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Abstract: Focus in the present rests on optimization of multi-objective standard cell placement for maximizing the speed
and minimizing power and interconnect wire-length with cell-width as a constraint. It incorporates fuzzy cost function rules
for designing of multi-objectives to integrate the cost of above defined objectives. A significant improvement is reported
when the iterative-constructive standard cell-placer combines a course grain timing-driven partitioning followed by adaptive
time driven construction of rows as well as selection of driver size. Iterative heuristic algorithms have been developed on
Genetic algorithm. These techniques are applied to standard cell ami libraries 20, 33 and 120. 20% improvement in results
on average running; almost twice faster than the commercial tools; and reduction of power by 12% is reported for the same
timing and wire-length.
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I. INTRODUCTION

Abundant literature is available for the standard cell
placement technique based VLSI optimization with one
variable. This paper presents simultaneous optimization of
two parameters viz. Minimizing Power & interconnect wire-
length and maximizing speed in placement at physical level
for a given layout-width. Fuzzy assisted multi-objective
(MO) Optimization Iterative approach based on genetic
algorithm (GA) is used to integrate the cost function (CF)
of the variables. Significant modification is seen when
mutation follows GA. Minimization of power and time is
achieved by iterative-construct standard cell-placer (IC-
SCP) algorithm that combines coarse grain time driven
portioning and adaptive timing driven construction of rows
and selection of driven sizes. Coarse placement is taken from
the delay bound. The latter is computed using Iterative Min-
Max Pert (IMP) algorithm for optimal values. The control
by dynamic evaluation of criticality for non placed nets is
shown to speed-up the iterative placement process. The
placement so obtained is corrected for constraints.

II. ALGORITHM-I: LOW POWER AND HIGH SPEED

The algorithm of Fig.1 has following functions:

1. Constraint Generation;

2. Partial Placement and Constraint Analysis;

3. Final Placement;

4. Optimization.
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1. Constraint Generation

In this section, algorithms for computation of delay bounds
and net criticalities are discussed and computed. The same
algorithm is reused in the final stage of placement to re-
compute the delay bounds and net criticality.

1.1. Computation of Delay Bounds

This section uses two groups of algorithms including zero-
slack and IMP. The latter finds a node with the minimal
positive slack and distributes it along the single path [8].
The IMP algorithm based on circuit topology and physical
characteristics of nets, works out slacks at circuit outputs
and distributes them globally. Based on position in the layout,
nets with similar physical characteristics have different
bounds. These two algorithms were used in [8] and in system
design tools such as IBM HDP [4]; Chip Architect from
Synopsis. The proposed algorithm computes delay bounds
repeatedly using IMP algorithm first at the Constrain
Generation step for circuit partitioning, and then after the
placement of each next set of rows to help ordering the cells
for placement.

1.2. Computation of Net Criticality

Estimating Net Delay by assuming m
k
 as center of

expectation (average) for normal distribution of the
probability density function f(k) and b

k
, a net delay bound

and defining Net criticality as N
k
 = 2m

k
/b

k
.

1.3. Circuit Partitioning

Here min-cut hypergraph partitioner [3] is used. This
algorithm produces the coarse partitions @ about few
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hundred gates per partition [1] [8] and allows to assign
different weights to edges to target different functions. In
our case, weights influence timing. They are derived from
the net criticality value. Partitioning proceeds recursively
until the size limit is achieved.

Figure 1: Flow of Algorithm-I

2. Partial Placement & Constraint Analysis

In this part of the algorithm row by row constructive
placement of the cells using partial placement to obtain
minimum timing and interconnect length is carried out.
Figure 2 shows the partial placement process. In Figure 2(a),
the cells C1, C2 and C3 are yet to be placed. After iterations
of construction process, first two cells are placed as shown
in Figure 2(b) and delay of the net n1 is reevaluated. The
net delay bounds for n2, n3 are recomputed. The exact routed
wire length of net n1 cannot be computed now since it is
determined by a router after placement. However, the exact
HPWL can be calculated from the partial placement. Using
the HPWL, resistance and capacitance of the net are
estimated using the wire load table of the standard cell

library. The estimated resistance and capacitance are used
to compute the delay of net n

k
 using the RC delay model.

Figure. 2: Partial Placement

2.1. Candidate Selection

This process characterizes vertical partitioning of the layout
area; followed by calculation of total number of available
routing tracks available and the row capacity. Cells are then
selected for each partition of the next row. The selected cells
are sorted for their cell criticality C

c
. Placement begins with

highest value of cell criticality. Defining for Net X, N
k
as the

Net Criticality, C
p
 = ratio of Number of placed cells and

Number of pins, then,

C
C

= KN

pX
K C

Calculation of cell criticality allows the identity and
verification of viable region for a candidate cell. This is a
region in a row where the sum of horizontal components of
connection to the already placed cells is a minimal constant.
Availability of viable region must be re-verified to eliminate
any cell having higher value of C

k
before the actual placement

of the cell prior to selection for placement.

2.2. Cell Location Assignment

Location assignment algorithm is used to assign cells from
the selected set. The linear complexity search is then
employed for the optimal location with the minimal length
of interconnection of each candidate inside the feasible
region and also to avoid any overlap.

3. Final Placement

Based upon their timing criticality and the cumulative length
of interconnect to the placed cells, the individual nodes for
each row are selected. After the placement of few rows, the
delay bounds are recomputed and used for the cell placement
in the next rows. As the partial placement provides more
realistic data on delays of placed nets, this information is
now accounted in re-computing delay bounds of non-placed
nets. The algorithm already used in constraints generation
phase is recalled to compute the Delay-Bound and Net -
Criticality.

4. Optimization

At this step of the algorithm, length of interconnects of the
placed cells is minimized by moving rows by reusing the
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algorithm of first step. The three key activities performed
are:

4.1. Location Reassignment

Here locations of all cells in a row are reassigned to their
best position by a backward path propagation algorithm.
Thus cells from the last row are reassigned to the first row
using the location assignment algorithm.

4.2. Cell Orientation Optimization

For each cell, the HPWL for the current and flipped
orientation are computed. The final orientation with the
smaller HPWL is assigned. This reduces the wire length

4.3. I/O Assignment

The fixed I/O pins affect the feasible region identification
for the cells connected to I/Os during the construction
process. The non-fixed I/O pins are placed in the end as
regular cells withholding the potential locations on the chip
periphery.

III. ALGORITHM-II

This section deals with multi-objective standard cell
placement (MO_SCP) using an iterative approach based on
GA to optimizing power consumption, delay and wire length
for a fixed width of the layout as a constraint [2]. Fuzzy
based cost functions for individual parameter is included.

Wire length Cost function: If N is the number of nets
and W

Lx
, the wire length estimate for a net x then the total

wire length is computed as: Wire
cost

= Σ W
Lx

 x ∈ N

Power Cost Function: Power consumption of net x in
a circuit is: P

x
 = ½ C

x
S

x
 (V2

DD
. f. β), where C

x
 is the sum of

gate and interconnect capacitance of the instant net, S
x
 is

the switching probability; V
DD

 and f are supply voltage and
clock frequency respective; β is a constant. For constant
VDD and f, since the interconnect capacitance directly
depends on associated wire-length,

P
x

∝ C
x
.S

x
∝ L

x
.S

x

Therefore, Power
cost

= x
x N

P
∈
∑ ∝ ( )x x

x N

L S
∈

⋅∑
Delay Cost Function: The longest path in a circuit

decides the Delay-Cost. If , D
swtx

 is the switching delay of
the cell driving net x and D

intx
 is its interconnect delay,

Delay
longest path

=
1

swtx intx
1

( )
n

x

D D
−

=

+∑
Switching delay being technology dependent, remains

unchanged. It is this inter-connect delay that is affected in

this placement phase. To integrate the multiple & conflicting
objectives into one scalar cost function the following fuzzy
rule is used:

avg avg
, ,

, ,

1
min{ ( )} (1 ). ( ) if Width

3

0,otherwise

i i
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i P WL D

k k W W
= =

 α ⋅ µ + − α µ − ≤ α ⋅



∑

Figure.3: Flow of Algorithm II

The above fuzzy rule is translated like OWA fuzzy
operator [6] and membership m(k) of a solution k in fuzzy
set to yield attributes of good placement solution: they are
low power consumption, short delay and small wire length[].
Here P represents widths for power consumption; W

L
, wire

length and D, delay respectively. α is the constant in the
range [0,1]. The solution that results in maximum value of
µ

i
(k) is reported [5] as the best solution found by the search

heuristic.

GA based approach again is divided into four stages
of operation:

1. Initial Stage, 2. Fitness Evaluation, 3. Parent
Preference & Crossover, 4. Selection & Mutation

1. Initial Stage

1.1. Chromosome Encoding

Here a placement solution is represented in the form of a 2-
D square grid.
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Due to varying widths of the cells in a circuit, the rows
may not have equal number of cells. Consider a circuit
comprising of 12 cells. Probable layout would be a matrix.
The number of columns are computed using average row
width over the smallest cell width and the number of rows
obtained by the min-cut placer. Let it be 4 × 4 with 4 empty
cells.

1.2 Initial Solution Generation: Looking at the
probable placement of 12 cells, initial solution is generated
by random selection of 4 cells from the set of 12 and placing
them in the first row after affirming that the sum of their
widths is within the constraint limits. If violated, a cell should
be placed at the start of next row. As a result, there can be
empty locations. To pack the grid, we fill the empty locations
by dummy cells represented by negative integers.

2. Fitness Evaluation

The fitness of a solution lies in the range [0-1]; is a measure
of its proximity to the optimal solution. We initially assign a
fitness value of 0 whereas the optimal solution is assigned
1.

3. Parent preference & Crossover

3.1. Parent Preference

It uses the roulette wheel scheme [6] of parent selection. An
individual chromosome is selected with a probability
proportional to its fitness value. Thus the individuals having
low fitness values are selected with low probability.

3.2. Crossover

Each gene in the chromosome representation is distinct and
this property must be retained from generation to generation
for a valid solution without duplicate. Therefore we use order
crossover, PMX and RPMX operators. In RPMX, PMX is
applied between first and second parent and then between
second and first parent; to generate two off-springs. One,
having higher probability, say p

h
is taken to perform the

crossover operation to choose two parents. Now a random
number n

r
is generated, and if n

r
< p

h
crossover is applied

else the process is repeated. This process however ensures
that total number of off-springs generated is equal to the

population size. On generation of a new offspring if the width
cost of the circuit violates the width constraint, it is discarded.
This process continues until the number of off-springs is
equal to the initial population.

4. Selection & Mutation

1.1. Selection

Selection is performed before the mutation. This encourages
the diversity in the population by ensuring the transfer of
mutation effect into next generation. It is experimented with
different selection schemes. In elitist roulette random and
extended elitist-random, the best half of the chromosomes
is chosen while the remaining half is selected using roulette
wheel [ ] or, can be selected at random. Similarly, in elitist-
random selection, the best one is selected from parents and
off-springs, while the remaining, randomly.

1.2. Mutation

Mutation is a function of the diversity of the population
associated with dynamic probability. It is used for next
generation population selection. The mutation probability
increases when population looses the diversity. We
implemented mutation as a series of random pair-wise
interchanges. The number of inter-changes taken depended
on the size of the circuit having n cells. A random fraction
fract between 0.02 and 0.04 was generated and fract x n
interchanges were made.

IV. RESULTS AND DISCUSSIONS

The algorithms were implemented in C language. Nine
different test-cases mapped over 0.18 micron, 5 metal layers
of ami standard cell libraries [7] were considered.

Results of algorithm-I were compared with the Cadence
AMOEBA placer-SOC Encounter (SOCE) in the timing-
driven placement mode with floor-plans were initiated with
0.85 utilization factor. Every placement produced by the
AMOEBA and Algorithm-I was routed had many violations.
Timing analysis and power estimation were performed by
the Cadence SOCE. Table-1 compares the experimental
results of Algorithm I including the critical path delays.

In Algorithm-II, layout width was constrained not to
exceed 1.25 times the average row width by fixing α = 0.3.
In case of GA, results were computed over 20,000
generations. The population size was kept 40 chromosomes
and RPMX crossover with a probability=0.95. Extended-
elitist random selection gave the best results. Table 2
summarizes the results of GA based algorithm. The circuits
are listed in the increasing order of the number of contained
cells K. Here Wire

Cost
, Power

Cost
 and Delay

Cost
 represent the

wire length, power and delay costs respectively, µ(k)
represents the fuzzy membership.
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Table1
Algo-I Compared to Amoeba-SOCE

Wire Length (mm) Delay (nsec) Power (mW)

Std. Complexity Amoeba Algo-I Algo-II Amoeba Algo-I Algo-II Amoeba Algo-I Algo-II (k)
Cell
instance

ami20 Minimum 461293 457523 456422 6.925 5.461 5.246 59.18 5.461 5.117 0.652

ami20 Moderate 549549 537840 537840 8.623 6.968 6.489 64.68 58.43 57.64 0.673

ami20 Maximum 756435 654922 654625 12.432 9.879 9.773 89.76 77.64 77.26 0.695

ami33 Minimum 644563 578565 578461 9.544 7.624 7.281 72.54 65.42 64.98 0.724

ami33 Moderate 787567 717655 717545 13.735 11.456 10.959 87.83 78.63 78.14 0.674

ami33 Maximum 929871 869786 869442 18.285 15.868 15.232 98.65 91.54 91.02 0.776

ami120 Minimum 1204364 1194231 1193433 34.583 26.652 26.027 126.53 115.23 114.52 0.827

ami120 Moderate 1328645 1263433 1261246 37.754 29.724 29.129 132.87 121.42 120.65 0.843

ami120 Maximum 1500032 1498761 1495627 42.549 35.381 34.438 144.47 136.56 135.86 0.886

V. CONCLUSION

Data in table-1 depicts that Algorithm-I produces average
solutions with 20% better timing, 12% saving in power
consumption and is 1.8 times faster than the timing driven
AMOEBA-SOCE.

We subsequently presented an iterative approach in
Algorithm-II based on GA for MO optimization of VLSI
SCP. The fuzzy logic is used to integrate the three objectives
wire length, delay and power into a scalar cost function. It
is interesting to note that Algorithm-II showed marginal
improvement in all the parameters over Algorithm-I for all
the three levels of complexity of ami standard cell libraries.
This encourages further improvising the iterative approaches
for multi-objective optimization.
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