multile vel Flow

After the rst V-cycle, an additional V-cycle is used to
improve the result. During the reaggregation phase, spatial
proximit y is used in the FC anit y along with netlist con-
nectivity. We re-de ne the anit y betweenvertex v and w
to be

X w(e) .
(jef Darea(e)dist(v;w)’

(24)

fvw =
e2Ejviw2e

where dist(v;w) is the Euclidean distance between v and
w. Thus, clusters are placed at the weighted average of
their componerts' positions, the weights identical to those
usedin the interpolation eq(23). Relaxation on this modi ed
hierarchy is then usedto further reduce the wirelength.

usemodied FC (c.f. eq(22)) to coarsenthe hypergraph
until the number of cells < 500.
set nl = number of levels.
set stop_percent = 97
% supposelevel nl is the nest level corresponding
% to the original hypergraph.
fori=1tonl 1

set distr i _percent = min (50 + 50 i=nl;90):

at level i,

call GFD(1 ; distr i _percent).

interpolate placemert from leveli to level i + 1.
endfor
% start the secondV-cycle.
use modi ed geometric based FC (c.f. eq(24))
to coarsenthe hypergraph until the number of
cells < 500.
placement from rst V-cycle is interpolated to coarse
levels during the coarsening.
set nl = number of levels.
fori=1tonl 1

set distr i _percent = min (50 + 50 i=nl; 90):

at level i,

call GFD(1 ; distr i _percent).

interpolate placemert from leveli to level i + 1.
endfor
call GFD(1 ; stop_percent).
call detailed placemert.

Table 2: mPL5 algorithm.

The multilev el GFD algorithm (mPL5) is shown in Table
2. Figure 2 shows the multilev el o w in mPL5. A fast mode
of mPL5 is obtained by: (1) set the stop_percent = 95; (2)
increase in the GFD algorithm whether nnb is increased
or not; (3) reduce the number of bins to half of the normal;
(4) reduce cell swapping in the detailed placemert.

4. NUMERICAL RESULTS

The benchmarks used in our experiments are the same
asin [29], and are provided by the authors of FastPlacel.0
[29]. They are originally derived from the ISPD-02 suite
downloaded from [1]. The macro blocks are modied to be
standard cells in a way that the height of macro blocks is
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Figure 2: Multilev el o w of mPL5.

brought down to the standard cell height and the width of
macro blocks, if exceeding4X averagewidth, is changed to
a value of 4X average width.

GFD(20) GFD(30) mPL5
Circuit | WL,run time | WL,run time | WL,run time
ibm01 0.96, 1.34 0.93, 1.75 0.87, 0.58
ibm02 0.84, 1.31 0.82, 1.66 0.78, 0.67
ibm03 0.97, 1.39 0.95, 1.84 0.94, 0.56
ibm04 0.93, 1.38 0.90, 1.74 0.76, 0.63
ibm05 0.93, 1.13 0.83, 1.14 0.63, 0.57
ibm06 0.96, 1.47 0.90, 1.70 0.76, 0.58
ibm07 0.95, 1.52 0.92, 2.20 0.77, 0.43
ibm08 0.96, 1.37 0.93, 1.78 0.86, 0.45
ibm09 0.94, 1.48 0.93, 191 0.83, 0.44
ibm10 0.89, 1.35 0.86, 1.73 0.77, 0.41
ibm11 0.92, 1.23 0.89, 1.73 0.77, 0.39
ibm12 0.95, 141 0.90, 1.75 0.87, 0.47
ibm13 0.95, 1.45 0.92, 1.92 0.80, 0.41
ibm14 0.94, 1.47 0.93, 1.94 0.77,0.34
ibm15 0.96, 1.47 0.94,1.94 0.80, 0.33
ibm16 0.96, 1.39 0.93, 1.73 0.78, 0.34
ibm17 0.95, 1.37 0.91, 181 0.71, 0.37
ibm18 0.93, 1.33 0.89, 1.72 0.69, 0.34
average| 0.94, 1.38 0.90, 1.78 0.79, 0.46
Table 3: Relativ e wirelength(WL) and runtime
of GFD(20), GFD(30) and mPL5 with respect to
GFD(10).

All the experiments are run on a Linux, 2.4GHz machine.
In Table 3, we run the GFD algorithm with a di erent num-
ber of outer _iter s shown in the parenthesis. It also shows
comparisons with  mPL5, the multilevel GFD. The wire-
length and runtime are relative to GFD(10), the GFD al-
gorithm with 10 outer iterations. The stop_percent in the
GFD algorithm is setto 97 in the comparisons. We can see
the wirelength is getting shorter as we increasethe number
of outer iterations. We remark that keeping an increasein
the number of outer iterations, though increasing the run-
time, does not further signi cantly reduce the wirelength.
However, the multilev el GFD (mPL5) signi cantly outper-
forms the GFD both in quality and runtime. This shows
that our multilev el algorithm is a very e ectiv e technique
that givesbetter scalability and better global optimization.
Figure 3 showsthe placemert solutions of mPL5 at ead level

in the secondV-cycle. We can seethat cells are distributed
more evenly from level to level.

LogSumExp Lp-norm quadratic
Circuit WL,run time(s) | WL,run time | WL,run time
ibm01 1.57E+06 , 45 1.05,1.71 1.73,0.81
ibm02 3.51E+06 , 66 1.02, 1.80 184, 1.65
ibm03 4.83E+06 , 66 0.99, 1.82 1.63, 0.64
ibm04 | 5.90E+06 , 117 | 0.98, 1.47 1.48, 0.47
ibm05 9.85E+06 , 94 1.06, 1.74 149, 1.17
ibm06 | 4.73E+06 , 161 | 1.03, 1.36 1.82, 0.50
ibm07 | 8.14E+06 ,209 | 1.04, 1.62 1.50, 0.67
ibm08 | 9.49E+06 , 321 | 1.01,1.45 1.79, 0.72
ibm09 | 9.25E+06 , 313 | 1.05, 1.53 1.65, 0.53
ibm10 | 1.74E+07 , 302 | 1.03, 2.07 1.47,0.72
ibm11 | 1.39E+07,379 | 1.04, 1.62 154, 0.52
ibm12 | 2.31E+07,367 | 1.02, 1.68 1.34,0.67
ibm13 | 1.67E+07 , 404 | 1.03,1.72 1.69, 0.63
ibm14 | 3.25E+07 , 1164 | 1.03, 1.46 1.60, 0.71
ibm15 | 3.92E+07 , 1250 | 1.04, 1.84 1.61, 0.80
ibm16 | 4.32E+07 , 1387 | 1.04, 1.63 1.66, 0.79
ibm17 | 6.27E+07 , 1347 | 1.03,1.73 1.42,0.85
ibm18 | 4.18E+07 , 1502 | 1.07,1.78 1.77,0.97
average 1.00, 1.00 1.03, 1.67 1.61,0.77

Table 4: Comparisons
ing half perimeter wirelength
global placemen t. Wirelength
norm (p= 32) and quadratic
LogSumExp resp ectiv ely.

of dieren t objectiv es us-
(WL) and runtime of

and runtime of Lp-
are divided by those of

In Table 4, we compare the performancesof di erent ob-
jectives: LogSumExp eq(3), Lp-norm eq(4) and quadratic
eq(2) under the mPL5 platform. It shows that the global
placemert wirelength by Lp-norm is 3% longer than Log-
SumExp and with a 67% longer runtime. The runtime for
quadratic is around 20% shorter than LogSumExp, but its
wirelength is 61% longer. This demonstrates that the Log-
sumExp givesthe best approximation to eq(l).
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Figure 4: Wirelength and runtime comparisons on
FastPlacel.0 IBM circuits.

In Table 5, we compare mPL5 with current state-of-the-
art placers: Cap09.0 [7], Dragon3.01 [30], FastPlacel.0[29]
and Fengshui5.0 [31]. We are also interested in compar-
ing mPL5 with Aplace [18]; however, Aplace's binary is not
available for download. All the placers are run in default
mode. Table 5 shows that overall mPL5 producesthe short-
estwirelength. Compared to Cap09.0, mPL5 has 8% shorter



Level 1 Level 2 Level 3
WL = 1.21E+06 WL = 1.35E+06 WL = 1.40E+06
Runtime = 2.41s Runtime = 3.15s Runtime = 4.03s

Level 4 Level 5 After detailed placement
WL = 1.44E+06 WL = 1.49E+06 WL = 1.63E+06
Runtime = 9.49s Runtime = 33.63s Runtime = 14.17s

Figure 3: Placemen t solution at each level in the second V-cycle of mPL5.

mPL5 Capo9.0 Dragon3.01 | FastPlacel.0 | FengShui5.0 | mPL5-fast
Circuit | Wirelength(WL) | runtime(s) | WL,run time | WL,run time | WL,run time | WL,run time | WL,run time
ibm01 1.67E+06 64 1.08,1.90 | 1.02, 16.81 1.09, 0.10 1.08, 2.06 1.09, 0.23
ibm02 3.62E+06 126 1.09, 1.82 1.02, 7.34 1.06, 0.13 1.02, 1.93 1.02, 0.26
ibm03 4 57E+06 113 1.10, 2.56 1.05, 8.04 1.12, 0.13 1.03, 2.39 1.05, 0.28
ibm04 5.75E+06 151 1.06, 2.47 | 1.00, 10.95 1.04, 0.13 1.052.16 1.04, 0.35
ibm05 9.92E+06 158 1.02, 2.52 | 0.98, 17.36 1.05, 0.14 1.00, 2.29 1.05, 0.30
ibm06 5.10E+06 200 1.11,2.01 | 0.98,10.44 | 1.04,0.12 1.02, 2.12 1.03, 0.28
ibm07 8.23E+06 259 1.11, 2.45 1.04, 9.61 1.08, 0.19 1.09, 2.32 1.09, 0.30
ibm08 9.38E+06 389 1.05, 1.73 | 0.96, 15.47 1.02, 0.14 n/a 1.05, 0.38
ibm09 9.33E+06 342 1.08, 2.30 | 1.07, 16.26 1.12, 0.17 1.06, 1.72 1.07, 0.28
ibm10 1.73E+07 450 1.10, 2.42 | 1.04, 10.96 1.07, 0.20 1.07, 1.56 1.11, 0.30
ibm11 1.40E+07 437 1.09, 2.70 1.03, 7.81 1.09, 0.19 1.04, 2.31 1.06, 0.30
ibm12 2.23E+07 482 1.11, 2.48 | 1.03, 11.15 1.08, 0.20 1.07 2.03 1.06, 0.36
ibm13 1.66E+07 596 1.10, 2.32 1.05, 7.73 1.11, 0.20 1.09, 1.80 1.07, 0.28
ibm14 3.16E+07 1064 1.10, 2.49 | 1.05, 10.65 1.11,0.21 1.04, 1.20 1.08, 0.33
ibm15 3.85E+07 1379 1.09,2.41 | 1.04,11.14 | 1.13,0.23 1.07, 2.15 1.07, 0.30
ibm16 4.30E+07 1577 1.10, 2.29 | 1.05, 11.09 1.07, 0.23 1.09, 2.18 1.08, 0.30
ibm17 6.13E+07 1705 1.09, 2.32 | 1.08, 22.22 1.08, 0.23 1.08, 2.17 1.09, 0.30
ibm18 4.10E+07 1904 1.09, 2.00 | 1.02,17.84 | 1.10,0.25 1.04, 2.07 1.07, 0.29
average 1.00 1.00 1.09,2.29 | 1.03,12.38 1.08, 0.18 1.06, 2.03 1.07, 0.30

Table 5: Comparisons between mPL5, mPL5-fast,
gram failure is denoted by n/a.
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Figure 5: Scalabilit y plot of FastPlacel.0 and mPL5-
fast on IBM circuits.

wirelength and is 2X faster. Compared to Dragon3.01, mPL5
produces 3% shorter wirelength and is 12X faster. Com-
pared to FastPlacel.0,it outperforms the wirelength by 8%
but is 6X slower. Compared to Fengshui5.0, mPL5 has 5%
shorter wirelength and is 2X faster. The fast mode of mPL5
(mPL5-fast) can produce 1% shorter wirelength than Fast-

Cap 09.0, Dragon3.01,

FastPlacel.0 and Fengshui5.0. Pro-

Placel.0 and is only 2X slower in average. A scalability
plot of FastPlacel.0 and mPL5-fast is shown in Figure 5.
It shows that mPL5-fast is slightly more scalable and it is
expected that mPL5-fast will be faster than FastPlacel.0on
designwith millions of cells. Figure 4 shows the averageper-
formance of each placer. The wirelength and runtime shown
are divided by mPL5's wirelength and runtime respectively.
We remark that we do not compare with Dragon's xed-die
mode (routabilit y congestion driv en) results asin [29], asit
useslonger runtime and wirelength than the results of the
default mode (wirelength driven). Also we compare to the
latest binary of FastPlacel.0, which produces 5% shorter
wirelength than the results published in [29] with similar
runtime.

Wealsorun mPL5 on PEK O examples[13] which are a set
of synthetic benchmarks usedto evaluate how far placemert
tools are from optimal. In [13], it shows that the quality of
the current state-of-the-art placersis 50% to 150% from op-
timal. The results of mPL5 on PEK O suitel I, circuits with
pad connections, as well as other placers' results are shown
in Figure 6. mPL5 can produce placemert solution that is



very close to the optimaljonly
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Figure 6: Qualit y ratio on PEK O suitel I1.

20% away, which again is

the best among all existing placers.

5. CONCLUSION AND FUTURE WORK

To conclude, we have developed a multilev el generalized
force-directed placemert algorithm, named mPL5. Experi-
ments showv that mPL5 is a fast placement algorithm pro-
ducing the shortest wirelength among the state-of-the-art
academic placers. We remark that the GFD algorithm pre-
serted in the paper is not limited to standard cell placemert.
It is a general algorithm that can handle di eren t objectives
and density constraints. In the future, we will conduct ex-
periments on mixed-block placemert and add in supports of
other constraints suc as routabilit y and thermal.
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