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Abstract

Stmlatcd Anncaling is o peneral purpose combinatorial optimization technique which
has heen applied to many problems in VLST design. In essence, simulated anncaling
is Monte C'arlo iterative improvement with the ability to conditionally accept up-
hill moves. The notion of a cooling schedule is common to all simulated annealing
nnplementations. A cooling schiedule can be thonght of as simulated anncaling'’s

cont I‘()l llll'('llilll‘l.‘\'lll.

Fxperiential work has been done on estimating the cost of an optimal solution to
somne combinatorial optimization problem instances. Such an estimate can be used
to < dermine termiration criteria for general purpose optimization techniques such
as iterative improvement or simulated annealing. We have extended this idea and
designed a complete simulated annealing general cooling schedule based on the cost
ol an optinmal solution to a problem instance. We call the resultant schedule an

crtendod qoal-dircetod  peneral cooling schednle,

Oue of the major problems with simulated annealing is its long computation times.
his problen can be addressed by dirst using a fast heu istic to find a good initial con-
figuration and then applying simulated annealing. This approach is called Simulated
Stuteron.

Fo expiod tne potential of simulated sintering one needs an appropriate general
cooling schedule. The extended goal-directed cooling schedule is equally applicable

to simulated anpealing and simulated sintering,




To date, no one cooling schedule has proven suitable fer all optimization problem
instances.  In our view, no such cooling schedule exists, Consequently, we have
attemipted to identily the type of problem hest suited to optimization by simulated

annecaling and simulated sintering using the extended goal divected sehedule.

We have applied the extended goal-directed schedule to standard cell placement
and floorp'anning problems using both siimulated anncaling and simulated sintering,
Within this context, we have compared the performance of the extended goal divected
schedule to other published schedules. Our results indicate that in terms of layeout
quality, the extended goal-directed schedule performs as well or hetter than the ot her

schedules.

In this dissertation, we have developed a new general cooling schedule, Our eval
uation of Lhe extended goal-directe  chedule suggests that it s a useful rescarch

contribution in the arca of simulatea anncaling algorithms.
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Chapter 1

Introduction

1.1 Motivation

Many problems in engineering and the sciences involve choosing a *hest” solution
fron: among a large number ol possible solulions. This type of problem is known
as oplimizalion. In the past, optimization techniques have heen developed i an ad
hoc fashion yiciding a multitude of single purpose procedures. Some genceral purpose
techniques also exist. [n this dissertation we study one of the more recent general
purpose optimization techniques called Simulated Annealing (and a derivative of sim

ulated anncaling called Simulated Sintering).

1.1.1 Simulated Annecaling

All existing simulated anncaling implementations strive to find a *hest? solution to
an optimization problem. One solution is judged hetter than another hy some metrie

known as solution cost. A best solution is found by searching a portion of the total
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number of solutions to the optimization problem. Tle existing simulated annecaling
procedires terminate onee certain termination criteria are satisliec. A solution of
feast cost encountered during the seareh is deemed the *hest” solu ion. Typically,
these termination criteria are Lime related and are chosen without repard to the cost
of an optimal solution to the optimization problem. " ne primary motivation for this
dissertation is to determine how the cost (exact, estimated, or lower-bound) of an

eplimal solution can be used to control simulated annealing’s configuration search.

Rescarch on simulated annealing algorvithms can be ¢ vided into chree areas namely,
applications, acceleration and foundations. The area of applications is concerned with
applying the simulated annealing technique to problems. Research in acceleration is
concerned with implementation issues such as efficient data structures and efficient
cost. Tunction evaluation. Resecarch on the foundations of simulated annealing is con-
cerned with determining which problems are amenable to optimization by simulated
anncaling; the development of new cooling schednles and determining which cooling

schedule hest suites a particular problem instance.

This dissertation is concerned with research on the foundations of sinulated an-
nealing. In particular, we develop a new cooling schedule calied the extended goal-
directed schedule which is based on the cost {exact, estitnated or lower-bound) of
an optimal solution to a problem instance. We give guidelines on when to use the

extended goal-divected sehedule based on problem-instance statistivcs.

We apply simulated anncaling using the extended goal-directed schedule to five
instances of an idealized problem from VLSI physical design. This is done to evaluate
the schedule’s performance. In order to putl this werk in context, what follows is a
brief discussion of the digital system design process of which physical design is the

last phase.
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Reqairements

Design
Specification
specification
Functional
Design
behavioural
represeniation
Logic
Design
structural
representation
Circuit
Design
structuial
representation
' .
! Physical
l Design
physical |
representation |
v
Fabrication

Pigure 1.1 Phases ol Digital System Design.
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1.1.2  The Digital System Design Process

The digital syst-1m design process can be divided into five phases (Fig. 1.1). In phase
one, a design specificalion is produced based on the requirements of thie system. The

lesign specification pliase i nsuallv a time-consuming manual step.

Fanctional desigr is concerned with system behaviour. For a given system in
pul, a bchaviowral representation enables one to determine the system’s output. For

exaaple, a trath rable is one type of behavionral representation.

The logie desian phase is concerned with the logic structures that implement
the functional design, The eircuil design phase is concerned with the the electrical
characteristics of basic circuit elements. Both these phases contribute to a struclural
representation of the system which deseribes compenents of the cystem and Jeir

interaction.

In the physical design phase, Lie structural and behavioural representations from
thie previous phases are transfermed to a physical representation. A physical repre-

sentation defines geometric shapes used in the fabricaticn of the digital system.

The secondary motivation for this dissertation is to gain experience in the physical
design of integrated circuits. Much work has been done on automating the physicai
design phase. The importance of this problem continues to grow due to the increasing
complexity of integrated circuits, Consequentlv, work on physical design automation

is still, ond will continue to be, an active and challenging research area.

1.1.3 Goal Oriented Optimization in VLSI

Optimization in VLSI can be goal oriented in the sense that a circuit must be opti-

mized to fit into a certain area or perlorm to some specification. This type of scenario
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is well suited to the notion of using the estimated cost or lower bound cost of an op
timal solution to control simulated anncaling's search for a best solution. 'his is the
case since the cost of an acceptable solution can be substituted for the cost of an
optiraal solution. In this way, simulated annealing’s scarch for a best solution can he

tailorer for a sprcific problem instance,

1.2 Dissertation Organization

In Chapier 2, we introduce a framework for discussing optimization, This framework
includes definitions, an optimization henchmark and a discussion of one of the simplest

optimizatio techniques namely, iterative imrovement.

Optimiration by simulated anncaling is introduced in Chapter 3 along with several

cooling schedules (or control mechanizms).

In Chapler 4 we introduce the goal-directed cooling schedule and the extended
goal-directed schedule. Both are based on the cost (exact, estimated or lower hound)
of an optimal solution to a problem instance. The performance of the extended goal-

directed schedule is evaluated on six instances of an idealized placement problen.

Chapter 5 describes siinulated sintering whieh is anothier general purpose opti
mization technique similar to simulated anncaling. We show how the extended poal

directed schedule can be used as a cooling schedule for simnlated sintering,.

In Chapter 6, we deseribe two VLSI physical design styles namely, standard cel
and macro/custom. We report the results obtained by applying simulated anucal
ing (and simulated sintering) using the exteuded goal-directed to eight standard. cel]
placement problems. We also demonstrate how simulated annealing (and shiifated

sintering) using the extended goal-divected schedule can be applied to macro/custom
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placement.

In Chapter 7, we give guidelines on when to use the extended goal-directed sched-
ule hased on problem-instance statistics. We close Chapter 7 with a dissertation

summary, including research contributions, and suggestions f{or possible future work.




Chapter 2

Optimizaticn

The purpose of this chapter is to provide hackground smaterial for s dissertation
We begin by defining combinatorial optimization. A framework for disenssing peacral
purpose combinatorial optimization is then introduced, This framework consists of
defimitions and notation, and an idealized placement problem. The purpose of Lhe
idealized placement problem is to provide a henelinark for comparing the petlorianee

of general purpose combinatorial optimization procedures,

Iterative improvement is one of the simplest general purpose combimatorial opta
mization techniques. The fatter part of tis chapter contains a deseription of ilevalive
improvement and an evaluation of its performanee on oar idealized placement preb
leri. We inelude this now because later in the dissertation, we deseribe and evaluate
other more claborate general purpose combinatorial oplimization techuigues relative

to the description and evaluation of iterative tnproverment.,

-1




oL

CHAPTER 2. OPTIMIZATION
2.1 Combinatorial Optimization

A problemn instance can be deseribed by a title, a specification and a question. For

example, we can deseribe an instance of two-level Boelean minimization [8] as follows:

Title Two-level Boolean Minimization.
Speet [ieation : f{a,b) = @h+ab

(Canonical sum of products expression.)
Question : I'ind a sum of products representation for f(a,b)

where the number of product terms is minimized.

The above problem instan ¢ has four feasible solutions namely, @b+ab, @b+0b, ab+b

and b, All feasible solttions th a problem instance solve the given problem.

A real number is associated with each feasible solution. This number is the cost
of the feasible solution with respect to some optimization criteria. A function which
maps feasible solutions to costs is called an objective function. If we define the objec-
tive function in our example problem to be the number of product terms in a sum of
products expression then @h+ab, ab+b and ab+b each have a cost of 2 and, b has a

cost. of 1.

An optumal solulion to o problem instance is a feasible solution with minimum
cost. With reference to our example problem, the feasible solution b is an optimal
solution since it has the least cost from among the four feasible solutions. A near-
optimal solution Lo a problem instance is a feasible solution with cost close (in some

sense) to the cost of an optimal solution.

An optimization problem instance is completely characterized by a set of feasible
solutions and their costs. An optimization problem instance is solved by selecting an

optimal solution or in some cases, a near optimal solution from the set of feasible so-
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lutions. If an objective function is a function of diserete variables then, the associated

optimization preliem is called combinatorial optimization (C'O).

2.2 Definitions and Notation

Let s be a configuration of parameters which represents a [easible solution Lo an
optimization problem instance.! Let the set of all feasible solutions to a problem
instance be represented by the set of configurations S (s < 5). The set S s called a
configuralion space. Let (" he an objective cost fune on. (Note, delinitions | through
6 come [from Papadimitrion and Steiglitz [22). Delinitions 7, 8 and 9 are provided by

the author.)

Definition 1 _An instance of « CO problem is a pair (S,C") where S s a configura-
lion space and (' is @ mapping

('S5 R
Definition 2 A CO problem is a sel of 'O problem instances.

Definition 3 The aim of optimization is lo find an oplimal configuralion s, ¢ S

where

Clsy) < '(s,) Vs, eS8

The term global manimum configuration is a synowym for optimal configuration.

Definition 4 A neighbourhood is a mapping

('S — 25 (the power set of S)

defined for cuch CO problem instance.

'From tins point on, the terms feasible solution and configuration are used it ~changeably
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Definition 5 The configuration s, is a ncighbour of the configuration s, (sz,sy € 5)

if
s, € G(sy)

Definition 6 The configuration s, € S is a _locel minimum if

Clsa) < Clsy) Vsy € Gse)

Definition 7 A down-hill path of lenglh n is a sequence (sq, 82, .., 8,) where

(a) s, ¢85 (1< o <n)
([)) (’('“'n) < ('(“le)*('(”vwl) < ("(Sn-?.)v "’("'(S'l) < ("‘(Sl)

(¢) wn € G(sp 1) Snot € ((Snea)y .82 € (1)

Definition 8 A region is a pair (s, 1) where s, € S, RC S and V s, € R, both s,

and s, cxist on the sarme down-hill path and C'(s,) < C(s,y).

Definition 9 The configuralion s, € S is a regional local minimum in the region

(s, 7).

Throughout this dissertation, the notions of hills and valleys are used to de-
scribe (2O problems. Pigure 2.1 shows a model cost versus configuration curve. In
reality, a plot of cost versus configuration for a CO problem instance would be a
multi-dimensional contour. FFor discussion purposes, we model this contour as a two-
dimensional curve. In keeping with this model, we use descriptive language which is
continuous in nature. ‘T'his is done with full knowledge that cost versus configuration

contours are disciete.
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With regard to Figure 2.1, adjacent configurations on the horizontal axis are
neighbours and the curve itself is viewed as a terrain of hills and valleys. Fach valley
is considered a region. A regional local minimum is located at the bottom ol cach

valley.

A procedure that solves a CO problem is called a CO alyordhm. Within the
analogy of hills and valleys, an optimization algorithm corvesponds to placing a ball
somewhere on a cost versus configuration curve and giving it the ability to voll.
Algorithm termination corresponds to stopping the ball. 'The contiguration at which
the ball starts to roll is called the initial configuration. The configuration with least

cost, encountered while the ball is rolling, is called the ternnnal confiquration.

2.3 Heuristic Optimization

An optimization algorithm is eract if it yiclds an optimal configuration to every
instance of an optimization problem. One obvious exact algorithm Tor CO is to
examine each configuration in the configuration space of the problem instance and

select a configuration which minimizes the objective function,

Many CO problems are NP-hard [33]. All known exact algorithims for NP hard
optimization problems require a computational effort whose worst case Lime complex
ity is at least exponential in the size of the problem instance. For farge instances of
NP-hard optimization problems, the use of any known exact optimization algorithm

would be impractical since it would require prohibitively large execution times.

As an alternative to exact algorithis, heuristic or approximate algorithms may
be used to solve ('O problems. Heuristic algorithms yield optimal or near optimal

configurations to NP-hard optimization problems and typically require a computa
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IMigure 2.1: Cost vs. Configuration: Hills and Valleys.
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.

procedure general purpose combinatorial optimization{in sg: out s,.);

var sp,8p,8,.X cconfiguration;

(* 80 = initial configuration Y
(* 5, = Llerminal configuration ')
(™ X = current conliguration ")
(* s = sclected neighbonr conliguration *)

begin

X = sp;

repeat

sclect s (Y s € G(N) )
il accept(C'(s)) then
X =
else
NOP
until termination
sp=X
end;

Iigure 2.2: General Purpose Combinatorial Optimization.

tional effort whose worst-case Lime complexity is bounded polynomialy in the size of

the problem instance. Low order polynomial time algorithims can be practical.

2.4 General Purpose Optimization

Optimization algorithms which are problem independemy are called general purpose.
General purpose optimization algorithms presuppose the existence of a current con
figuration, a neighbour selection mechanism and an objective Tunction. We Thnit our

attention to algorithms which proceed by selecting & neighbour of the current, config
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uration and aceepling or rejecting it based on its cost. In the event that the selected
neighbour configuration is aceepted, then it is made the current confliguration. If the
selected neighbour configuration is rejected then it is discarded. The above procedure
is repeated until some termination criteria are satisficl. A pseudocode definition of

general purpose combinatorial optimization is shown in Figure 2.2.

2.5 Monte Carlo Combinatorial Optimization

The term Moule “'arlo Method is usea to deseribe any algorithm that employs random
numbers [15]. Combinatorial optimization using a Monte Carlo method is called
Montc Curlo combinatorial optimization. Monte Carlo combinatorial optimization
techniques come in many diflereni flavours {20]. In this dissertation, we examine four
Monte Carlo combinatorial optimization techniques namely, Monte Carlo [teralive
lmprovement (Chapter 2), Simulated Anncaling, Simulated Sintering (Chapters 3,4

and b) and Simulated Fvolution (Chapter 7).

2.6 Iterative Inmiprovement

[Lerative imorovement is a general purpose optimization technique. Starting (roin
an initial configuration sy € S, iterative improvement transforms sg to a terminal
configuration s, € S. 'This is achieved by censtructing a sequence of configura-
tions g, 5, 08008, The configuration s, must come from s;-;’s neighbourhood

(L <p). Inaddition, ('(s,) < C(si1), (1 <1< p).
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procedure Herative improvement{in sg; out s,);
var sp,dp,s, N iconliguration;

begin

X = S04

repeal,
select s (" s e GEN)Y )
il C(s) < C{N) then

N o=
until C(X) < ('(s,) Vs € G(N)
sp=X
end;

Figure 2.3: Tterative limprovement,

The acceptance of s; as the successor Lo s,y is said Lo be a down-hill move sinee
the cost of 8; must be less than the cost of s,y (I < ¢ <0 p).? [Lerative improvement,
permits only down-hill moves and terminates when no further down hill moves are
possible, t.e., when (/(s,) < Csp) Vs, € Gls,). A psendocode definition of iterative

improvement is shown in Figure 2.3.

To date, it has not been possible to give a useful upper hound on iterative nn
provement’s worst case time complexity 133]. Nevertheless, iterative mprovement
has been shown to he effective for solving many different combinatorial optimization
problems [11, 16]. In the absence of any meaninglul theoretical analysis, we tnrn our

attention to an empirical study.

ZNote that C(s;) must be strictly less than (s, ), equality does not constitute aw down-hll

imove.
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2.7 An Empirical Evaluation

A suitable problem is required for evaluating optimization procedures. We choose
square array placement [29] as a benelimark since it is representative of placement in
VLSI physical design.

A single application of an optimization procedure to a problem instance is called
a frial. We evaluate an optimization procedure by performing multiple trials on a

g.ven problem instance,

Isach trial starts with a different initial configuration. Let us say that we perform
100 trials. This would result in 100 potentially different terminal configurations.

We record terminal configuration cost statistics to measure a procedure’s ability
to produce, on average, quality terminal configuralions for a given problem instance.
We also record the average number of configurations examined over all trials far a
given problem instance, This statistic is a measure of how long a procedure takes,
on average, to locale a terminal configuration. IKnowledge of these statistics is
important for the purpose of comparing and contrasting different procedures. For
example, consider the situation where we compare two optimization procedures and
find that the average terminal configuration cost for procedure 1 is less that the
average terminal confliguration cost for procedure 2. We use this as an indication
that procedure 1 is more likely to produce a terminal configuration with overall least
cost. This is not to say that for a given number of trials, procedure 1 will always

produce a terminal configuration with overall least cost.

Square array placement (SAP) is an idealized form of floorplanning. SAP is a
geometrie problem concerned with placing unit-square objects in the plane. These

unit-square objects are called cells,

The placement plane is partitioned into an mxm array of cell locations. Fach cell

3‘9
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location can accommodate a single cell. The total number of celis to be placed ta the

array is m?. Cells are labeled 1 to m?,

Let Al be the set of cell labels for the SAP problem. A two-terminal wet-list is a
subset W of the Cartesian product of A7 with itself, An element of W is called a net.
A net represents a connection between two cells. In terms of VISE physical design, a
net is realized by a wire in an integrated cireuit,

A SAP problem configuration is an assignment ol celts Lo cell Jocations. The

configuration «, is a neighbour of & (s,,5, ¢ S} if s, can be transformed 1o s,

by swapping the positions of two cells in s,. Consequently, cach conliguration has

11L2

= N neighbours and [S] = (mn?)!.
P

For a given configuration, cach cell has a location which we deseribe by the artay
coordinates (#,y) (I < &,y < m). Bach net is given a cost which corvesponds to
the sum of the horizontal distance and vertical distance between the net’s cells. For
example, if a net conneets cell 1 located at (3,5) to cell 2 located at (6,1) then Lhe
vertical distance between cells | and 2 is 3 and the horizontal distance bhetween cells

L and 2 is 4. The sum of the horizontal distance and the vertical distanee is 7 and is

called the Manhattan distance.

The Manhatian distance for cach net is caleulated and stmmed 1o give the total
Manhattan distence. The total cost of a configuration s defined as five thnes the
total Manhattan distance (29]. The factor five is of Siarry’s invention. [t has heen
sarried over into our work simply because we want Lo use the same cost function as
Siarry used in his trials.

The objective of the SAP problem is to deterimine an assigniment of cells to cell Jo

cations such that the total Manhatian distance between connected cells is iminimized.

Two different net-lists are considered. The first netlist comes from Siarry [29)
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Figure 2.4: 5 x5 SAP: Optimal Configuration. (Siarry’s net-list).

and is constructed such that in an optimal placement, each net is connected to its

nearest horizontal and veriical neighbours only. An optimal solution has cost:
5#2(m" —m)

Figure 2.1 shows an optimal Hx5 placement (nearest neighbours connected). For
comparison purposes, Figure 2.0 shows a non-optimal placciment. Each configuration
has 300 neighbours and S| = 25! ~ 10?5, There are 8 unique optimal configurations.
ILach optimal configuration has a cost of 200.

The second net-list applies only to 5x5 SAP and comes [rom Sechen [27]. Figure
2.6 shows an optimal placement. There are 16 unique optimal configurations. Fach

optimal configuration has a cost ol 190.
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Figure 2.5: 5<H SAP: Non Optimal Configuration (Siarry’s net list).

Neighbour Label §| | 2003 Lot mtim?yd T N

Cell Pair L2113 10 047 ... [ INTTE 2.4 Lmz |
SN T |

Table 2.1: Neighbour Labeling
2.7.1 SAP Neighbour Selection

The essetice of any neighbour selection mechanism is the order in which neighpour
configurations are examined. For cas of relerence, let Table 2.1 define a neighbour
labeling for the mxm SAP problem, e.g., the configuration found by swapping the
positions of cell 1 and cell 2 is called neighbour 1. Neighbour selection corvesponds to
selecting a neighbour from the current configuration’s neighbourhood. Many different,

neighbour orderings are possible.
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IMgure 2.6: 5APP: Optimal Configuration (Sechen’s net-list).
g | g

We nse the following procedure. Selection from the neighbourhood is performed in
a psendo-random order. A pseudo-random number in the range [1, N] is generated.
[l the vumber is say 5, then neighbour 5 is selected. Onee a neigiibour has been
selected, it is not considered again for selection until such time as all other neighbours
have been selected. Neighbour selection continues by generating additional pseudo-
random numbers. Note that for iterative improvement, the order in which neighbours
arc examined is usually fixed. Tterative improvement is sometimes referred to as
Monte Carlo iterative improvement when neighbourhood examination is performed
in a psendo random fashion,

We evaluated iterative improvement on the 5x85 SAP problemi. The results are

shown in Table 2.2, For both net-lists, 100 trials were performed. Fach trial had a

different starting configuration which was chosen at random. In the cost and config-
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Net-list Cost (Opt. =200} ('nnfig,urnti/(-)dlﬂn‘;u m(')vi)hinml Wbl"mw» ’(ks‘)w
mean  std ey owaax | mean shd it hean

Sinrery | 313 bR 320 126 | 896 o ﬁl’»lAl* i M(V)W B ()‘ZH‘)”

Sechen | 261 20 215 425 1 765 ,lw ) 0 e l).&i',! B

Table 2.2: 5=5 SAP. lterative lioprovement. (100 Trails.)

urations columns, mean and std stand for mean and standard deviation tespectively,
The best and worst terminal confignration costs are piven by ryygy and ey oy and,
the optimal column contains the percentage of trials which ternnated moan optimal

conliguration.”

From Table 2.2, it can be seen that iterative improvement failed to ind o single

optimal configuration in any trial (Siaveyv’s and Sechen™s net lists).

For Siarry’s net-hst, an average of 896 conhigurations were exannned vielding an
average terminal confliguration cost of 313 (T1.5% ol the optimal). ot Sechen™s net
list, an average of 765 configurations were examincd vielding an averape terminal

configuration cost of 261 (37.3% oll the opiimal).

All of iterative improvement’s drawhacks stem from the et that only dowes hill
moves are allowed, Terminal configurations are alwiys local mininma wlnch ave varely
optimal. Terminal conlignrations are alsa dependent on the starting, confipnration.

In general, there ave no guidelines aviatbable to select o pood starting confipuration.

Some of the above problems can be addressed by extending itevative improvement.

In the [cHowing section, three extensions are considered,

IAN tinnngs were performed on a SUN SPARC 2
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2.8 Tterative Improvement Extensions

A single application of iterative improvement finds a local minimum in the region
of the initial + figuration. ‘The repeated application of iterative improvement to
different initial configurations vields a number of local minima [38]. We call this
approach wulliple tnprovensont. In multiple improvement, the local minimuam with
the least cost is selected as the terminal configuration. For example, if the 100 trials
reported in Table 2.2 are cousidered a single application of multiple improvement

then 89,6400 conligurations were examined yielding a termina! configuration cost of

220 (Siarry’s net-list ).

The question arises as to how many initial confligurations should be examined dur-
ing multiple improvement. T'he probability of finding a global minimum tends to 1
as e nuraber of initial configurations examined in multiple improvement approaches
[S1. Suclr an observation is of no practical use in deciding how many initial configu-
rations woula hiave to be considered to yield a near optimal terninal configuration.
There is no known relationship between the number of initial configurations consid-
ered by multiple improvement and the quality of its terminal solution other than the

limiting property stated above,

Newghbourhvod «nlargement increases the number of configurations in a neighbour-
hood. In the case of the SAP problem, neighbourhood enlargement can be achieved

by, lor example, swapping the positions of four modules instead of twe. For the 5x5

25
SAP problem the resulting neighbourhood size would increase from = 300 to
2
l)'r \
= 12,650, We evaluated iterative improvement with an enlarged neighbour-
l )

hood (12,650 neighbours) on the x5 SAP problem (Siarry’s and Sechen’s net-lists).
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Net-list Cost {Opt. =19 {‘onfigu ratinn: ()p(jl‘l-l'lyg{i—ﬂrfiv“i{l;v(V.-:)w
mean  sld  rappy rarax | mean st 1 mean

Siarry | 295 34 200 300 | 33,539 10,067 | ] l’)?’)1

Sechen | 233 I8 200 2R5 [ 28,8044 6907 “"“‘““ ““—Iﬂ.:;:;’"w-

Table 2.3: 5x5 SAP: lerative Improvement (Fanlarged Neighbourhood). (100 Trials.)

Te results are shown in Table 2.3,

From Table 2.3, it cen he seen that iterative improvement with an enlarped neiph
bourhood found an optimal configuration once for Siarry’s net hat and failed to find
an optimal configuration for Sechen’s net hist. Relative to the results obtained nsing
iterative improvement, the ¢ verage terminal cost for both net-lists has heen reduced

by 14% and 119 respectiveyy. This increase in the quality ol the average terminal

configuration comes at a cost. r.c., a substantial increase in the average number of

cenfigurations examined. For Siarey's net-list, an average of 33,539 conlignralions
were examined yielding an average terminal confliguration cost of 295 (17.5% ol the
optimal). For Sechen’s net-list, an average of 28,901 confignrations were examined

yielding an average terminal configuration cost of 233 (22.6%, off the optimal).

The detrimental effeet of iterative improvement’s strictly down hill policy is less
ened by neighbourhood culargement. This is the case sinee increasing the size of a
neighbourhood increases the chance of finding a down-hill move. However, neighbour
hood enlargement also results in an increase in the munber of configurations that must
be examined. The question arises as 1o how large the neighbonrhood should he wo
that terminal configuration costs are near optimal and the number of configurations
that must be examined remains simall (relative to the size of the confignration space).

In general, there are no guidelines available to determine anideal neighbonrhood size.
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2.9 Summary

In this chapter,a framework for discussing optimization has been introduced. Within

this framcework, erative improvement has been examined.

[Lerative improvement has one main weaknesses i.e., its inability to free itsell from
local minima and continue towards a global minimum. This i the case since only
down-hill moves are allowed. To overcome this problem, some form of controlled
up-hidl movement (.o, the acceptance of cost increasing moves) st be incorpo-
rated into iterative improvement. Multiple improvement is one approach. Another
approach is tevined il elinbing and was first introduced by Kirkpatrick [12] in the

form of Simlated Anncaling. Simulated Annealing is the subject of Chapter 3.




Chapter 3

Simulated Annealing

In Chapter 2, we saw how iterative improvement is usually unable to free itsell from
local minima and continue to a global minimum. One way to address this prob
lem is to allow controlled up-hill movement. Simulated anncaling is a Monte Carlo
combinatorial optimization technique that allows conwrolled up hill movement. We
begin this chapter with some comments on the origins of simnlated annealing. 'This
is followed by the presentation of an abstract model for simulated annealing with the
intent of giving the reader an appreciation for simulated annealing and ow it worke,
The latter sections of this chapter discuss simulated annealing implementation and

performance issues.

3.1 Background

Annealing is a physical process used to improve the properties of a material by heating
and then cooling. Physical annecaling is used in the production of erystalline solids

[27]. The substance to he annealed is nitially raised 1o a high temperature (above




CHAPTER 3. SINULATIED ANNEALING 20

melting point). Subsequently, the temperature is lowered slowly until a crystal is

formed.

In 1953, Metropolis ¢f al. [18], developed a procedure which simulates physical
anncaling. In 1983, Kirkpatrick «f al. [12] noticed that an adaptation of Metropolis’
procedure could he used to s 've combinatorial optimizadion problems. They called

their procedure Simulaled Anncaling (SA).

Much of the terminology used in SA has been carried over from physical anneal-
ing. While noting their origins, all carried over terms are defined only in the context
of combinatorial optimization. The latter sections of this chapter discuss SA imple-

mentation and performance issues,

3.2 Simulated Annealing Model

in the realm of combinatorial optimization, SA is Monte Carlo iterative improve-
ment with the ability to conditionally accept up-hill moves. The conditional accep-
tance of up-hill moves allows SA to escape from some local minima which in turn,

increases the chance of finding a global minimum.

The probability of accepting an up-hill move during SA is a function of the magni-
tude of the cost inerease, a control parameter 7' and a random number. T is referred
to as temperature which is a term carried over from physical annealing. Small up-hill
moves have a higher probability of aceeptance than larger ones and the probability
of accepting any up-hill move diminishes as T' decreases. As in the case of iterative
improvement, SA accepts all down-hill moves. Unlike iterative improvement, SA also

accepts all moves where the change in cost is zero i.e., AC = 0.!

"With reference to SA, we consider all such moves to be down-hill moves.

R —
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The SA procedire can be divided into three stages:

(1) Initially, 7" is large enough so that large up-hill moves have a probability of

acceptance close to one. During this stage, SA behaves as a random walk
through the confignration space. No useful work is being performed during
stage 1. As we will explain later, a sufliciently high initial value for 7" is critical
Lo the performance of SA. An initial value of 7' whicl is neither too high nor too
low is diflicult to determine. Consequently, a ‘better safe than sorry” approach is
taken. 7" is given an initial value which is higher than the lowest value required
to accept large up hill moves with a prooability close to one. This vesults in the

random walk behaviour mentioned above,

As 1" deereases, the configuration space is partitioned. Within the analogy of
hills and valleys, the value of T' delines the position of a horizontal line L (Iig.
3.1). Recall that a region is informally described as a valley in our model cost
versus configuration curve (see formal definition on page 10). We define an
arca within this curve as one or more contiguous regions. As 1" decreases, L
is lowered and two arcas A and /Ay are formed. Arcas A; and A, are formed
when the aceeptance of a sequence of configurations starting in Ay and finishing

in 1, becoros unlikely due to the value of T

As T decreases further, the probability of accepting any up-hill move approaches
zero. AL the beginning of this stage, small up-hill moves may be accepted.
Towards the end of this stage, SA behaves as iterative improvement, i.c., only

down hill moves are accepted.

The essence of SA can now be stated as follows: Stage | allows for the examination

ol the complete configuration space. Stage 2 divides the conliguration space into areas.
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An arca is then selected at random. As 1" is decreased further, the selected area is
in turn divided into areas. "This process is repeated mto stage 3. No further arca
division is performed when the last selected arca contains a single vegion. Stage 3

ends when the last area selected is searched for its local nmanimmm.

The control of T is critical to the performance of SA both in terms of the quality
of the terminal configuration and the time taken to find it. 1{ 7" is not large enough
during stage [, then arcas of the configuration space which could contain optimal or
near-optimal configurations become inaceessible. On the other hand, i 108 too Larpe,
then time is wasted performing a fruitless random walk through the configuration

gpace.

During stage 2, 7" must decrease slowly to inerease the chanee that the last area
selected M stage 3 contains an optimal or near optimal configuration. 'I'he tevm rapid
quenching is a carvyover from physical annealing and is used to deseribe the sitnation
where T' decreases too quickly. Rapid quenching during SA usually resubts in terminal
configurations which are neither optimal nor near optimal. 17" is not siall enongh
during stage 3, then it is possibie to accept cost increasivg moves which result in an

escape from an arca which contains an optimal or near optimal confignration.

In the following sections, a more detailed deseription of SA is provided and the

procedure is evaluated on the SAP problem as deseribed in Chapter 2,

3.3 Simulated Annealing Procedure

SA is a general purpose combinatorial optimization technique whicl has heen applied
to many problems in VLS design (38, 35]. Starting from an initial confignration s, ¢

S, SA constructs a sequence of configurations sg, sy, .., 8¢, ., 8, where s, ¢ (s, ) (]
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1 < 7). The acceptance of a configuration s, within the sequence sg, ..., 8., ..., 8, i8
determined by the function:
accepl, il C(sy) £ C(8i2y) 1 <1<y

]:(:"x—»la""nlrj): . 72l 1 ]
./("‘ll—J L] “"11 ]])» ()t,['l(‘I'WlSO 0 "<" ] < (I

_(.‘(s,)—-C(a,_l)
, o accept, if u < e 3
/(31-«1731’ IJ) =
reject, otherwise

where i is a pscudo-randomly generated number in the interval [0,1). The acceptance
function is an adaptation of the Metropolis Criteria [18] used in the simulation of
physical annealing, 7 is veferred to as the j% lemperalure value where Iy and T,
denote the initial and final temperatures, respectively, and j is called the lemuerature

cnde .

The value of temperature is decreased once certain criteria are satislied. Once
there eriteria have heen satisfied, cquilibrium is said to have been detected. As in the
case of Ltemperature, the term equilibrium is carried over from physical annealing.

A function G is employed to determine temperature decrements. G is a monoton-
ically decreasing function of 7' so 1), = G(T;-1) and T; < T;1 (I £ 7 < ¢). The
overall objective of SA is Lo converge to an optimal or near optimal configuration. A

pscudocode definition of SA is shown in Figure 3.2

3.4 General Cooling Schedules

The notion ol a ecooling schedule is common to all SA implementations. The value
of Ty, the function G, the ability to detect equilibrium and criteria for convergence
together make up a cooling schedule. An annealing schedule is said to be general if

cquilibrium, convergence, Ty and G are defined in a problem independent manner.
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construct initial configuration

initialize temperature

T T

repeat

repeat
select a neighbour configuraticn
accept or reject new configuration

until equilibrium y

decrease temperature

until converged

Figure 3.2: Stmulating Annecaling Psendocade,

A1
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Most general cooling schedules are constructed such that (a) 7, (1 < j < q) is
found by multiplying 7,_, by a constant and (b) equilibrium exists after the exam-
ination of a fixed number of configurations. The schedules proposed by Wong [37],
Siarry [29] and Sechen [27] are typicai of this approach. In the following paragraphs,
we deseribe a general cooling schedule that is representative of the above style of
cooling schedule, 1t is a hybrid of Wong's, Siarry’s and Sechen’s schedules. Ior case

of reference, we call Lthis representative schedule a elasst ~al schedule.

3.4.1 The Classical General Cooling Schedule

An initial sampling of the problem’s confliguration space is performed in order to
estiv ate A, where AC is the average |AC] = |C(s,) = Clsiz1)], s € Glsiny).
We examine a sequence of 2,000 configurations. AC' is found by calculating the
average absolute cost diflerence between successive pairs of configurations within the
sequence. T theory, a more accurate estimate of AC could be found by examining a
larger number of configurations. In our experience, a more accurate estimate of AC

is nol necessary sinee its effect on the classical schedule is not significant.
In the initial stages of SA, AC" can be approximated by AC" and the probability
17 of accepting an up-hill move should be close to one. Consequently, an expression

for Ty can be derived as follows:

The expression for Ty used in the classical schedule comes from Wong [37) and is a

weighted product of the above expression:
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Wong indicates that the Ay factor in the above expression is used to reduce the prob
ability of accepting configurations which tend to maximize the given cost {unction.
Wong does not give values for \p and 2 other than to say that \p < L and P2 ~ 1,
We will return to the issue ol assigning values to \; and 2 once the remainder of
the schedule has been described. In the following paragraph, two further parameters
r and w are introduced. Like Ay and £, the assignment of values to r and w is not

considered until the classical schedule has heen completely deseribed.

Temperature reduction in the classical schedule is determined by:
3 YRR g
Iy =g, () - T,

for some constant r.

Equilibrium is said to exist at temperature value 7', if the total number ol conlip,
urations examined at this temperature value exceeds wN, Convergenee oceurs when

no up-hill moves are accepted at a particular temperature value,

The assignment of values to Ap, P, » and w is called sehedule parametor assign-
ment. The first stage of schedule parameter assignment is to assign values Lo Ay andd
P in the expression for Ty, Figure 3.3 shows the relationship between Npo 1 oand
—=Ar/In( ). For practical reasons, we limit the range of P to (0 /7 < 0.99.

Typically, » is assigned a value in the range 0.85 to 0.99 and 10 is assigned o
discrete vaiue in the range 2 to 5.

We evaluated the classical schedule on the 55 SAP problem using a range of
values for —Ap/In(P). We completed parameter assigninent by using Wong’s values
for r and w, viz., 0.85 and 2 respectively. The results are shown in ‘Table 3.1,

For each value of —Ap/ln( ) shown in Table 3.1, 100 trials were performed. Fach

trial had a different starting configuration which was chosen atl random.
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Initial Termperature Parameters.
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Figure 3.3: Relationship between P and Ar (0 < P <£0.99).
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Table 3.1: HxH SAP: Siavry’s Net-list. - Classical Schedule
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0.16 0.2 ] 0.29 ;278 36 A6 2,885 Kl N kw.“Hi |
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Fromm Table 3.1, it can be seen that the average terminal configuration cost is
tpproximately constant for values of — Ay /in( ) greater than or equal to 0.32. For
values less than or equal to 0.24, the average terminal configuration cost increases
as the valne of - Ap/In(?) decreases. This is consistent with the properties of the
SA model presented earlier in that a low initial temperature will have a detrimental
effect on the quality of the terminal configuration and a high initial temperature will
result inan increase in the number of configurations examined without an increasc

i th o quality of the terminal configuration.

Consider & graph of aceepted counfiguration ccet versus the number of configura-
tions examined by the SA procedure. We call such a graph a performance graph.
Figure 3. shows a performance graph based on an instance of the 5x5 SAP problem
(Siarvy s net list) using the classical schedule with =X /In(FP) = 99.49. A similar
graph with - Xp/in( ) = 0.16 is shown in rigure 3.5. In both graphs, the stages of
the anvealing procedure are shown. It should be noted that the boundary between

stages is fuzzy and not well defined as depicted in Figures 3.4 and 3.5.

As already indicated, the excessively high initial temperature results in an long
stage 1 (Fig. 3.0, By contrast, an insufliciently high initial t« nperatuie causes the

procedure to resemble iterative improvement (IMig. 3.5).

Returning to Table 3.1 we can see that terminal configuration costs were optimal
9% of the time on average (=Np/ie(PP) = 99.49). Perhaps a better rate can be
achieved by inereasing roor by increasing 7 To this end, we again cevaluated the
classical schedule on the 55 SAP problem using a range of values for —Ar/In(P).
On this occasion, we assigned r and w the values 0.99 and 5 respectively. The results
are shown in Table 3.20 1t can be seen that the average terminai conliguration cost
is approximately constant for values of =\ /In( ) greater than or equal to 0.40. For

values less han or equal to 02320 the average terminal configuration cost increases as
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A ta ()} Ay r Cost (Opt.=190) Configurations | Optimal | Time
mean  sld  wapay | mean std % (s)
.99 1.00 | 0.99 1 20, 1.5 245 | 221,145 23,020 99 Rl
{18 0.6 1 0.20 | 200 0 200 | 111,705 11,808 100 4.0
B .10 0.5 | 0.29 ] 200 {) 200 | 84,825 12,977 100 3.6
0.32 0.4 1029 | 202 I 260 | 56,250 25,833 96 23.8
0.2 0.3 10201 211 23 265 | 36,255 36,354 82 16.3
0.16G 0.2 | 0,29 | 245 31 280 | 33,840 25,643 31 15.0
(.08 0.0 ] 029|275 36 310 ] 3,780 2,359 12 1.0
ro 099 w =5

Table 3.2: 5«5 SAP: Siarey’s Net-hist - Classical Schedule.

the value of - Xp /(1) decreases.

From Table 3.2, it can be seer that the procedure almost always converged in an
optimal configuration for values of —Ap/ln(P) greater than or equal to 0.4. Recall
that iterative improvement never terminated in an optimal configuraiion when it was

evalnated using the 55 SAP problem (Siarry’s net-list).

Figure 3.6 shows a performance graph based on an instance of the 5x5 SAP
problem (Siarry’s net-list) using the classical schedule with =A¢/In(P) = 0.10, r =
099 and w50 1t can he seen from Figure 3.6 that the procedure found an optimal
configuration well before convergence. In other words, assigning r and w the values
0.99 and 5 respectively, was an over Kill resulting in the examination of an excessive
number of configurations.  The corresponding increase in the execution time was
not problematic for the 535 SAP problem. However, for large values on .V and a

high initial temperature, the inerease in the number of configurations examined could
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result in prohibitively farge execution times,

[n conclusion, the effectiveness of SA using the classical schedule is limited by the
need to perform schedule parameter assignment, Tables 3.1 and 3.2 show that for
the 5x5 SAP problem (Siarry’s and Sechen's net fists), a poor schedule parameter
assighment can cause the performance of the procedure to fluctuate wildly both i
terms of the quality of the terminal solution and i che titne taken to find it For a
given problem, a good schedule parameter assignment can only be found experimen
tally. This in itself is not casy. One need look no further than Tables 3.1 and 3.2,
Alier 17,000 trials (500,000 configurations) we are sGl wnable to sav what values or

—Ar/In(P), r and w best suit the 55 SADP problem (Siarry™s net list).

3.4.2 A Statistical General Cooling Schedule

The size of cach temperature decrement and the number of configurations examined
at cach temperature value are predetermined in the classical schedule. Tn contrast to
schedules like the classical schedule, Huang’s schedule [10] exerts dynamie control over
the size of cach temperature decrement and the number of configurations examined
at a particular temperature value, In the following section, Huangs genceral cooling

schedule is described aud evaluated on the 5H-5 SAP problets.

The initial value for 7' is given as Ty = ko where o is the standard deviation
of the cost distribution and & is a constaut. Anw initial saimpling of the problem’s
configuration space is performed. The costs associated with all configurations en
countered during the traversal are used 1o estimate . Huang does not specify hiow
maty configurations should ' e examined. Inoonr implementation of thaanp’s sehedide,
we examine 2,000 configurations, the same nuimber as we examined in the classical

schedule. The value of b is computed such that a configuration s, is accepted with
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probability 12 when AC = ('(s,) - ("(s,2y) < 30 and T' = T,. An expression for k

can be derived as follows:

l) = ¢~ T =p I) = ("'KL”J
., e 3
= k= T n(P)

During the initial stages of SA (1" = 1y), a reasonable acceptance rate for cost

increasing configurations is 80%. ‘T'herelore, a typical value for £ is 20

Huang defines the curve of average cost < (" > versus the logarithm of T as the

anncaling curve The slope of the anncaling curve is:

d(In(1)) __ d(In(T)) dT  _ 4T
d< (> T T dT d<C> T T d<C>
=, d<C> _ Td<C>

d{In(T')) drT

From Reif [24], it is known that:

d< (> o N d<C> o
dr 1 d(ln(T)) — T

2

The slope of the annealing curve can be approximated by:

A<U> A<C> o?

Al(T) ~ WG () - T

(‘onsequently,
~TACC o
Y g rr —7‘A ('
= g(T) = [e= et
Huang requires that & < (" > be less than o, Consequently, let A < C >= Ao
where N < | and

=AT

Gy = T

“Note that < (" > is a running average which is updated with the cost of each new configuration
selected
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A lower bound of 0.5 is placed on the G(I') | T ratio. Such a bound prevents
drastic reductions in the value of the control parameter due to a flat annealing, curve

when 7' is approximately equal to Ty, Typically, N is assigned the value 0.7,

Let S, be the set of configurations accepted when 1" = T Let S¢, be comprised
of elements of S, whose costs are in the range (< (" > (o< 7 > 4 ). Equilibriun s
established when the ratio of S¢, to 8; reaches a stable value . Suel a ratio depends
on the nature of the cost distribution and the sampling range ¢. At high temperatures,

the cost distribution is assumed to be a normal distribution. Consequently, [10]

\ = erl(=)

QI-’\I

where erl() is the error function. Huang assigns ¢ the value 5. Therefere, o erf(0.5)

= 0.38.

Equilibrium is detected by a counting process. I'wo counters Ay and A, are
maintained. Counters A; and A, are initially set to zero. Ay is incremented whenever
a configuration 1s accepted. Ay is incremented whenever a configuration is accepled
whose cost is within the range (< €' > =(, < (" > 4(). A} and Ay are assigned tarpet
counts. Eauilibrium is said to be established if Ay reaches its terget count hefore A,
reaches its target count. In the event that Ay reaches its target count before Ay then
both counters are reset to zero and the counting is continued. Huang seis the Larget
count for Ay and A, to v(3Q) and | 1 — \ | (3Q0) respectively where () is the size of
the problem instance.

The above equilibrivin detection mechanism is used after ) moves have been
accepted. By default, equilibrium is said to exist, after 47N conligurations have been
examined at a particular temperature value if the above equilibritnn conditions have

not already been satisfied.

The ability to accept up-hill moves is no longer required when all configuration.
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Net-list, Cost (Opt.=2200) Configurations | Optimal | Time

mean  std  rppax | mean std % (s)
Starry | 223.25  32.7 280 | 24,864 6,155 66 7.8

Table 3.3: 5.5 SAP: Siarry’s Nel-list - Huang’s Schedule. (100 Trials)

accepted at a given temperature value have similar cost. Consequently, SA can termi-
nate or converge whenever the similar-cost condition is detected. To this end, consider
the sitnation where equilibrinm has been established at temperature 7' = 71", Let the
sequence of configurations accepted when T =T, be sy, 80414 000y Sty ey 80 (@ < b < ¢)
and et S, sy ra < b < e} lor all configurations in S, let s, € S; maximize
the objective function. Ior all conligurations in \S;, let $,,,, € .S, minimize the objec-
tive function. Pinally, let. A, be the absolute maximum change in cost incurred
during the construction of the sequence s, ..., 84, ...8.. The similar-cost condition is

considered satisficd when C'(spu) = Clsmm) = ACLur.

We cvalnated Tuang’s schedule on the 5x5 SAP problem (Siarry’s net-list). The
results are shown in Table 3.3, The procedure found an optimal configuration 66% of
the time with an average terminal configuration cost of 219 (11.5% ofl the optimal).
[ts performance corresponds roughly to the performance of the classical schedule with

\p /o () = 020, r=0.99 and w = 2.

Fhe caleulation of initial temperature in Huang’s schedule corresponds to a
\p/In(P) value of 1.2, Based on the experience gained evaluating the classical
schedule, it would appear that Huang's initial temperature calculation is high. How-
ever, due to the dynamic control exerted over temperature and equilibrium detection,
the effect (in terme of the excess number of configurations examined) of a high initial

temperature is reduced,
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Net-list | Cost {Opt.=190) Configurations | Optimal | Time

mean  std  xarax | mean std % (s)

Sechen | 2003 6.5 225 1 31,008 4,884 38 8.2

Table 3.4: 5x5 SAP: Sechen’s Net-list - Huang’s Schedule. (100 Trials.)

Figure 3.7 shows a performance graph based on an instance of the 5§x5 SAP
problem (Siarry’s net-list) using Huang’s schedule. It can be seen that stage 1 is longer
Lthan necessary and the procedure again reached an cptimal configuration long before
convergence. The procedure convergee prematurely in 34% of the trials yi=lding non

oplimal terminal configurations.

We evaluated Huang's schedule on the Hx5 SAP problem (Sechen’s net-list). The
results are shown in Table 3.4, Huang’s schedule found an optimal configuration 38%

of the time with an average terminal conliguration cost of 200.3 (5% off the optimal).

3.5 Summary

In the past, the salient features of SA have been described relative to their counter-
parts in physical anunealing. We took a different approach and introduced an abstract
model for SA. This model is an extension of the model proposed by Grove '9]. Within
the context of this model, the reader was given an appreciation for SA and how it

worlks.

The notion of a cooling schedule is common to all SA implementations. In this
chapter, we described a general cooling schedules called the classical schedule. One of

the main drawbacks with this schedule is the need to perform parameter assignment.




CHAPTER 3. SIMULATED ANNEALING 17

We have demonstrated that for the 535 SAP problem using Siarey's and Sechen’s

net-lists, a good parameter assigninent is difficult to achiceve,

Huang’s general cooling schedule was also deseribed in this chapter. The problem
of parameter assignment does not occur in Huang's schedule, With regard to average
terminal configuration quality, Huang’s schedule performed better than the elassical
schedule on the 5x5 SAP problem (Starry’s and Sechen’s net lists). However, on
several occasions, SA using Huang's schedule terminated in a confignration which was
neither optimal nor near-optimal (Tables 3.3 and 3.4). This problem could he caused
by inappropriate decreases in temperature or by poor equilibrimm or convergence
criteria. Most iikely, it is a combination of all three. All we cav say (or suve is, on the
occasions that the procedure terminated in a non-optimal confignration, the value
of temperature was not high enough to cnable the SA procedure to continue to an

optimal configuration.

All existing general cooling schedules for SA are similar in the sense that they only
allow temperature decrcases. To our knowledge, none of Lhe existing schedules provide
a mechanism for increasing temperature should the SA procedure become trapped al
a configuration that is neither optimal vor near-optimal. In the following chapter,
we propose a general cooling schedule which is hased on the cost (exact, estimabed
or lower-bound) of an optimal solution to a problem instance. We exert dynamie
control over temperature as does Huang’s schedule. The key difference between the
two approaches is that we allow temperature to increase should the procedure hecome
trapped at a non-optimal configuration. By providing a mechanisim for temperature
increases, we increase the chance that the SA procedure can proceed to an optinal

configuration.




Chapter 4

Goal-Directed Annealing

Recently, Sastry of al. proposed a general procedure to estimate the cost of an optimal
solution to some combinatorial optimization problem instances {26]. Sastry suggested
that such an estimate could he used to determine termination criteria for general pur-
pose optimization techniques such as iterative improvement or simulated annealing.
We have taken this suggestion further and designed a complete simulated annealing
general cooling schedule based on the cost (exact, estimated or lower-hound) of an

optimal solution to a problem instance.

In this chapter, we introduce a goal-directed general cooling schedule. The goal-
directed cooling schedule uses the cost (exact, estimated or lower-bound) of an optimal
solution to a problem instance to determine the probability of accepting an up-hill
move [36]. We evaluate the goal-directed schedule on three instances of the SAP
problem. This evaluation provides evidence that the goal-directed schedule is an
elfective SA control mechanism for some problem instances. However, the evaluatlion
also uncovers several problems with the goal-directed approach. We exanune these

problets and solve them through extensions to the schedule. We call the resulting

48
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schedule an cetended  goal- divected cooling schedule.

The extended goal-directed schedule s a vartation on the goal divected theme
which permits temperature to increase as well as docrease. In the Tatter part of ths
chapter, the extended goal-directed schedule is evadaated on five instanees of the S AP
problem. We show that for cach instance considered, there is an improvement in the
quality of the average terminal conlignration achieved by the extended goal directod
schedule over Huang's schedule and, this iimprovement in quality is statistically sip,

nificant.

4.1 A Goal-Directed Approach

Let IV, be the probability of accepting a conligaration with i cost inerease of '

The relationship between K, and T is
] i) J

Aninitial random search of the problem’s configuration space is performed to estinte

AC. We examine a sequence of 2,000 configurations and average the absolute value of

the cost difference between suceessive pairs in the sequence, In theory, a more accurate
estimate of AC could be found by examining a larger number of configurations. in
our experience, a more accurate estimate of A" is nol necessary since its effect on

the goal-directed schedule is not significant.,
Our approach is to let K, decay geometrically with time. A7) follows the relation

/\’J i I\'j, 1 1[ L l\'” a!

for some constant o called the N owmultiplicr (1 <) < g). An expre sion far § s
/ ¥ / !

derived as follows:

/\'j =¢ T = /\'“ = K 1 d

1
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o —~AC

T T (K, d)
_AC

=1, = —

Inleh-r d

—AC
%? +1Ind

Notice that in the goal-directed schedule, T,’s rate of decrease is approximately
geometric (1, = ¢y, + ez, for some constants ¢; and ¢z). Several schedules from
the literature [27. 29, 37] allow temperature to decrcase geometrically. We justify
our decision to let /Y, decrease geometrically based on the precedent set by oxisting

cooling schedules,

A high acceptance rate for cost-increasing configurations is desirable during the
initial stages of SA (T = 1), Weset Ky to 0.99. This yields a temperature value that
almost certainly will accept a cost-increasing move of AC. In fact, the probability of
accepting a cost-increasing move of A x 50 when RKo=0.99 is 0.60. In our opinion,
there is a strong case to suggest that setting Ay to 0.99 yields a temperature vaiae

that results in a random walk through the configuration space.

A low aceeptance rate (alimost nil) for cost-increasing moves is desirable during
the final stages of SA (T" = T,). We set Iy to 0.01. This yields a temperature value
that almost eertainly will not accept a cost increasing move of AC. In fact, the
orobability of accepting a cost-increasing move of % when K;=0.01 is 0.63. In our
opinton, there is a strong case to suggest that setting i, to 0.01 yields a temperature

value that resulis in the rejection of most cost-increasing moves.
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The I multiplier, Ty and T, are found as follows: (given values for Ny and K,)

IAl
In (T‘Q‘{)
d=c¢""4
' ~AC
10 Inhy
L - A’;'
I‘I I N 4

For each temperature value 7', a larget cost 17, is defined. From all the config:
urations accepted so far. let I3 be the configuration with least cost. Fquilibrivm is
established at temperature value T, if C'(3) is less then or equal to £, For notational
convenience, we call a configuration with cost less than or equal to I, &y equilibrivm

conliguration.

1

The value of L (I < 5 < ¢} is determined such that the temperature valne 71

is capable of locating a j-cquilibrium coufiguration. By experimentation, we found
the best /) to T} match is achieved by letting 17, decay in a geonetrie series. [Gven
s0, there is no guarantee that an equilibrium configuration will bhe enconntered at a
particular temperature value. We address this problem later in this chapter. For the

moment, let convergence occur when equilibriuni is reached at temperature value 7.

An [ multiplier (denoted g} s defined in an analogons manner to the A nltipher
above. In particular,
Iy, = lyg = oy

and

g=c

Ly and Iy, correspond to the costs of an casily accessible confignration and an optitmal
configuration respectivety. We set 155 Lo €7 which is the average of the costs of the
configurations encountered in the initial random search of the configuration space. In

theory, a more accurate estimate of €' could he found by examining a larger namber
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of configurations. In our experience, a more accurate estimate of (7 is not necessary
since its effeet on the goal-directed schedule is not significant. 12, may be derived
from knowledge of the problem or ostimated, The impact a poor estimate has on
goal directed annealing is discussed in Chapter 7.

We determine ¢, the number of temperature indices, sucli that the lact decrease
in target cost equals AC de., I, -+ Al = I2,_y. We experimented with different
final decreases in the target cost for the SAP problem and found A" to be the most
appropriate,

The derivation of ¢ is as follows:
locvg =1, (1<) <q)

—— ’I —_— nl
= /,,,_1 g = /'/q

i ) — .
=g = ——— dince L, + AC = iy
(

Now,

4.1.1 TIterative Improvement within Simulated Annealing

Consider the situation where the SA procedure accepts a configuration wit't cost
slightly geeater than ('(/3). We conjecture that a likely location for a configura-

tion with cost less than ('(3) is in the neighbourheod of the current configuration.
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® .

() CBY FAC

cost of current configuration

Figure L1 Herative ITmprovenient within SA

Existing schedules fail to exploit this locality property since they arve all capable of
immediately accepting a sequence of up-hill moves which wonld distanee the pro

cedure from the current confignration's neighbourhood. Ownr approach is to invoke
iterative improvement wlenever a configuration with cost slipghtly greater than °(£3)
is accepted. This ensures that the neighbourhood of a conliguration with cost slightly

greater than ('(13) is scarched for a configuration with cost less than <'([}).

It 1s not practical to invoke iterative improvement for every aceepted configura
tion because of the increase in the number of configurations that wonld have to be
examined. We use a probabilistic technique to determine when iterative improvement,

is Lo be invoked.

A uniformly distributed pseado-random number in the range [COI8), 0013y 1 A
1s generated. 1T the cost of the curreat conliguration is less thau the generated nn
ber, then iterative improvement is invoked. By reference to IMigure 1.1, 00 can be seen
that the closer the cost of the current configuration is to ('(J3), the greater the chance
that the generated pseado-random number will be greater than the cost of the an
rent configuration. Simply stated, the probability of invoking iterative improvenent,

increases as the cost of the current configuration nears €'( 11

An invocation of iterative improvement is terminated when no cost decreasing
’d
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moves are possible or when the appropriate j-equililrium configuration is located.

Appendix A shows pseudocode for SA using the goal-directed schedule.

4.1.2 An Empirical Evaluation

In this section, we compare the goal-directed schedule to schedules proposed by Siarry
[29] and Sechen [27] using the SAP problem (Siarry’s and Sechen’s net-lists) as a
henelunark. The schedules proposed by Siarry and Sechen are instances of the clas-
sical schedule deseribed in Chapter 3. Their performance is considered here for com-
pleteness sinee the two net-lists used thus far for the 5x5 SAP problem were first used
to henchmark the general cooling schiedules proposed by Siarry and Sechen. The re-
sults are shown in Tables 4.1 and 4.2, We include the results obtained from Huang’s

schedule for comparison purposes.

The goal-directed schedule found an optimal configuration in all trials. Siarry’s
schedule found an optimal configuration 38% of the time with an average terminal
conliguration cost of 211 (Siarry’s net-list). Sechen’s schedule found an optimal con-
figuration 72% of the time with an average terminal configuration cost of 192 (Sechen’s

net-list).

The low standard deviation of the number of configurations examined by Siarry’s
and Sechen’s schedules (Tables 4.1 and 4.2) results from their static nature. On ihe
other hand, the high standard deviation of the number of configurations examined by
the goal directed schiedule (Tables 4.1 and 4.2) results from its dynamic nature ard

adaptive ability.

The iterative improvement component of the goal-directed schedule had no impact

on the results for the 5x5 SAP problem with Siarry’s net-list. For Siarry’s net-list,
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Table 4.1:

Schedule Cost (Opt.=200) Configarations | Optimal | CPU Time (s)
mean  std  xapav | mean std Y mean
—__SA-Si 241 35 310 12,228 1001 38 1.52
SA-1l 223.25 327 280 24864 6,115 6 7.8
SA-G 200 0 200 13,711 11,538 100 H46 )
Key  Method

SA-5i
SA-H
SA-Q

SA using Sinry's schedule
SA using Huang's schedule

SA wang the goal schedule

5xH SAP Performance Summary: Siarry's net-list, (100 T'rials.)

Schedule Cost (Qpt.=190) Configurations | Optimal | CPU Vime ()
mean  std  wppax | Mean std % meai

SA-Se 192 3 200 348,000 0! 72 90.1
SA-1 200.3 6.5 225 31,008 4,884 S K.2
SA-G 190 0 190 202,468 309,624 100 4]

Key Method |

SA-Se  SA using Sechen's schedule l

SA-H SA using Huang's schedule l

BA-G SA using the goal sehedule )

Table 4.2: SAP Performance Sununary: Sechen’s net-lst (100 'rials. )
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the integration of iterative tmprovement into the goal divected schedule vesulted i a

50% decrease in the average number of configurations examined.

Figure 4.2 shows a performance graph based on an instance of the 50 SAP
problem (Siarry’s net-list) using the goal-directed schedule. It can be seen in this
case that stages | and 3 are essentially eliminated. I the initial temperature is too
high during stage L, the goal-airected schedule quickly reacts to reduce it No time
is wasted during stage 3 since the procedure terminates alter it discovers an optimal

configuration.

The horizontal segments in the graph (Mg, 41.2) correspond to invorations of iter
ative improvement which failed to improve the cureent bhest cost. While the number
ol configurations examined was hetween 1,500 to 3,500, the procedure sonpght a down
hill path to an optimal configuration through invocations of iterative tmprovetent.,
When no such path presented itsell, the goal-dirceted schedule was flexible enongh
to resume hill climbing. By the time the number of conligurations examined reached
the 10,000 mark, the procedure again started to invoke iterative improvement. On
this occasion, the aggressive nature ol iterative improvement paid off since an optinal

configuration was discovered shortly afterwards.

Consider a graph of the log (base 10) of temperature versas temperature index.
We call such a graph a lempe alure graph. Figure 4.3 shows two temperatare praphs
based on an instance of the 525 SAP problem (Siarry’s net List) using the poal

directed schedule and Huang’s schedule,
[t can be seen from Figure 4.3 that the goal-directed schiedule’s initial temperatne
is higher than Huang’s initial temperature (in fact, i is about twice as high). We

again note that a high initial temperature does not adversely iimpact the performance

'Sechen’s schedule emiploys equilibrium and convergence eriteria that result iy the examimation

of a fixed number of configurations derived from the probleny size
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of the goal-directed schedule. By contrast, an excessivelh high initial temperal e
would impact the performance of schedules which examine a constant number of

configurations per temperature value, We detailed an example of this in Chapter 2

using the classical schedule.

Consider a graph of the cost of the best configuration seen so far versus temper
ature index. We call such a graph a cost graph. Figure 1.1 shows two cost graphs
based on an instance of the 5x5 SAP problem (Siarey’s net list) using the goal
directed schedule and Huang’s sehiedule. The thivd plot in Figure 44 shows the goal

target cost [ for cach temperature index j.

[t can be seen from Figure 1.4 that the cost of the best configuvation con so far
found by the goal-directed schednle closely follows its target cost. We point this ot
to support our contention that the goal-directed sehedule does not suffer fron vapid
quenching ¢.c., the situation where temperature is reduced too guickly vesulting,

terminal configurations which are neither optimal nor near optimal,

stage 1 of the SA procedure using Hheang's schedule occurs in the first 4 tempera
ture indices (Fig. 4.3). In the goal-directed schedule, the corresponding temperatures

are lower with the exception of the initial temperatare,

For Siarry’s net-list, Figure 1.9 shows a highly stroctuced suly optitual confign
ration with cost 260 (30% off the optimal). For comparison purposes, an oplimal
configuration is shown in Figure 1.6, For Hnang’s schedule, 20%, of its terminal con
figurations which were non-ootinial were topologically similar to the conbiguration in
Figure 4.5, This occurred because the temperature was allowod to lecrease helow a
threshold value resulting in the rejection of the up Wil moves necessiary Lo transforim

a configuration simar to the one in Figure 1.5 to an optimal confignration. ‘I'he

goal schedule is less susceptible 1o this problens sinee the temperature is only redneed
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Iigure 4.5: SAP: Sub-optimal Conliguration - Siarry’s Net-list (Cost. 2060).

when an equilibrium corliguration is encountered,?

With Sechen’s net-list, it is not diffienlt Lo identify a near optunal configaration.
But, it is difficult to transforin near optimal configurations to optimal configuration:,
Figure 4.7 shows a near optimal configuration with cost 200 for the 5 -5 SAP problem
(Sechen’s net-list) and Figure 4.8 shows an optimmal configaration with cost 190 for the
5x5 5AP problem (Sechen’s net-list). Recall that there are 16 optimal conligurations
to the SAP problem (Sechen’s net-list). Al 16 optimal configurations have the same
topology as the configuration shown in Fignre 4.8. To transform the confipnration
shown in [igure 4.7 to any of the 16 optimal confignrations would require several

up-hill moves resulting in the repositioning of modales 4,59, 100 s, 14 and 15,

For Huang’s schedule, 60% of its terminal configurations which were non optimal

¢ Assuming that the value of T} is appropriate for finding a j equilibrium configuration
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Figure 1.6: SAP: Optimal Configuration - Siarry’s Net-list (Cost = 200).

were very similar in structure to the configuration in Figure 4.7. As in the case of
Siarry's net-list, temperature was allowed to decrease below a threshold value resulting
in the rejection of the up-hill moves necessary to transform a configuration similar to

the one i Figure 4.7 to an optimal configuration.

Figure 1.9 shows a performance graph based on an instance of the 5x5 SAP
problem (Sechen’s net-list) using the goal-directed schedule. It can be seen from
Figure 1.9 than near optimal configurations- were easily accessible. Failed invocations

ol iterative improvement are also visible (horizontal line segments).

In o recent articls, Kling and Banerjee [14] draw on their experience in cell place-
ment to quantify the size of a placement problem which is complex enough to dis-
criminate between CO techniques, but at the same time, is simple enough to permit

formal analysis. They postulate that a placement problem with 100 modules satisfies
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Figure 4.7: SAP: Near Optimal Configuraiion  Sechen’s Net fist (Cosi 200,

the above criteria. With this in mind, we now move from the 55 SAP problem to

the 10x 10 SAP problem.

Consider the [0x [0 SAP problem using Siarry’s net st and cost function. Tn an
optimal configuration, all modules are connected only to their nearest horizontal and
vertical neighbours the cost of an optimal configuration is 900, We evaluated Lhe goal
directed schedule using the 1010 SAP problem (Siarry’s net-list). A typical nnmber
of temperature indices required by the goal-directed schedule for this probilen was 40,
Noue of the trials found a [G-equilibrium configuration .c., a configuration with cosl
less than [71g. In cssence, the temperaviare value Ty was inappropriate for locating a

16-equilibrinm configuration.

We address this problem in the following section. Some modifiations 1o the

goal-directed schedule are proposed. We call the resufting sehedule the erelemded

»
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Fignre 1.8: SAP: Optimai Configuration - Scchen’s Net-list (Cost = 190).

goul-directed general cooling schedule or the e-goal schedule.

It should be noted that the extended goal-directed schedule supersedes the goal-
directed schedule. We are not suggesting that the goal-directed schedule is more
suited to a certain class of problem that the extended goal-directed schedule. Rather,
we have desceribed the goal-directed schedule i order to show how the extended goal-

directed schedule evorved.

4.2 The Extended Goal-Directed Approach

For the goal directed schedule, equilibrinm is established at tamperature 7', if C(B) is
less than or equal to the target cost f£0 We assume that T, is an appropriate temper-

ature value for locating a y-equilibrinm configuration. However, there is no guarantee
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that an cquilibrium configuration will be encountered at a given temperature. In
our experience, fatlure to detect an equilibrium configuration occurred primarily be-
canse the value of temperature was too high. We address this problem by considering
a range of temperature values for cach temperature index. This new approach is
hased oni the assnmption that 7, is at least high enough to locate a j-equilibrium
configuration,

In the following paragraphs, we relate temperature in the goal directed schedule
to temperatnre in the extended goal-directed schedule To this end, we expand our
notation suci that temperature in the extended goal-directed schedule is denoted by

T and temiperature in goal-directed schedule is denoted hy 7T

An example of an extended goal-directed temperature graph is shown in Fig-
ure L0 Transition from one temperature index to the next is represented by a
sclid cirele. For a given temperature index, 7; is never set higher that 7. Subse-
quently, 7, may be set. to T4y, T4, ete. This results in the wave pattern scen in
IYigure 4.10. Note that the temperature increases and decreases with time. We are
not aware of any other general cooling schedule which controls temperature in this
manner. For existing general cooling schedules, temperature increases are forbidden.
We now desceribe the temperature control mechanism for the extended g J-directed

schedule.

7, is initialized to T, The search for a j-equilibrinm configuration is then initi-
ated. We assume that the temperature is too high if a j-equilibriun configuration

3 To correct this, the

is not located after the examination of 500 configurations.”
temperature is decreased. For example, if 7, = T, then 7, is set to Ty, I the
temperature is still too high, 7; is subsequently set to 7', 45, 7,4 ete. This process is

continued until a J-equilibrium conliguration is found.

FThe constant 500 was arrived at through experimentation with the SAP problem.




CHAPTER A,

Log of Temperature.

GOAL-DIRECTED ANNEALING

Temperalure GCraph.

D7

T

0.7 e

femperalure Index

Figure 4.10: An Ixample e-goal Temperature Graph.

7 N
A /
NURNEN

N

b

07




CHAPTER 40 GOAL DIREECTIEED ANNEALING 68

At this point, the SA procedure moves to the next temperature index where the
objective is to find a (j 4 1)-equilibrinm config oacion i, a configuration with cost
less than or equal to 19,4,

For discussion purposes, assume 7, = 7,4, when equilibrium was established at
temperature index j. IUis reasonable Lo assume that a temperature lower than 7’40
wonld be suitable for locating a (j 4 1)-equilibrium configuration. Consequently, 754,

15 sel to 1) ¢y and the search for a (j + 1)-equilibrium configuration 1s initiated.

Ia () + 1)-equilibrium configuration is not found after the examination of 1000Q)
confignrations then we assume that the temperature is too low.* To correct this, we
reset. 7,0 Lo 1)y and continue e search for a (7 4 1)-equilibrivm configuration as

deseribed above,

With reference to Figure 4.10, the trough of each wave contains a sequence of solid
circles. With the exception of the first circle in each sequence, the circles correspond
to the occasions where a j-equilibrium configuration was found without resorting to

increasing the temperature.

Recall that in the goal-directed schedule, temperature decreased genmetrically.
The same is true within ecach temperature index in the extended goal-directed sched-
ule. Between cach wave erest and its corresponding trough in Figure 1.10, we can see

the effect of geometrie temperature decrements.

We now turn our attention to SA’s convergence criteria. Several strategies have

heen proposed, iz,

o Converge when the number of accepted confisurations, expressed as a percent.-
age of the total number of configurations generated at a particular temperature,

[alls below a predetermined value [37).

TThe constant 1000 was arrived at through experimentition with the SAP problem.
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¢ Converge when the cost of the current best configuration remains unchanged

for a number of consecutive temperature values {27].

e Converge when the similar cost’ vondition is satisfied, .o . when

Clsmar) = Clomm) = Q0,00 (see Huang's schedale in Chapter 3) [10].

We have found through experimentation with the SAP problem that the thivd
convergence strategy has the best performance. Figure 111 shows a portion of a
performance curve for the temperature value prior to convergence using Huang's
strategy. We show this to emphasize that s,,,, and s, wust be neighbonrs. We
feel that this neighbour coustraint in the convergence strafvpy is unnecessary and

undesirable.

Ideally, the SA procedure shiould converge when an optimal configuration has heen
found or when the temperature has decreased to a point that prohibits meaningful hill
climbing. We define meaningful hill-climbing as hill-climbing, capabb - of frecing the
SA procedure from the current local minimnm, The first part of this ideal is captured
by the extended goal-divected schiedule sinee convergenee oceurs when equilibrmm s
reached at temperature index ¢. With regard to the second part of the ideal, we have
found through experimentation with the SAP problem that meaninglul hirl elimbing,
is absent when C(spnr) — C(Smin) < Al for a particular tempetature value Our
SA procedure converges when (his situation persists for € consecutive temperatare
values where @@ is the size of the problem instance (for the SAP problem () is the

number of cells).

4.2.1 Iterative Improvement within Simulated Anncaling

The above equitibrinm detection mechanmsm is based on the mamber of coulipnra

tions examined at a temperature value, Unfortunately, this mechanism is adveisely
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allected by the probabilistic seheme for invoking iterative improvement used in the
goal-directed schedule. Consequently, for the extended goal divected schedule, an
alternative scheme is used o, iterative improvement is invoked whenever a bhest so
far configuration is encountered. With this new mechanisi the number of iterative
improveinent invocations is relatively small. This is the case sinee the number of oc
casions a best-so-far configuration is encountered is usually smal) relative 1o the tota!
aumber of configurations examined. We can say with reasonable confidence that with
this new mechanisne for invoking iterative improvement, the negative impact on Che
SA procedure with regard to the incrcase in the mumber of conligurations exaniined
is negligible, However, it is fikely that ther - is some positive ingpact with regard 1o

locating equilibrivumn conligurations. This in turn, may speed the procedure along,.

Appendix B3 shows pseudocode for SA using the extended goal diected seliedule.

4.2.2 An Empirical Evaluation

In this section, we evaluate the extended goal directed sehedule on the -5 SAP
problem using Siarry’s and Sechen’s net lists. The vesults are shown in Tables 13
and 4.4, We include the results obtained from Huang's schedule and the poal divected

schedule for comparison purposes.

The extensions to the goal-divrected schiedile had htte effect an the pesults for the
5x85 SAP problesn (Siarry s net list ). For Seehien®s net fivt, the averape total nambe
ol configin tions examined was redneed by slip” v less that one hatl The extended
goal-directed schedale vielded terminal confipmations which were non optinal thiee
times in 100 Crials resulting in an average termnal confipuration cot of 19022 (0 1'4

off the optimal).
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Schedule Cost (Opt.2200) Configurations | Optimal | CPU Time (s)
(100 ‘Trials) | mean  std  wapax | mean sld % mean
SA I 223.25 427 280 24,864 6,155 66 7.8
SA G 200) 0 200 13,704 11,538 100 5.6
SA-K 200 0 200 10,129 9,268 10J 4.3
Key Method
SA-IE SA using Huang's schedule
SA-Gi SA using the goal schedule
SA-lv S8 using the e-goal schedule

Table 1.3: 55 SAP Performance Summary: Siarry’s net-list.

Sev cle Cost (Opt.=190) Configurations | OQptimal | CPU Time (s}
(100 "Prials) | mean  std wprqy | mean sid % mean
SAH 2003 6.5 225 31,008 4,884 38 8.2
sA G 190 0 190 | 292,468 309,623 100 65
SA B 190.2 1.2 200 147,110 92,083 97 37.5

Fabie Lt SAP Performance Summary: Sechen’s net-list.
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Schedule Cost (Opt,=900) Configurations *10% | Optimal ('_l‘l" lA‘Viitbt;(:I.:.'‘)m1
mean  std ey | eean std ot | mean
SA-U 1,009 137 1280 {1 1.62 0.5 ;m-(i"""” 'xhl‘
SA-IE 920 HR 1180 ! 9.1 n.3 XU | N ﬁill o

Table 4.5: 10x 10 SAP Performance Sununary: Stavey's net fist. (30 rials.)

For the 10x10 SAP problem we use three ditferent net Hists. The fiest s Starery's
net-list 4.c., in an optimal confignration. all modules me connected anly 1o their
nearest horizontal and vertical neighbours, The cost function used s the same an ol

the 55 SAP problem vielding an optimal configuration cost ol 900

The second net-list is a variation on Siarey’s net list where iudividual nets are
weighted 7.c., the cost of a net is given as the produet of weight and Manhattan dis
tance. Weights are cliosen at randonm in the range 1 to 8. Inan optimal configuration,
all modules are connected to only their nearest horizontal and vertical neighbouns.
The cost of an optimal confignration is the sum of the net weights. For our beneh

mark, this cost is 818, We call the cesnlting net Hist a vandom woght net st

The third net-list deseribes a 3-regidar, 3-connected bipartite greph called Hor
ton’s graph [5]. Horton’s graph is shown in Figure .12 From the pomt of view of
placement, cach node in the graph is a celi and cacl edge i 0 net Conliparation cost
is calculated as the sum of the Manhattan distance between connected cells The coul
of an optimal conhgur=tion is unkuown. Consequently, we nse the lower houned cont

of 145, r.e., the sitnation where all connected colls are praced adjacent 1o cacli othe

We evaluated Huang's schedule, and the extended goal divected sohieduyle g
the 10210 SAP problein (Siarry’s, Horton’s and the random net vy The resnlts

are shown in Tables 1.5, 1.6 and 1.7.
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Figure 4.12: Horton’s Graph.
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Schedule | Cost (Opt,=818) (‘”““g“n”i“”h*:‘{('}; | ()p(mnl V(N'rlﬂ;vl}wl'/ilnv’(»W)
mean  std  rypay P omean shd | ‘{M | mean
SA-1 982 RO 1,007 12T 52 | ]T; | ‘HH‘) ]
SA-E 884 76 LS 20 6.0 7 (})() [~ ..:!"\

Table 1.6: 10x10 SAP Performance Summary: Random Weight net hst. (30 Trials.)

Schedule Clost. (Opt.=110) (‘nnligurnl;;: :;;):‘ I '(“':l"';' Fime (Ah)”
nean sl rapay  wapgn | mican sl Hen
SA-IH 22583 38N 2443 210 2.0 B : ()..;)” ” 681
I SA-I 21876 2.33 223 21 29.6 T!k hwwk‘!)‘,!’)!)()ﬁ

Table 1.7: 10 <10 SAP Performance Summary: Horton’s net st (30 Trials)

For the 10x 10 SAP problem (Siarry’s net-list), the extended goal divected sched
ule found an optimal configuration 80% of the time with an average cost of 920 (2.2%
off the optimal). Huang's schedule found an optimal configuration 36% of the time

with an average cost of 1,059 (17.6% off the optimal).

For the 10x10 SAP problem (the random net-dist), the extended goal divected
schedule found an optimal conliguration 36.6% of the time with an average cost of
884 (8.0%, off the optimal). Huang’s schedule found an optinad conliguration 13.3%,

of the time with an average cost of 982 (20.0% off the optimal).

For the 10x 10 SAP problem (Horton's net list ), the extended goal divected scled
ule had an average teiminal conliguration cost of 218.76. Thuang's schedule Lad an

average tertninal confignration cost of 22583,

As in the case of the H25 SAP problem. the improved gmality of the termanal
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configmation found by the extended goal-directed schedule comes at a cost. The
extended goal directed sehedule examined on average, between 6 and 10 times as
many configurations as did Huang's schedule on the 1010 SAP problem (Siarry’s,

Lorton’s and the random weight net-lists).

4.3 Statistical Evaluat'on

We now turn onr actention to comparing the statistical difference hetween the per-
formance of the extended goal directed schedule and the performance of Huang's
schedule, Both schedules were evaluated on five instances of the SATP problem. lor
cach problem instance, both schedules vielded a random sample of terminal config-
uration costs. Our objective is to demonstrate statistically that the samples come
from different populations and therefore, one schedule is statistically superior to the

olher.

We postulate two pepulations where
o the first population has mean o and variance a,?

o the second population has mean iy aad variance a,?

e iy and n, independent samples are drawn from the first and second populations

respectively

o 77, and sfd ¢ are estimates of the first population’s mean and variance calculated

from the ny data points

— 2 . . : .
e 77, and stdy” ave estimates of the second population’s mean and variance caleu-

lated from the ny data points,
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The point estimator of the ditference between thie two poputation meansis (i, 4.0
A distribution of point estimates results if we repeat the sampling, process (neluding,
the erdenlation of the point estimate) several tmes. From Mendenhall [17] we kuow
that the probabibity distribution of the catimator, (7, 5.) s approstumately nornal

o

for ny and ny bath greater than o gual to 300 The mean and standard deviation of

this distrinution are [17]

foyr ,
(T (RN
Y f — —
gy, - %) = o ) TG T -
Hy 1o
The bound on the error of the point estimate is
) (T,“‘ (73‘!
- 1y i,

) . g -
We can use stdy® and sid,? as estimates for oy f and o, in the above formnlae
This approximation is reasonable when ny and ny ave greater thaer or cqual to 30 147

We can conclude that cur tnitial postulate of two populations i truc

(7,

Table 1.8 shows the appropriate statistics for comparing the statisteal Jifl one
between the perfo mance of the oxtended goal directed schedule s the peciornan
of Huang's schedule on the 5«5 and 10«10 SAP problems. With vefev oo o iabh
4.8, we conclude that the performance of the extended poal directed chodate oy,
545 and 10410 SAP problems is statistically supenior to that o i Vil

sinee §, was always greater than 77, and (77, - 7,0 was alwavs prearo b s

4.4 Summary

[u this chapter we deseribed w goal directed general cooling, chiedale o0 e

goal-directed general cooling schiedule for SA.
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TS

Problent | Net-list SAH SA K
(SAP) " nwy | 7 stdy | 7, sty [y w6
HxH Siarry 100 100 | 22325 32.7 | 200 () "ik" - | G0
5xH Sechen 106 100 | 200.4 6. lf)()."._"w l..; ul l)‘.vl 142
10x 10 Siarry 30 30 l‘():')fT 15 1920 T "l “”‘(")”" h ’IV..'!'.?
10x 10 | Random { 30 201982 SO | RS “a() ;)\ | ‘ lAti).‘;’.‘.) |
10x 10 Horton | 30 30 | 220,83 388 2_)::.70 233 1 700 I') |

Table 1.8: Schedule Statisoies.

We compared the performance of the extended goal divected sehedules with that

i Huang’s schedule on five instances of the SAP problem, The extended poal direcied

schedule consistentiy outperformed Huang's schedule in terms of the quality of the

terminal configuration. We demonstrated that the improvement in the quality of the

average terminal coniiguration achieved by the extended goal directed schednle over

Huang’s schedule is statistically signinvcant.

The extended goal-directed schedide nas two shorteomings, v, the cost of an

optimal configuration to a problem instance has to be derived or estimated and, a

large number of conligurations have to be examined hefore an optimal or near optimal

configuration can be fonnd.

In Chapter 5, we deseribe a procedure which rediuces the number of configurations

that need to be examined by the extended goal-directed sehedule,
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Simulated Sintering

One of the major problems with SA is its long computation times, This problem can
he addressed by using a fast heuristic to dind a good itial configuration and then
applying simmlatod annealing. Such an approach is called Simulated Sintering [9).
In this chapter, we deseribe simulated sintering. ‘To exploit the potential of simu-
lated sintering one needs an appropriate general cooliug schedule We show how the
extended goal directed scheduic can he used as an effective general cooling schedule

for simulated sintering.

5.1 Simulated Sintering Proccdure

Simulated Sintering (S8) is a general purpoese CO technique which has evolved [rom
SAL Like SACSS starts from an initial configuration and constructs a sequence of
confipurations. SA and S8 dafer in the manner in which the initial configuration is

<hosen.

The initial configuration for S\ is chosen randomly from a problem’s configuration
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space. For 35, a fast hevristicis nsed to Jind a good initial contignration. SN consists of
two parts oiz., the scarch.or the initial configuration and the sulsequent Lild climbing,

under the control of a cooling schiedule.!

The rationale for using S over SA s as follows. W the time taken to lind a good
initial configuration using a heuristic is less than the time taken te find a similar
configuration using SA then it is likely that the computational effort required hy 88
will be less than the comprtational effort required by SA.

55 can be viewed S terms of the three stage SA model deseribed in Chapter
3. Within that context 88 consisis only of stage 3 and part of stipe 20 Stage 1w

climinated,

5.2 Gencral Cooling Schedule

The su-cess of 8S hinges on the identification of an appropriate iuitial temperature,
I the initial temperature is too high, then SS degenerates to S. and no reduction
1 computation time is achiesed. I the izitial temperature is too low, then rapid
quenchingoecurs does, the situation where temperature is reduced too gnickly resalting,
in terminal configurations which are neither optimal nor near optimal

Let s5 be the starting configaration for §5.¢ An appropriate initial teimperature for
S5S would he the temperature at which SA could locate an cquilibrinm configuration
sitilar to s,

What is required is the ability to relate configuration costs to temperature valnes,

Grover [9] was the first to discuss the problem of finding en appropriate initial tem

INote, we do not excliude the possibility that the first part of S5 contams a bl ehimbang et

For notational convenience, we use s& 1o represent S8's mnitial configuration and ay Lo represent
1 |

SA’s initial configuration.
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perature for SS. His approach was to use knowledge of the problem gained through
experience Lo estimate the initial temperature. For general purpose €O, this approach

o unsalfactory sinee it assumes knowledge of the optimization problem.

Rose [20] also addresses the problem of relating configuration costs to temperature
values, His approach is bhased on meesuring the probability distribution of AC". By
his o v admission, this probability distribution is difficult to measure exactly and

initial temperatures are consistently overestimated.

The extended goal divected schedule is equally applicable to both SA and SS. For
SSLowe proceed inexactly the same way as we did for SA with the exception of the
initial tenperature calenlation. 'T'ne initial temperature for SSisset to 1, (1 €5 < ¢)

where [ is the largest tacget cost less than or equal to ('(<5).

Appendix C shows psendocode for S5 using the extended goal-directed schedule.

5.3 An Empirical Evaluation

We nse two different hearisties for S8 riz., multiple improvement (consisting of 10
applications of Herative improvement) and SA using Huang’s schedule. We evaluated
S5 on the SAP problen using Siarry's net-lise, Sechen's net-list, the random-weight
net list and Horton's net list. The results are shown in Tables 5.1, 0.2, 5.3, 5.4 and

5.5 We have mcluded the results obtained by SA usiag Huang's  chedule and the

extended poal directod schedule for comparison purposes,

As already indicated, we use two different heuristics for SS. Both of these heuristics
are general purpose CO procedures. A general purpose heuristic is not a requirement
for S5, In fact, it is more likely that a suitable heuristic for SS is problem dependent

and constructive in nature.
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The breakdown of the average number ol configurations exanuned by the fwo parts
ol SS is shown in Tables 5.6 and 5.7, The colummn fabeled *percentage veduction’ in
Tables 5.6 and 5.7 shows the decrease in the average number of confinurations exam
ined by SS using the extended goal-directed schedule as a percentave of the averape
number of cofigurations examined by SA using the extended goal divected wohednle,
Our intent is to reduce the computation time veguirved by the hill chimbing, port ol 88
relative to the corresponding computation time required by SA. Cousequently, the
average number of configurations examined by 88°s hienristic is not inclnded i the

above percentage caleulation.

In terms ol the average terminal configuration cost, Tables 5.8 and 5.9 show the
appropriate statistics for comparing the statistical difference hetween the perfornmance
of SA and SS using the extended goa'  ceted schedule o the Zah and 1O 10 SAP

problems.

I'rom Tables 5.8 and 5.9, we deduce that in terms of the average terminal conlip,
uration cost, the performance difference between SA and S8 using the extended goal
direeted sehiedule on SAP problem (Siarvey’s net list, Sechen’s net sty the random
weight net list and Tlorton's net-list) is not statistically significant. "T'his is an nmpor
tant resull since Grover postilated that the use of SS over SA would inevitably realt

is some decrease in terminal confignration quality.

For the 5 x5 SAP problem, neither mualtiple improvement nor SA aing, Hnang s
schedule satisly the criteria for a fast heuristic discussed carlier. They are not cop
sidered appropriate hearisties for the 525 SAP problem sinee they examined o larpe
number of configur ‘tons relative 1o the total number of configarations examined by
SS. For the 10210 SAP problem. SA using Huang's schiedule proved to be a pood

hetristic for S using the extended goal divected scheduie,
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5.4 Summary

In this chapter, we have descriped 85 and demonstrated how the extended goal-
directed schedule can be nsed as an effective general cooling schedule for 88, We
compared the performance of SA and S8 using the extended goal-directed schedule
on five instances of the SAP problem. We demonstrated that in terms of the average
terminal configuration cost, the petformance difference between SA and SS using the
extended goal-directed scheduie on SAP problem (Siarry’s net-list, Sechen’s not-list,

the random weight net Dist and Horton's net-list) is not statistically significant.,

We achieved our goal of reducing the computation tines required by SA using
the extended goal-directed schedule for some problems.  However, these times are
still substantial when compared to the computation times ol existing general cooling
schedules fTor SA. The inereased computation time may be justifiable il there is a
corresponding increase ir the quality of the terminal configuration. In the following
chapter we detail one example where this is not the case i.e., no increase in terminal
configuration quality is achieved. This begs the question, can we predict when it is
likely that use of the extended goal directed schedule over Huang’s schedule will result

in superior quality terminal contigurations? We address this question in Chapter 7.

[n the following chapter, we show how 885 and the extended goal-directed schedule

can be applied to two problems from VLS physical desian,
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Schedule | Cost (Opt. = 2000 Confligurations | Optiaeal | CPU Pie

mean  std wapay | mean slz" N (‘ | e an ()
SA-H1223.28 427 280 ) 2 LNGI dann | a6 | vs
SA-L | 20 0 200 020 owex | e | ots
GS-M | 2006 6 260 | 20058 89.ma ] owe | g7

Ss-1 200 {) 200 20,936 l-!.(i.’lq i 91

K(-y Methaod

SAHE SA using Huang's sehedule

SA-IL SA using the e-goal sehedule

S5-M SS using the ecgoal sehedule and mualtiple tnpreavetnent s st

‘ S8 Y5 nning the eogoal sehedole and SA using Hoog's sehedile as Nenrisat

Table 5.1: 5 x5 SAP Performance Summary: Siarey™s net hist, (100 Trials,)

Schedule | Cost (Opt. = 140) Configurations ()T)limn' ('l'(rf“"lﬁ"i‘vx;rwl
mean  sld  rapay | mcan ald A mcan ()
SA-H 2003 G5 225 ! J1,00% 4,881 K IiKMWT’M’ " xz "
B S/\-TT 9.2 12 200) FAT,1 00 02,003 7 'J7 | 37:'.';‘
S5-M 190.4 I.'f“ - 200 LR 866 105174 ’!')’“;‘ 7”" }“
55-H 190.2  1.21 201) 126,133 45,759 ‘)’:’M A:[ .'H"HW o

Table 5.2 SAP Porlormance Summary: Sechen’s net list, (1006 {ials.
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W’;(Vlll(lllll Cost (Opt. 900y | Confignrations *10° | Optimal | CPU Thue
| mean  sld  ragy \ | ran std Y% mean (s) i
Csan [ rose s o | e 05 | 366 561
H“*n\l H20) H¥ LSO | 9. H.3 80 3311
AAAAA SS M ) 930 (G 1,175 | 9.0 5.4 66.6 3,934

‘w‘v AH 9131 Ge o L1000 | 6. 6.0 70 2,292

Table 5.3 10«10 SAP Performance Summary: Siarry's net-list, (20 Trials.)

[H(hulnll I C'ost (Opt. -~ 818) | Configurations ¥10% | Optimal | CPU Time

! mean  ald  wagay | meen std % mean (s)

B SA I K2 R() LO97T | 2.7 1.2 13.3 1,049
SA L 881 76 1,048 1 20.0 6.0 36.0 T35
S8 M 896 RG LOTH | 164 6.0 40 6,896
S8 841 79.10  LO3% [ 13.1 6.6 36.6 5,029

Table 8.l 10 <10 SAP Performance Summary: Random Weight net-list. (30 Trials.)

»Hrhmlulv Cost (Opt, = 145) Configurations *10% | CPU Time

L mean  sld ‘;1;,\/,\‘\' AN | mean std | mean (s)

[ *."\':\ I 22588 3.38 233 210 I 2.06 (0.5 68
SA I 28760 233 223 214 1 29.6 3.1 9,990
HH‘M A';):l‘f).T(i 2.86G 225 214 28.1 3.6 0,805
SssH 2077 216 222 215 19.9 4.3 6,675 T

Tab'e 8.5 1010 SAP Performance Sumiary: Horton's net-list. (30 Trials.)
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l’x";;!)\f'ﬁ\ i N(!l\sl ' «:H M SA-LS o
(SAP) 1 ny | 7 . stdy | 7, sidy | () - ) 20, __.7_,5_2_‘
heh Sinrry“ 100169 ] 200.6 G | 200 040 -17
B Hah Sechen 100100 | 190.3 1.7 1 190.2 1.2 1 0.1 0.41
10+ 10 Siarry 30 A0 | 940 65 | 920 - AR 10 31.8
My 10 | Random | 30 30 H!JG RG | 88| v 12 419
‘l—l)“l”()“ ‘M—l—l;—)“l'l,()n 30 “—3() 21076 2,89 | 21876 2.33 | 1.0 - 1.39
Table ©.8: Schedule Statistics: S5-M and SA-L
”l’:nl)l(‘ln Net list Ss-1 SA K
(SADP) " ny | 7, std, L Yy stdy | (7, — Fa2) 203, _72)4
R ;:l'l‘)' 100 100 | 200 0] 200 010 0
Hxh Sechen 160 100 | 1902 121§ 190.2 1.2 {0 0.34
PO 10 Siarry 30 301 931 60 | 920 58 | 11 30.47
10~ 1) Random | 30 30 | 891 79.1 | 844 767 10
l()\"l() Horton | 30 30 12177 2,16 | 218,76 2.33 | 1.06 1.66 .

Table 5.9: Schieduic Statistics: SS-H and SA-L.




Chapter 6
Integratea Circuit Physical Design

Ihysical design is concerned with transforming a structural vepresenaition of an in
tegrated circuit into a physical representation which contains information nsed in
circuit fabrication. In this chapter, we discuss two physical design styles namely,
standard-cell and macro/custom. Both are concerred with the placement ol rect
angular modules in the plane. We report the resuits obtained by applying sinv
lated antcaling (and simulated sintering) using the extended goal divected to eipht
stande. d-cell placement problems. We alse demonstrate how simulated anncaling,
(and simulated sintering) nsing the extended goal divected schedule can be applied

to macro/custom placement.

6.1 The Big Picture

An integrated cireait (1) design can be expressed in terms of beliavioral, structaral
g

and phy«<ical properties [23].
A behavioral representalio describes an [C's function.

ot
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A structural vepreseniation describes the componcnts of an 1 and component
rmlerconnections. Structural representations say nothing about the functionality of
the 1C other than what can be inferred from the behavior of speciiie components, We
refer Lo 10 components as edlls and their intercor nections are specified by nets. A

strnctoral representation consisting of cells aned nets is ealled a net-list.

A phiysieal representation contains information used in the fabrication of an 1€,
The lowest level of physical representation contains photo-mask information. A more
ahstract phiysical representation can he maintained provided it can casily he translated
to the photo mask forrat. An excmple of such a representation would be one that

e ].".." [,” I. I .'..I.,.I',,' l'.,”,., l I., 1 .'..l
specilies the physicai tocation of cells, the physical realization of cell and the physica

realization of nets,

The problem of determining the physical 'ocation of cells is called placement [23).

The probleny of determining the physical realization of nets is called routing [23].

As inaicated in Chapter 1, the secondary molivation for this dissertation is to
pain experience i the physical desigr of integrated circuits. To this end, we examine
two dilferent forms of placement namely, standard-celi placement and macro/custom
placciment. What follows in this chapter is not an evaluation of the extended goal-
ditected sehednde. Rather, it is an illustration of the extended goal-divected schedule

applied to the problems of standard-cell placement and macro/custom placement.

6.2 Standard Cell Physical Design

Phe phases of standard cell physical design are shown in Figure 6.1. The atomic
components ol a standard-cell physical design are standard cells. Standard-cells are

pre designed and implement well defined logic functions. Usually, standard cells are of
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™
Net bt
Phase |
Placement
. S
Plysse 2
Routing
e e ) N
Photo-Muasks
U

Figure 6.1: Phases of Standard Cell Phvsical Desaion

uniform height with varying width., Standard cells have nmform hieishts to Tacilitate

placing them in horizontal rows.

Figure 6.2 shows a particular skeleton stondard cell Tayout conasting ol fon rows
ol standard cells. Input ana output fermnals arve located on the penphery ol cach
standard cell. Logically equivalent terminals are conmected by wies whiclo ran he
tween, over and around standard cell rows. A wire is the physical realization of a

net.

Wires consist of horizontal and vertical sepiments. Wire seginent are placed
tracks which run parallel and at v ght aneles to standard cell row The wpace hetween

two standard-cell rows is called & ehranndd.

Ferminals are of two types namely, logic terminals and power and pronnd e

minals. Wires which carry logic inpnt and ontpat sipnals are cone ted 1o lopie
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cell
] goend
— channel
¢
@
feed-through cel.
&
¢
feed-through pin
N
0 o '
i & |0
¢ ? |
' T wire

Figure 6.2: Skeleton Standard-Cell Layout.
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terminals. Wires which carry power and ground signals are connected to power and
ground terminals.

Logic terminals are located on the top of cach standarcd cell. Pypicalle the same
logic terminals are also available on the bottom of the tandard cell. Power and
grouna terruinals are located on cach standard cell such that when standard cells are
abutted horizantally, power and ground rails are formed.

Vertical wire segments may be used to make connections that span two or more

standard-cell rows. These segments come in the following four forns:

Lo A wire segment which runs aronnd the end of a row of standard colls,

N

2. A feed-through standard cell: \ standard cell consisting solely of a single veret)

cal wire segment,

3. An independent feed-through pin: A vertical wire segment which runs over a

standard cell. The wire segment. is not connected Lo any components within the

staudard cell.

4. A logic feed-through pin: A vertical wive seginent which vuns aver i standiad
cell. The wirve segment is connected to alogic terminal on the top of the standard

cell and to a logically equivalent terminal on the bottom of the standard cefl.

With reference to Figure 6.2, the single wire shown spans row 2 fconnting, rows
from the top) using form | above. Form 2 s used to span row 3. Row four is spionied
using a logic feed-thronugh pin. For demonstration purposes, we have expanded the
fourth standard cell (counting standard cclls from the left) of the fourth row. The
expanded standard cell is a two-input AND gate and all three of its logic terminals

are available on the top and bottom of the standard cell,
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Routing is used to perform the interconnection of terminals given a placement
of standard cells in rows. This is achieved by assigning wires to tracks. Such an

assigniment must satisfy technology dependent design rules.

The number of tracks reauired to achteve a complete interconnection between
standard cells is greatly influenced by the standard cell placement. In turn, this
number impacts the total size of the design as tracks must be separated spatially as

specified by the design rules.

The standard-cell placement problem involves arranging a collection of standard
cells in horizontal rows sueh that the overall arca (st wndard-ceil area and routing
arca) is minimized. The standard-cell placement problem is reported in (28] to be

NP hard.

6.2.1 Standard-Cell Placement Model

Placement .nd routing are two separate phases in standard-cell physical design. This
is the case because the combined problem of placenent and routing is considered
too difficult a task to tackle in a single phase. It is not practical to route different
placements in order to determice which placencent is superior. This is due to the
complexity of the routing problem. Consequently, some measure of the quality of a

placement is requived without resorting to routing.

An estimate of the total wire length can be used as a measure of placement quality.
Figure 6.3 shows a wire connecting four standard cells. An estimate of the length of
this wire is half the perimeter of the minimal bounding box which encloses the centres
of the four standard colls. .\ common estimate of the total wire length is the sum of

the estimated wire lengths for cach wire in the design.

We model standard-cell placement as an extension of the square array placement
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Figure 6.5: Placement Array.

(SAP) problem. We assume the existenee of (a) an 12 x (7 array of standard cell
locations (h) a collection of standard cells not exceeding 2+ 7 in number and (¢) a
nel list. We also assume that logic inputs enter the design at right angles to the first

cell row and logic outpats exit the design al right angles to the last el row.!

A standard cell configuration is an assignment of standard cells to standard-cell
locations. ach standard-cell location can accommodate a single standard cell. Two
conlignrations are neighbours if one can be transformed to  he other by swapping the

I C

positions of two standard cells. Fach configuration has neighbours and
2

the contiguration space has (1) configurations. A pseudo-random ordering of the

integers 1 to N s generated.? Neighbour confignrations within a neighbourhood are

then selected i this order.

MLogic inputs and outputs that enter and exit the design from the left and right of the design
can also be accommodated but are not considered.

“Note .V s the number of configurations in a neighbourhood.
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The cost of a configuration consists ol two components. Ple first component is the
total wire length as deseribed previously. Wire length is exprossed in terms of array
untts. For example, consider an array where £ 6 ond ¢ 7. W a wire connects a
standard cell located at (2.3) to a standard cell located at (5,7) thon the length of this
wire is estimated as hall the perimeter of the annimal bounding hox euclosing, the
two points which is 3 4+ = 7 (IMig. 6.0 1 the wire is a primary input to the desipgn
then the bounding box is extended vertically to the top of the array (g, 65). This
increases Lhe estimated wire length from 7 te 8 The extea cost incarred acconnts for
routing the wire to the top of the design. 1T the wire s a pritiary oatpat from the
design then the bounding box is extended vertically to the bottom of the arrav. The

extra cost incurred accounts for routing the wire to tae bhottom of the desipn.

The second component in the cost of a conlignration is a penalty far creading,
standard-cell rows of unequal length. Fach standard cell in the !”)l'«'.li‘_\' s oaesipned
a length-cost for the purpose of determining the length of a row. With relerence to
Figure 6.2, the second row is shorter that the other three rows resutting in some unused
space called white-space. We acconnt for white-space in the cost of a confipuration

Ly adding the {ollowing quantity to the overall cost:
= l{ (I/nmr /lmm)

where Ly and Ly are the lengths of the longest and shortest cows in the placement.

Typicallv.a large number of configurations are examined during SA. With repard
to execution time, the cost of examining a configuration is nsually dominated by
the time taken to evaluate the objective cost function. Therefore, a cost funetion
which can he evalnated incrementally is highly desivalie sinee it asaally vequire,

considerably less time to evaluate,

It is possible to evalnate our cost function for standard-cell placement ineremen
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tally. To this end, the estimated length of cach wire is maintained separately. When
the positions of two standard cells are swapped, only the wires connected to these
standard cells have their lenpths re estimated.  FFor cach of the affected wires, the

change in estimated wire length is added to the estimate of the total wire length.

The length of cacly row is also maintained separately, Il standard cells are rear-
ranged in the same row then no adjustment to row lengths is reqnired. If a swap
affects two rows then for each of the alfected rows, the difference in widths of the
standard cell leaving the row and the standard cell entering the row is added to the

row's length. L., and L., are then updated.

6.2.2 Optimization

3

Our intent is to apply SS using the extended goal-directed schedule to the problem
of standard cell placement. Consequently, we require an estimate of the cost of an
optimal configuration to an instance of the standard-cell placement problem and a

procedure capable of producing a good initial configuration.

We had hoped to use a general purpose procedure such as Sastry’s [26] statistical
estimation technique for estimating the cost of an optimal configuration to a problem
instance, Qur attempts at implementing Sastry’s technique did not result in a reliable
estimation procedure. More will be said on this subject in Chapter 7. For the present,
wense a probleme-specific heuristic Lo estimate a lower bound on the cost of an optimal
configuration to a standard-cell placement problem instance. This heuristic is based
on the ideal that, in an optimal conliguration, any two interconnected cells will either
be placed adjacent to cacli other in the same row or immediately above ar below each

other on two different rows. We estimate the optimal length of a wire to be

3

[ = (the number of standard cells connected by the wive + 1) div 2
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Figure 6.6: Optimal Net Length Fstimation,
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P Vertical cut-line

Horizontal cut-line

8

Figure 6.7: Quadrisection (Step 1),

Figure 6.6 shows pictorially how we envisage an optimal placement for nets with 1,

208,00 ana T eells respectively.

We also assume that an optimal configaration contains no white-space. Conse-
quently, we use the sum of the sstimated wire lergths as the cost of an optimal

conliguration,

6.2.3 Experimental Results

We have integrated our SA and SS proce "ires into the Open Architecture Silicon
Implementation Software System (Qasis) [2]. Qasis is a set of integiated design tools
including tools for logic synthesis and placement and routing. Oasis takes as in-
pul a function specification and produces a standard-cell design. The standard-cell

placement procedure emiployed by Qasis is based on the quadrisection method [31].
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. .
Figure 6.87 Quadrisection (Step 2).
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Figure 6,90 Quadrisection (Step 3,
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Suppose that a design is to contain 5 rows of standard-cells. With guadrisection,
the design s divi ed into four quadrants using horizontal and vertical cut-lines (I'ig.
6.7). Cells are placed in quadrants in an attempt to minimize the number of wires
th tcross acut line, Fac'y quadreant 's further divided into four until cach quadrant
can no longer be divided using a horizontal cut-line (IYig. 6.8 and Iig. 6.9). At this
stage the standard cells have been assigned to rows, and the individual locations of
standsored colls within a row remains to be determined. This last step is performed
nsing, a nin cut [ approach,

We have compared Qasis’s placement procedure to that of SA using Huang's
sehedule and SS using the extended goal-directed schedule, In this comparison. 38
caample circuits were used as benchmarks. Both the SA «nd S8 implementations us. o«
the extended SAP placement model as deseribed above., Where 55 was concerned,
we nsed both SA using Huang's schesiule and Qasis’s placement procedure to provide

good initial configurations. The examnle circuits usea in the comparison were
o Clirenil 1 [28] (circuit contains only 2-input gates).
o Clircuil 2 Cireuit 1 after inverter minimization [34].
e C'ircaicd Rise processor (eireuit contains up to 8-input gates).
o Circuit 1 Realization of misex! [1; using d.composition [19] (2-inpul gates).

o Clircuil h Realization of <divide-by-T using decomposition, re-composition and

inverter minimization [$1] (up to S-input gates).
o Clircuit 6 CU32 (6] (up to L input gales).
o Clircuit 7 Realization of bw [1] (2-input gates).

o (lircuit 8 Clireuit b after an aternative decomposition (2-input gates).

PO RSN




CHAPTER 6. INTEGRATED CIRCUTY PHYSICAL DESTGN IR

I Design | Cells Placement Cost CPU Time (nnnnlm)
. Oasis  SA-IT S8 Q0 Ss ()“h.if--j'\ lIN HHQ HHH
! 16 | 4 35 33 43| - l() ()()R | l()() | rl;ll
I 2 15 30 33 3 §2 1.0 0.05 | ’U - ll\
B 3 RG 461 28H 28K 280 1< 10 II.TA | '.d;i()r N Hl
4 89 386 238 232 282 ] < 1.0 19 l’() : ‘HT
5 112 ] 603 HAN 331 333 | < LO 25 3:—';()‘ 4
G 171 1265 (83 i 679 < 1.0 13; l\ ‘l IH
7 237 | 1361 637 631 637 | - 1.0 AT ’H; l"i.').
b 256 l:(HH T2 T2 ")) L .o 2] l | ';’!.')",A -I.;')Ji.\'v

Fl\'ey Method

QOasis  Quadrisection
SA-IT SA using Hoang's schedule

S88-Q S8 using the e-goal schedule and quodrisection as heuristic

SS-H SS using the e-goal schedule and SA using Huang's schedule as heunistia

Table 6.1: Standard Coll Resnlts (Placement Clost).

Sach of the placement procedures was applicd once to cach of the X example
circuits. Table 6.1 shows the terminal costs in terms of Lotal estimated wire length
plus the penalty for unequal rows. For brevity, we will refer to this smin as the
placement cosl. With regard to SA and SS, we used [t and ¢ values supplied by

Qasis’s placement phase.

IFrrom Table 6.1, it can be scen that SA using Huang's schedule and SS using the
extended goal-directed schiedule produced desigus with shorter wire length comuared
to the designs produced using quadrisection. In our comparison, wire lenglh has Uie

meaning set out ahove. Iowever, it should be noted that the quadrisection procedune
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Design | Cells Area
Oasis SA-H 58-Q SS-1

] 161 36000 34000 35200 35200
2 15 ] 37600 33672 31096 32016
3 RO | 288288 261048  25752] 261048
4 89 270272 238896 240160 239528
5 112 ] 388756 369360 361816 354240
G 171 | 669768 559896 517128  606GL1-t
7 237 | ROIAHGS 708032 710400 708032
8 206G 1 840020 7RISL0 766295 780432

Key Method

Oasin Quadrisection

SA-H SA using Hoang's schedule

SS-Q SS using the e-goal schedule and quadrisection as heuristic

S8-11 88 using the e-goal sehedule and SA using Huang's schedule as heuristic

Table 6.2: Standard-Celi Results (Area).

103

performs optimization using a different definition of wire length. Again with respect

to wire length, 88 performed marginally better than SA but at a cost of up to a factor

of five i execution time.

We next proceeded to route these designs using QOasis’s router. Our intent here

was to determine how a reduction in wire length affected the total area of a design.

The results are shown in Tabic 6.2 Area is reported in Magic [21] square grid units.

In our arca calculation, we did not include the area required by power and ground

TWe do not give preaise CPU tinies for Qasis. For the purpose of our comparison, it suffices to

say phat Oasis requires CPU times of less than one minute.
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rails .., the rails at the periphery of the design as depicted in Figure 6.2, Fignmie
G.10 shows an example design realization, We used a CMOS 2.0 micron technology
(21,

Figure 6.1 <hows a graph of area versus placement cost for our 8 example cir-
cuits. The data show a lincar tendeney. We have drawn a regression line to improve
readability. T'his lincar tendency is an indication that our cost function is a good

predictor of jlacement quality.

The designs produced by SA and SS are on average 10% siralier than the designs

produced using gquadrisection.

The lesigns produced by 849 using the extended goal-directed schedule are marginally
smiatter (less than 2% on ave rape) than the designs produced by SA using Huang’s
schedule. We note that in some cases a design with a smaller wire length required
more area than a design with a larger wire length. This only occurred when the
difference in wire length was small and is caused by a combinavion of the heuristic

nature of the router and inaccuracies in the placement model.

As to whether an inerease in execation time of up to a tactor of five is acceptable
for such a modest decrcase 1 area, there s no delinite answer. The cost of 1! area in
dollars is a step function. Consequently, a modest reduction in area may result in a
large dodar savings. For example, a smmall decrease in arca might mean that a design

can be fabricated as a single 1C! rather than as a pair of [C's.

6.3 Macro/Custom Physical Design

1he phases of macro/custom physical design are shown in Figure 6.12. The atomic

components of meero/custom physical design are macro cells and custom cells. Macro
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J

[ Net List

Phase
Floorplanning

Phase 2

Custom Cecll Design
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Photo-Mask:

Figure 6.12: Phases of Macro/Ctustom Physical Design.

cells are pre-desisned as in the case of standard cells. Macro cells and standard cells
differ in that a macro cell may have several physical realizations. All realizations
of a macro cell are logically equivalent. Macro cell realizations differ only in their

dimensions and possibly the relative location of terminals,

("ustom cells are designed specifically for a particular application. The detailed
design of custom cells is performed after its physical location in the plane has been
determined. Placement is performed using an estimate of custom-cell area and a
riige of acceptable height/width ratios called aspect ratios. For a given cell, we
deline aspect ratio to be the length of its shortest side divided by the length of its

longest side, i.e., aspect ratio is less than or equal to one.

The first phase of macrof/custom pliysical design is concerned with the allocation

of space for custom 2ud macro cells. This process is called floorplanning and its
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function is to determine the aspect ratio and position in the plane of cach cefl. For
macro cells, the determination of aspect’ ratio corresponds to selecting a macro cell

realization and its orientation.

After floorplanning, cach custom cell is designed to conform to the previously
determined aspect ratio and terminals are placed on the periphery of the eell. Sub

sequently, a router is employed to perform the interconnection of terminals.

Figure 6.13 shows a skeleton macro/custom layout. We restrict our attention to
designs with rectangular shaped cells. Wire seginents ave again placed in tracks which
may run on all four sides of a cell. Py pically. wires can not be vouted ou top of custom

or macro cells.

The problem of floorplanning involves arranging a collection of macro and custom

cells in the plane such that the overall avea (celt arca and routing arca) is minimizel,

6.3.1 Slicing Floorplans and Slicing Trees

A floorplan for n cells consists of a bounding rectangle divided tito n or more non
overlapping rectangles. Cells and rectangles ave labeled 1 to nand, rectangle o st

be large enough to accommodate cell ¢ (1 < ¢ < ),

A sticing floorplan is arrived at by recursively bisecting a rectangle into Lwo non
overlapping rectangles. A binary slicing tree is a hicrarchical representation of a
slicing floorplan [37]. We restrict our attention 'o shicing Hoorplans and we only
consider designs consisting of macro cells,

Figure 6.14 (a) shows a shcing floorplan which has been biseeted into two non
overlapping rectangles using a horizontal cul-line, Vigure 6.14 (b) shows its shcing

tree representation. FFigure 6.14 (¢) shows a shicing Hoorplan which has heen bisectedd
| ) , J
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, —1___ cell6
cell 3
cell |
cell 7
cell 4
channel
cell 5
cell 8
wire
cell 2

Figure 6.13: Skeleton Macro/C'ustom Layout.
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FFigure 6.1:4: Floorplan and Slicing 'Tree Representation
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Figure 6.15: Floorplan and Slicing Tree Representation.
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iT3

Figure 6.16: Alternative Slicing Floorplan.

into two non-overlapping rectangles using a eertical cut-line. Fignree 611 (d) shows

its slicing tree representation.

In general, cach leal node of a slicing tree represents a hounding rectangle and
r h non-leal node represents a horizontal or vertical cut-line. Horizontal and vertical
cut-lines in a slicing tree are represented by the symbols Hoand V ovespectively, 'The
corresponding horizontal and vertical eut-lines in a slicing lloorplan are shown as line
segments,

[ligure 6.15 shows a slicing floorplan and its slicing tree representation. Note

that a slicing tree contains no dinmensional information. In fact, a slicing tree may
represent more than one slicing floorplan. For example, the shicing tree in Fignee 6,15

is also a representation of the slicing floorpian in Figure 6.16.

In addition, a slicing floorplan may have more than one slicing Lree representation,
For example, the slicing trees in Figures 6,15 and 6,17 hotl represent the slicing

floorplans of Figures 6.15 and 6.16.

Wong (371 defines an equivalence relation f5 on the set of all slicing Hoorplans with
n rectangles. Let [ and g be two slicing floorplans with norectangles, [lhg is tiae
if [ and ¢ have the same slicing tree representation. [5 partitions the set of shicing

floorplans with n rectangles into equivalence classes, Fach equivalence elass is called
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Figure G.17: Alternative Slicing Tree Representation.,

a slicing structure.

Our intent is Lo use a slicing tree with » leaf nodes to represent a slicing structures
with i rectangles. As we have seen above, there is a many-to-1 relationship betw. =
slicing trees with 1 leal nodes and a slicing structure with n rectangles. This is
undesirable from an optimization point of view since any increase in the number of

feasible solutions makes the search for an optimal solution more difficult.

Wedesire a | to-1 relationship between a slicing tree with o leaf nodes and a slicing
structure with norectangles. To this end, consider a slicing tree where the cut-line at
a non leaf node is the same as the cut-line at one of its non-leal children. Implicit
in such a structure is a cut-line ordering. C'onsider the slicing tree of Figure 6.15.
The vertical cat-line with superseript @ precedes the vertical cut-line with superscript
b because of their velative positions in the slicing tree. With regard to the slicing
structure, this ordering imposes a left to right order in the corresponding vertical
cut-lines. For clarity, we have labeled the vertical cut-lines in the slicing structure of
Figure 6,15 with the superseripts of their corresponding cut-lines in the slicing tree

of Iigure G.15.
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Figure 6.18: Floorplan with Cells Fimbedded.

A skewed slicing tree is a slicing tree in which the cut lines at cach non leal node

and their respective non-leaf right childven are different.

From Wong [37], we know there is a 1-to | correspondence hetween slicing st
tures and skewed slicing trees. Conseqguently, in our floorplanning procedures, we
represent slicing floorplans as skewed binary shicing trees. Fignre 6,17 shows the
skewed slicing tree representation for the slicing floorplan i Fignre 647

Our next step is to add dimensional information to a skewed shicing trees Consade

the situation where we have two cells. Let cell 1 have diunension Crgoy) where ry

denotes the width of the cell and y, denotes the height of the celll Let cell 2 have
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dimensions (ry, 1), We deline two binary operators ©i and o such that the dimensions
of the sinallest rectangle enclosing cell 1 and cell 2 ave: (MAX(z,y) returns the greater

of o and g and SUM(e, y) returns the arithmetic sum of @ and )
(roya)h(yeoye) = (NY) 0 Xo= MAX(ry,02); Y = SUM(y1,y2)

(rivez)olynyye) = (X)) 0 X = SUM(ry,0q) 5 ¥V = MAX(y1, y2)

The operators h and v correspond to horizontal and vertical cut-lines in a slicing
slructure.

Consider again the floorplan and slicing tree of Figure 6.14 (1) and (b). Let cell
[ and cell 2 have dimensions (301) and (2,5) respectively. I‘rom the flocrplan, we
know that cell 2 is to be positioned on top of cell 1. The resulting dimensions of the

bounaing rectangle enclosing cell 1 and cell 2 are:
(X.Y) = (3,D)h(2,5) = (3,9)
Let cell | have two alternative dimensions namely, (3,4) and (4,3). Let cell 2 also

have two alternative dimensions namely, (2,5) and (5,2). The alternative dimensions

ol the the bounding rectangle enclosing cell 1 and cell 2 are (see Fig. 6.13):

(N1 = (3,Dh(2,5) = (3,9)

it

(N2 Y2) = (3,0h(5,2) = (5.6)
(N3 Y = (L3)AR(2,5) = (4,8)
(N V) = (L3)h(5.2) = (5.5)

With reference to Figure 6.18, rectangles which are not labeled represent wasted

space called white-space.
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6.3.2 Sliciag Tree Evaluation

A non-leal node of a slicing tree is cowlualed by d-termining the unigue alternative
dimensions of the rectangle enclosing the cells on its right branch and on its left
branch. In the previous paragraphs, we have deseribed how the aiternative dimensions
of the bounding rectangle are calculated. Slicing tree nodes are evaluated in postorder,
The evaluation of the root node yields the alternative dimensions of the bounding,
rectangle for the slicing floorplan.

Figure 6.19 shows a slicing floorplan and its sk wed shicing tree vepresentation.
Adja-ent to cach leaf node in the slicing tree, we show alternative cai dimensions.
Adjacent to cach non-leaf node, we show the alternative dimensions of the node's

bounding rectangle as Jdetermined by node evalnation.

It should be noted that our method of node evaluation is simple yet mstrietive,
This is the case since all possible alternative bounding recte ngle dimensions are cal
culated at each node. A bounding rectangle with dimensions (ay, ) s discarded if

there exists an alternative rectangle with dimensions (g, vy, and
(e =y, and yy 2 yy)  or (yy =y and ay s ory)

Wong [37] describes a more eflicient procedire based on bowndirg curecs, 1The
bounding curves approach was first introduced by Stockmeyer [30], At cacli node
Stockmeyer considers only relevant bounding rectangles. Inother words, the hounding,
rectangles that are discarded in onr naive approach are not considered at all by
Stockmeyer. T'he end result is the same for both our algorithin and Stockimeyer's
algorithm. However, in terms ol exeaition time, it wonld be waorth converting to

Stockmeyer’s scheme lor a production system.

Let the process of selecting one of the alternative dimensions of o floorplare™

bounding rectangle be called firing the shape of the root node. "The next step oot
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Figure 6.19: Slicing Tree Evaluation.
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fix the shape of the root’s left and right children subject to the constramts imposed

by the root shape. Once the root’s children have their shapes fised, the process

continues in preorder until the shape 1 cach node s completely determmed. Durving,

this traversal, the lower left corner coordinate of cach shape is alc deteamined. Given
I

the shape ol a deis fixed o (XNOY), the shape of its teft and right children ace fixed

to (. yy) and (g, y2) where:

Node is a vertical ent-tine s SCM e ) < N VAN (o) - )

Node is a horizontal cut hine o M AN (e o) N o SUM @y o0 )

Let (M, N) be the lower left corner coordinates of the nade with shape (MY ),
The lower-left-corner coordinates of the node's left and ripht children are (raygong)

and (my,ny) where:

Node is a horizontal cat ine: oy Mooy - N Mo SUMIN i)

Node is a vertical cut-line: oy Mooy Ny, SUMM ey, N

The slicing tree preorder traversal is initiated with the selected vatues for the shape

of the root node and (0,0) for its lower left corner coordinates,

Consider again the skewed slicing tree in Fignree G190 T he shape of the root can
be fixed in any one of three ways, Let the shape of the root he fixed to (H8). With
(XN = 5.Y = 8), the only acceptable values for (ryoyy)ccrpys) ave (1) and (1N)
and their lower-left-corner coordinates are (0.0) and (1.0) o the skewed Shamng tree
shown in Figure 6.19, we have highlighted the fised shape of cach node. Weadso show

the resulting slicing floorplan with cells embedded.
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(98}

Figure 6200 Wire Length Lstisate.
6.3.3 Floorplan Model

A Hloorplanning confiquration is a skewed slicing tree with dimensional informa-
tion. Two configurations are neighbours if ane can be transformed to the other by
imtercizamging the hranch-roots of two disjoint sub-trees or by changing the cut-line
direction of a non-leal nodo. By interchanging the branch-roots of two disjoint sub-
trees we mean, take two branches that do not have a node in common and swap their
position in the trees For both types of transformations, the resulting tree must he a

2n -1

vadid skewed <licing trees .\ configuration has a maximum of +(n—=1)
9

possible neighbours. Seme of these configurations are invalid neighbours since *heir
associated sheing tree may not be a valid skewed slicing trees. Neighbour selection is
performed ina pseudo-random order as in the case of the SAP prohlem (see Chapter
23

We note that Wong vepresents a slicing floorplan as a normalized Polish expres-

ston. Neighbours are found by manipulating the polish expression rather than the
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slicing tree itsell. For a given conliguration, Wong defines o completely different
neighbourhood than the one deseribed above, We do not claim fhat our neighbounr
hood 1s superior to Wong's neighbourhood. However, in our opinion, a neighonrhood
defined on the slicing tree is more intuitive than a neighbourhood defined on the

corresponding polish expression.

The cost of a configuration is the sum of two components. Fhe fiest component s
an estimate of wtal wire length. Wong [37] estimates the tength of a wire as hall the
perimseter of the minimal bounding box wifch encloses the conteis of the cells. Fignne
6.20 shows a cucing floorplan with three cells and its skewed slicing tree representation.
Cell 1T and cell 3 are connected by a wire, Cell 3 s free to move vertically inta the
space represented by the stipple pattern in Figure 6.200 Consequently, we estimate
the iength of a wire as hall the perimeter of the minimal bonnding box which cuclones

the centers of the bounding rectangles in which the embedded colls are free to move,

The second component of the cost of a configuration is a measure of the area
occupied by the configuration’s slicing floorplan. Waong, [37] used the arca of the
slicing floorplan’s bounding rectangle as his arca metric. We take a slightly different
approach and use the shicing floorplan’s white-space arca as onr arca metric. L he

rational {Go this is as follows.

Wong uses the suin of total arca and weighted wire length as his configuration
cost. Nu guidelines are given as to the magnitude of this weight. In our experience,
superior floorplan quality results when the wire length component dotminiates the cont
function. Consequently, we speculate that the weight should at least he greater than
one. An appropriate weight s difficult to determine especially since estimated wine

fength is Hnear and area is quadratic!

TSuppose that wire length and area are funetions of w0 Sinee they have diflerent giowth riates g

suttable weight for a particular value of nomay not ne suitable for targer values of o
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By using white-space arca rather than total area, we implicitly weight the esti-
mated total wire length component of the cost of a configuration. We have found that
our implicit weighting strategy canses the estimated total wire length component to

dominate the cost function.

Let (N YY) be the outer dimensions of a floorplan with n non-overlapping rectan-
gles. Ironn our perspective, a floorplan with outer dimensions (X,Y) can bhe trans-
formed to a floorplan with outer dimensions (Y, X1 by a simple rotation. Our calcu-

lation of white-space takes this into account.

Let 7 be a given aspeet ratio. We favour floorplans with aspect ratio between Z
and 1. Floorplans with aspect ratio less than Z arve penalized by increasing the value

of white-space,

Let A be the sum of the arca occupied by the floorplan’s n cells. We calculate vhe

value of white-space as lollows:

ws = (N Y)—= A il Y >Y and % > 7

ws=(X-X -Z)-A il X >Y and BT < Z

ws = (XN -Y)=Ail X<Y and £>7

ws = (Y Y - Z) - A X <Y and 5,— </
For example, the floorplan in Figure 0.20 has three cells labeled 1, 2 and 3. Their
dimensions are (9,9), (6,6) and (9,2) respectively. The total cell area is 135 and
the outer dimensions of the floorplan are (23,9). Let the aspect ratio be 0.9. The

catculation {or ws is as lollows:

ws = (2323 0.9) — 135 = 341.1

1he overall cost of a configuration is the sum of white-space and the total esti-

mated wire-length,
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Figure 6.21: Wire Length Estimate.

Note that slicing tree evaluation can be performed incrementally. 'T'o this end,
we maintain backward links in the slicing tree from cach node to its parent. Given
a configuration and one of its valid neighbours, the cost of the neighbonr can be
determined without resorting to a complete slicing tree evaluation. Recall that two
configurations are neighbours if one can he transformed to the other by interchanging
the branch-roots of two disjoint sul:-trees or by changing the cut hine divection of a
non-leaf node. If a slicing tree node has its cut line direction changed, only the nodes
encountered on the hackward path from the changed node to the Lree rool need 1o
be re-evaluated. If the bhranch-roots of two disjoint sub trees are swapped then only
the nodes encountered on the hackward paths from the parents of hoth branch roots

to the tree root are re-evaluated.
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6.3.4 Optimization

Our intent is to apply SA and SS using the extended goal-directed cooling schedule
to Lhe problem of floorplanning. For S5, we require an estimate of the cost of an
optimal configuration Lo an instance of the floorplanning problem and a procedure
capable of producing a good nitial configuration. As in the case of standard-cell
placement, we use a problem specifie hearistic to éstimate a lower-bound on the cost
of an optimal configuration to a problem instance. This heuristic is based on the ideal
that interconnected cells will be placed adjacent to ecach other and that the floorplan
will have no white-space.

Figure 6.21 shows two cells. For cach cell, we have drawn a cirele of equal area
sich that both cell and circle share a common center. We estimate the length of
the wire connecting these cells to be the sum of the radii of their associated circles.
We do this so as not to bias our wire length estimation in favour of a particular cell
orientation. The sum of the estimated wire lengths plus the sum of cell areas is used

as the cost of an optimal configuration,

6.3.5 Experimental Results

The Microcleetronies Center of North Carolina (MCNC) provides a set of floorplan-
ning benchmark circuits. There circuits are not used extensively in the literature.
Our benehmark need is one of illustration rather than evaluation. In particular, we
. 1 . . l l l . l. l P l f‘ 11t 4 . (

required a problem where we knew the optimal configuration cost in advance. Con-

sequently, we decided to construct our own benchmark problem.
We constructed an example floorplan by repeatedly bisecting a rectangle into
26 nonoverlapping rectangles. Into each non-overlapping rectangle we placed a cell

such that the outer dimensions of the floorplan was 27 by 30 and the floorplan had
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no white-space. We placed wires between arbitrary selected pairs of cells. \We also
weighted cach wire. Wire weights are in the range 1 to 8 and were chosen at randomn,
Figure 6.22 shows our example floorplan with cells embedded. Wires sive represented
by dotted lines. The distance hetween dots indicates a wire's weight. For example,
the wire connecting cell 6 and cell 17 has weight S and the wire connecting cell | and

cell 8 has weight 1.

The floorplan in Figure 6.22 has an arca of 27230 = 810 square units and a total
wire fength of 987.5 units. Its cost is 987.5. Note that our example Hoarplan can
not be laid out in less than 810 square units, However, a smaller total wire length s

possible at the cost of increasing the layout area.

We applied SA and SS using the extended goal-directed sehedule on our 26 cell ex
ample floorplan using an aspect ratio of 0.25 (1:1). The results ave shown i Table 6.3,
Thirty trials were performed. Fach trial started with o different initial confipuration

which was chosen at random.

[n terms of average terminal configuration cost, both SA ad SS uning the extended

goal-directed schedule performed better that Huang's schedule (‘Table 6.33).

In Chapter 4, we alluded to a problem with the convergence criteria nsed i
Huang’s schedule. This problem manifested itsell twice i onr thirty trials resulting
in terminal configurations whicli were far from optimal. Figure 6.23 <hiows the less

extrenie of these two cascs.

In Figures 6.24, 6.25 and 6.26, we show the terminal configurations with Jeasl
cost for each of Huang's schedule and SA and S5 using the extended goal directed
schedule. Note that for simplicity, cells are positioned left and hotton justified within
bounding rectangles. We envisage that the exact position of o cell within a hounding

rectangle will be determined during the ronting phase. Note aluo that cach of the
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r‘g’(:l“"d”!“ {l0st Configurations *10°% | CPU Time
mean ald  rarax  xann | mean std | mean (sec.)
SA I HGH.K 0912 d125.5 954 0.93 0.339 7857.2
HA I 10210 355 10806 9305 | 1.22 0.24 11007.6
Ss 1 1006.2  40.0 10X 912 1.7 0.322 11612.1

oy Methiod

SAH SA wang Huang's schedule

SA I SA using the e goal schedule

w8 S8 min g the ¢ goal sehedule and SA us ng Huang's schednle as heuristic

Table 6.3: IMloorplanning Problem. (30 Trials.)

Hoorplans in INpeares G233, 6,23, 6.0, 6.25 and 6.26 are drawn to the same scale.
] i)

Tables Gl and 6.5 show the appropriate statistics for comparing the statistical dif-
[erence between the performance of Huang's schedule and the extended goal-directed
schedule on our example floorplanning problem. From Tables 6.4 and 6.5, we deduce
that in terms of the average terminal conliguration cost, the performance difference
between Huang's schedule and the extended goal-directed schedule on our 26 cell
Hoorplanning problen is not statistically significant. This is not a negative result. In
Chapter 7, we explain why the extended goal-directed schedule and Huang's schedule

have a similar performance (terminal configuration quality) lor this problem instance,
oA | )
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SA-I

SALE

ny oy ‘ijl H[l/] ‘Tj“z Hf(lz (771 2(7(?;1 gy._)
30 301 1021.1  35.0 | L1658 5912 | 1LY 216.2

Key Method

SA-1l SA using Huang's sehednle

SA-E  SA using the e-goal sehiedule

SS-H 58 using the e-goal schedule and SA using Huang's schedule as heanist

Table 6.1: Schedule Statisties: SA H and SA 1.
SA-I SS-H

o na | Y, sty |7, stdy | (7, 2005, 5,)
30 30 { 1006.2 40.0 [ 1021.1 355 | [1.9 10.5

Method

SA-H
SA-I
SS-H

SA using Huang's schedule

SA using the e.goal schedule

SS using the e-goal schedule and SA using Huang's schednle as hennst

Table 6.5: Schedule Statistics: SA-IS and 8§ H.

126




CHAPTER 6. INTEGRATIEED CIRCUIT PHYSICAL DIESIGN

Figure 6.22: Fxample Floorplan: Cost=987.5 Arca=810 Wire len.= 987.5

o

-3
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Figure 6.23: Premature Convergence: Cost=2007.5 Area 1064 Wire len. 15045
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Figure 6.24: SA-I's Best: Cost=954 Area=871 Wire len.=890
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Figure 6.25: SA-1s Best: Cost=939.5 Arca--871 Wire len. 866.5
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6.4 Summary

In this chapter, we have discusscd two phivieal design styles namely, standard cell

and macro/custom. We have demonstrated placement procedures Tor hoth styvles.

With regard to standard cell design, we ntegrated our standard cell placement
procedure using the extended goal-divected sehedule into the Oasis [2] logic synthesis
system. We applied our procedure to 8 example cireuits. The results show that in
terns of layout arvea, our procedure performed better than the placement procedie

used by Oasis,

With regard to floorplanning, we applicd our procedure to an example Hoorplan
ning problem. T'he results show that in terms of lavout arca, Hhiang's schedule and
the extended goal-directed schedule performed i similar manuer,

In the following chapter, we give guidelives on when to use the extended poal
directed schedule hased on problem instance statisties.  We use the results from

Chapters 4.5 and 6 to justify these guidelines.




Chapter 7

Coucluding Remarks

As stated in Chapter 1, research in the foundations of SA is concerned with determin-
nig which problems are amenable to optimization by SA and which cooling schedule
hest suites a particnlar problem. In this chiapter, we give guidelines on when to use
the extended goal-dirceted schedule based on experience and insight gained while

working on this dissertation.

Weoe close this ehapter with a dissertation summary. including research contribu-

tions, an outline of possible future work and an epilogue.

7.1 Cocling Schedule Selection

Recall that ¢ is the number of temperature vahioes used in the extended goal-directed
schedule, The value of ¢ measures the difference between the cost of an easily ac-
cessible conliguration and the cost (exact. estimated or lower-bound) of an optimal

confliguration relative to A, In Table 7.1, we show the ¢ values for each of the

133




CHAPTER 7. CONCLUDING REMARKS i3l

Chapter | Problem l‘ml>\vm;i;‘k'ﬁthl)wi | q
e
3,050 5x8 SAP: Siarry’s Net list 5 13
305 | Bx5SAD: Sechens Netlist | w | 1d
1.5 10x 10 SAP: Siarry's Net-lis) M*MH)(/)M | l;{
1.5 10X 10 SAP: Weighted Net-list “I(;) - “{T
15 10x10 SAP: Horton's Net list oo s
6 Cirenit | 6 )
¢ Cirenit 2 - 16 \
6 Clireuit 3 .7?4);’“ - 7.'7{:.’,
6 Cirenil. | oo o
6 Cireuit 5 B Alil o Hi\
6 Cireuit 6 l?)[)_ AI\
6 Circuit, 7 255 B
¢ Clirenit 8 291 I
G Floorplan )(‘1 - f)

Table T.1: Example Problems and their ¢ values.

problems considered in this dissertation.!

The extended goal-directed schiedunle is less susceptible to becoming, trapped in
local minima than  edules like the classical schedule or Huang's schedule, T,
is because temperature in the extended goal-directed sehedule can incrcase when

the proccdure suspects that it is trapped i a local mininnon. Temperatoure i the

Heor the standard cell placement problems, Q@ Figure 7 1 s the prodact of the nnmber of rows

)

an’' colwnns in the underlymg placement aceay. Consequently. the value of 4 s preater Hian or

equal to the number of cells to he pliced.
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extended goal-ditected schedale caninerease on up to ¢ occasions. The larger the
value of ¢, the less likoy it is that SA nsing the extended goal-directed schedule will
hecome trapped in a local minimuin relative to the chances that SA using either the

classical schedule or Huang’s schedile will become trapped in a local minimum.

The extended goal-directed schedule resembles Huang's schedule when the value
ol ¢is 1, i.c., no temperature inereases are allowed.,

We surmise that in terms ol the average terminal configuration cost and the least-
cost terminal configuration cost, the extended goal-directed schedule will perform at
least. as well as tHuang's schedule. We also surmise that the larger the value of ¢, the
preater the cliance that the extended goal-directed schedn!e will perform better than
Huang's schedule. In both cases, it is likely that the extended goal-directed sche-lule

will examine more configurations than SA using Huang’s schedule.

Temperature in the extended goal-divected schedule can inerease on ap to g occa-
sions. I terms of the number of conhgurations examined, a penalty is incurred each
time the temperature is increased. The larger the value of ¢, the more potential there
is for incurring multiple instances of this penalty. For 55, the initial temperature ig
set to T, where the target cost IY) is the largest target cost less than or equal to (7(s5).
Therefore, temperature can inerease on (g — ) occasions. This results in a reduction
in the potential of incurring multiple instances of the above penalty. Consequently,
the larger the value of ¢ the more likely it is that S5 using the extended goal-directed
schedule will examine a smaller number of configurations than SA using the extended
goal-directed schedule given a suitable heuristic for SS.

Based on our experience with the extended goal-directed schedule, we reconimend
the use of S5 over SA when the value of ¢ exceeds 20. This is because we can expect
a significant decrease - the computation times of SS relative to the computation

times of SA when the value of ¢ is large. I the value of ¢ is greater that 5, then
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we recomimend using the extended goal-divected sehedule in the hope it will vield o
quality ‘erminal configuration and with the knowledge that its computationa® elfort
will most likely be greater than that of Thuang's schedules I the value of ¢ s less
that 5 then we vecommend Huang's schedule be used in preference to the extended

goal-directed schedule.

To support the above recommendations, we point to the benchmark resalts i
Chapters 4, 5 and 6. In Chapter 1, we showed that for the 5 5 and 10« 10 SAD prob
lems, the extended goal-directed sehedule consistently ontperformed Huang's schedule
in terms of the quality of the average terminal configuration. "The 5«0 and 10+ 10
SAP problems using Siarry’s net-list have typical ¢ values of 13 and B3 vespectively.
FFor the 10x10 SAD problem using SA with the extended goal directed schedule, a

typical number of temperature inereases is 10,

In Chapter 6, we showed that for the Hoorplauning problem, the extended poal
directed schedule had a similar performance to Huang’s schedule in terms of the
quality of the average terminal configuration. For the floorplanning problem, a typical

value of ¢ is 6.

Irom a users point of view, the quality of the least-cost terminal configuration
is more important than the quality of the average terminal configuration.  With
regard to the x5 and 10x10 SAP problems, the extended goal divected schedule
also outperformed Huang's schedule in terms of the quality of the teast cost termi
nal configuration. This is evident from the somewhat higher percentage of terminal
configurations which were optimal,

With regard to the standard-cell placement problems, we did not perform enough
trials to say which schiedule performed better o average. However, we can say that
the extended goal-direeted schedule performed at least as well as Huang's schedule

in terms of terminal configuration quality. In Tactoin all bat one of our 8 exam
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ple cireuits, the extended goal directed schedule yielded a superior quality terminal
conliguration.

In Chapter 5, we demonstrated the effectiveness of the extended goal-directed
schedule for 8S. For the 10210 SAP problem using Siarey’s net-list, a typical value
for ¢ is 13, When SA using Huang's schedule is used as the heuristic for SS, a typical
initial temperature is Ty, Consequently, the potential for temperature increases is
rednced resulting in a decrcase in the number of configuradions examined as compared
to SA using the extended goal-directed schedule. In our experience, this reduction in
potential for temperature inereases is not sufficiently large to result in a decrease in

the quality of the average terminal configuration.

Note that for the standard-celi cireuits in Chapter 6, the value of ¢ for all but
cireuits 1 and 2 is greater than 20. Consequently, we did not consider SA using the

extended goal-directed sehedule on any of these problems.

We eniphasize that the recommendations contained in the proceeding paragraphs
are based on insight and experience. No definitive statement can be made about the
value of ¢. This is the case since ¢ is a function of AC and the cost of an optimal
confignration. We estimate A" and we most likely will also have to estimate the cost
ol an optimal configuration. Consequently, we can expect some variation in the value

of ¢ for multiple trials of a given problem instance.

7.2 Dissertation Summary

[n Chapter 2, we introduced a framework for discussing optimization. Within that

framework, iterative improvement was examined and evaluated.

SA was introduced in Chapter 3. In the past, the salient features of SA have been
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described relative to their counterparts i physical anuealing., We took a different
approach and introduced an abstract model for SA. This mwodel is an extension of the
model proposed by Grover [9]. Within the context of this model, we gave the reader

an appreciation for SA and how it works.

In Chapter 3, we alse described a general cooling schedule which we referred to
as the classical cooling schedule. We demonstrated the main drawback with this
schedule, namely the need to perform parameter assignment. We also reviewed and
evaluated a more elaborate cooling schedule called Thiang's sehedule,

In Chapter 4, we introduced the goal-directed cooling sehedule and the extended
goal-directed schedule. Both are based on the cost of an optimal solution to a proh
lem instance. The latter schedule is the only schedule we are aware of that permits
increases in the value of the control parameter, temperature. We compared the per
formance of the extended goal-directed schedules with Huang's sehedule on the 5.5
and 10x10 SAP problems. With regard to the 5«5 and 10 <10 SAP problems, we
demonstrated that the improvement m quality of the average terminal configuration
achieved by the extended goal-directed schednle over Huang's schednle is statistically

significant.

One of the shortcomings of the excended goal-directed schedule is its fong com
putation times. In Chapter 5, we addressed this problem by nsing S5, We showed
how the extended goal-directed schedule can be used as a general cooling, schedule
for SS. In doing so, we achieved onr goal of reducing the computation times vequired
by SA using the extended goal-directed schedules In terms of the 5.5 and 1010
SAP problems, this reduction in computation times did not result in a decrease in

the quality ol the average ter mal confignration.

In Chapter 6, we deseribed two VLSI physical design styles namely. standard cell

and macro/custom. We demonstrated placement procedures for hoth styles,
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Wilh regard to standard-cell design, we integrated our standard coll placement
procedure using the extended goal-directed schedule into the Oasis 2] logic synthesis
systemn, We evalnated our procedure on 8 example circuits. The results show that
i terms of layoul arca, our procedure performs better than the placement procedure

distributed with Oasis.

With regard to floorplanning, we compared the performance of Huang’s schedule
and the extended goal-directed schedule on an example floorplanning problem. The
results show ihat in terms of average terminal configuration quality, Huang’s schedule
and the extended goal-directed performed in a similar manner. We stress that this
is not a negative result. On the contrary, we view it as a positive result since it
supports our contention that the performance of the extended goal-directed schedule
is a function of ¢, the number of temperature values f.e., problems with high 4 values
are more amenable to optimization by SA using the extended goal-directed schedule

than by Huang's schedule,

In this chapter, we discussed cooling schedule selection. We gave guidelines on
when to use the extended goal-directed schedule based en ¢, the number of tempera-

ture values.

[0 the next section, we outline several areas of possible future work.

7.3 TFuture Work

7.3.1 Optimal-Configuration Cost Estimation

Recently, Sastry [26] demonstrated that the location parameter of the Weibull distri-

bution can be used to estimate the cost of an optimal solution to some CQ problems.
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Sastry contends that the tvpe 3 (Weibull) extreme value distribution provides an ex
cellent model for the distribution of local minima in a CO problem. Consequently,
the location parameter of the Weibull can he used to sstimate the cost of an optimal

solution.

Fstimation of all three parameters of the Weibull distribution cau he achieved
using the method of moments or the method of maximuam likelihood [1]. With vegard
to the Weibhull distribution, the method of maximum likelihood requires the iterative
solution of two non-lincar equations. Sastry takes a simplificd approach. Nonetheless,
it requires the iterative solution of non-linear equations,

Our first objective was to gain experience in probabilistic estimation using the
Weibull model. Consequently, we took the casier ronte ol parameter estimation using,
the method of moments. In particular, we used the estimation formulae piven by Anp,
[4].

Sample mean, sample variance and sample skewness are required Lo estimate all
three Weibull parameters nsing the method of moments. In onr experience, there was
a considerable fluctuation in sample skewness depending on the data sample. This
led Lo an unacceptable variance in the location parameter estimate. We experimented
with sovera!l sample gathering techuiques  Unfortunately, we were nnable to redinee
the fluctuation in the sample skewness, Consequently, we abandoned Ang’s method
of moments estimation formuiac and plan to investigate the method of pasimun

likelihood in future work.

For the standard-cell placement and floorplanning problems, we crndely estimated
the cost of an optimal configuration. By design, these estimates were more than fikely
less than the actual cost of an optimal configuration. In future work: we jntend 1o
investigate the affect of a poor target cost estimate on the performance ol the extended

goal-directed schedule.
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7.3.2 Initial Temperature Value for Simulated Sintering

[ Chapter 5, we showed how to calealate the initial temperature for SS using the
extended goal directed schedule, There is every reason to suspect that the same initial
temiperature can be used for 88 regardless of the schedule used. In future work, we
intend to investigate how our caleulation of the initial temperature can be used to

tirn cooling schedules for SA into cooling schedules for 5S.

7.3.3 TimberWolf

TimberWoll [27] is one of the hest known standard-cell placement procedures based on
the SA paradigm. In future work, we intend to compare our standard-cell placement
procedire to that of TimberWolf. We note that Suaris [31] compared quadrisection
and TimberWoll on a number of example circuits. The results indicated that in terms
of layout quality, quadrisection and TimbherWolf had a similar performance. In terms
of execution time, TimherWoll was at least an order of magnitude slower. Note that
for onr eight example cireuits, our standard-cell placement procedure produced lay-
otts which were on average 10% smaller than the layouts produced by quadrisection.
T'his is not to say that our procedure will produce layouts 10% smaller than Timber-
Woll. Nonetheless, it is an indication that in terms of terminal configuration quality,
our procedure can likely compete with TimberWolf., This issue can only be settled

by an evaluation of both procedures on the same example circuits.

7.3.4 Multi-Goal Cost Functions for Simulated Annealing

Recently, Upton [32] introduced a SA cooling schedule with two independent control

parameters. He contended that such an approach removed the problem ol having to
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weight wire length relative to avea i Hosrplanmimg, problems coo he used one control
parameter for arca and the other for wire length. We incorporated this approach
into the goal-directed schedule and called it a two goal schedule [36]. Tn terms of ter
minal configuration quality, the two-goal schedule performed very well on idealized
fleorplanning problems. However, for the floorplanning problem deseribed in Chapter
6, its performance in terms of terminal configuration quality was inferior (approsi
mately 20%) to that of the extended goal divected schedule. Based on the adealized
floorplanning results, we believe the two goal schedule has promise. Conseqguently,

we plan to investigate multi-goal schedules for SA i future work.

7.3.5 Simulated Evolution

Simulated Evolution (S19) is another general- prurpose Monte Carlo combinatorial op
timization technique [13]. Given a curvent configuration, SE generates the nest con
figuration by mutating the current configuration .o, some components of the current
configuration are randomly rearranged. Non optimal confliguration components ae
then eliminaled from the mutated configuration yielding a partial solution. "The elin
inated components are added back into the partial sohition using, application specifu
heuristics and cost functions to determine their position and/or composition. s
yields a complete solution or new condiguration. 'The entire process s repeated nntil

the initial configuration evolves into an optimal or near optimal configuration

Ly et al. [3] have compared the performance of SA and SIS using the seheduling,
problem in high-level synthesis. They cite two reasons why Sk should ontperfornn
SA. The first reason conceras the probability of accepting a new conflipuration. ' he
probability of accepting a new confignration in SA is a function of the overall con

figuration cost. In Sk, ehminated conhgnration compouents are added Lok nito the
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partial solition using application specific heuristics and cost functions to determine
their position and/or composition. SA may be forced to make gross tradeolfs because
of its monolithic cost funetion whercas SE s free to apply specific heuristics and cost
finrctions to configuration components. This argument is somewhat nullified by using
a multi-goal cost function in SA. We propose investigating multi-goal cost functions

with the intent of comparing and contrasting SA and Sk,

7.3.6 Ficld-Programmable Gate Arrays

Field Programmable Gate Arrays (IF'PGAs) have emerged as an attractive means of
implementing logic cirenits providing instant manufacturing turnaround and negligi-
ble prototype costs. They hold the promise of replacing much of the VLST market

now held by Mask-Programmed Gate Arrays [7).

The underlying structure of a Symmetrical-Array FPGA is a square array. The
numberof cells in a I'PGA is Ly pically in the low hundreds. Consequently, the problem
ol placement in Symmetrical-Array FPGAs maps to the SAP problem discussed in
this dissertation both in terms of the number of cell involved and the underlying
physical structure, Based on our results with the SAP problem, there is evidence to
suggest that S8 using the extended goal-directed schiedule could vield gnality FPGA
placements. One further attribute that makes the extended goal-directed schedule
suitable for I'PGA placement is we can accurately estimate the total net-length for
an optimized 'PGA placement using procedures given by Sechen [27]. In future work,
we propose an investigation of Symmetrical-Array FPGA placement using SS and the

extended goal-divected schedule,
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7.4 Epilogue

It has been sald that SA is an optimization technique which should be ineluded in
everyone's bag of computing tricks. The technigue itself is only o, good as the cooling

schedule which controls it.

To date, no one cooling schedule has proven suitable for all problem mstances. In

our view, no such cooling schedule exists.

In this dissertation, we have developed a new general cooling schedule called the
extended goal-directed schedule. We have attempoad to identily the type of problem
best suited to optimization by SA and SS using the extended goal divected sehedule.
We believe that the extended goal-directed schedule is a nselul extension to the so

called bag of computing tricks.




Bibliography

6]

1SA Benehmarks. Microcleetromes Center of North Carolina. 1987,

Open Avelutectuee Silicon Tnplementation Software (Qasis). Microelectronices

Center of North Carolina, 1990,

Ly T Acand J. T Mowchenko. Comparing simulated evolution and simulated
anncaling using the scheduling problem in high level synthesis. Canadian (‘on-

ferenec on VLS pages 5oL 5008, August 1991,

ACTES. Ang and WL Tang. Probability Concepls in Enginecring Planning and
Design Vol 11-Deeision, Risk, aad Reliability. John Wiley and Sons Inc., 1984.

Jo A Bondy and USSR Murty. Graph Theory with Applications. North-Holland.,

1976.

I, Brelez and 1. Fujiwara. A neuatral netlist of 10 combinational benchmark
circuits and a target translator in fortran. Proc. [EEL Symposium on cireuils

and systems, pages 563 698, June 1935,

S. Brown, R Francis, J. Rose, and 7. Vranesic. Field Programmable Gale Arrays.

Nluwer Academic Publishere., 1992,
David Green. Modern Logic Destgn. Addison-Wesley Publishing Company. 1936.

145




BIBLIOGRAP'TY Lo

9] L. K. Grover. Standard cell placement using simalated sintering. o 25th,
A ! /

Design Awlomation Conforcnec, pages D659, 1987,

[10] M. Huang, I°. Bomeo,and AL Sangiovanni Vincentellio A ellicient general cool
ing schedule for simulated annealing. Proe. 1EE Tal. Conforcnee on Compuler

Aided Design, pages 331 381, November 986,

(1] B. W. Kernighan and S, Lin. A efticient Tenvistic procedure for partitioning,

graphs., Bell Systems Teehwical Jouwrnal, 19(2):291 307, 1970,

G, DL Kirkpatriek, €' Gelatt, and NP Veechis Optingization by simudated

anncaling, Seicnec, 22001098671 680, May 1983,

(13] R. Kling and P. Banerjee. Fsp: A new standard cell placement package using,
simulated evolution. ACM/IEL Design Aulomalion Conferonse, pages 606G,

1987,

(14] R. M. Kling and J Tyszer. Fmpirical and theoretical stadies of the simulated
evolution method applied to standard cell placement. TEEE Transaclions on

Computer-Aided Design of Integeatod Coreud s, TOC10):13053 1315, October 1991,

[(15)] D. E. Knuthe The Avt of Computer Programming Volume 22 Scnnnumcvieal Al

gorithms, Addison Wesley., 1969,

[16] S. Lin and B. W. Kernighan, An eflicient heuristic for the vraveidng, salesman

problem. Operations Bescarch, pages 198 5160 1972

(17) W. Mendenhall.  Introduction o Probability and Stalisties:  [9fil. Fditon,

Duxbury Press, North Scituate, Massachusetts, 1979,




BIBLIOGRADITY 147

SN AL Metropolis, M. Rosenblathe AL Tellers and 15 fieller. Equation of state

9

120

{21]

{22

[26]

[27]

caleulations by fast computing machines. Journal of Chem. Phys.. 21(6):1156

FESY. 1903,

D. M. Miller. Decomposidion in Many-Valued Logic Design. Phil) Thesis, De-

partinent of Compnter Science, University of Manitoba, 1976,

S. Nahar, S. Sahni, and E. Shragowitz, Experiments with siinulated annealing.

220d Design Automalion Conforcnee, (22):708 7520 1985,

Jo I Ousterhout. Magie Manual. F1CS Department, University of California

at Berkeley, 19856,

. H. Papadimitrion and K. Steiglitz. Combinalorial Optimization Algorithms

aid Complerity. Prentice Halllo 1982,

B. Preas and M. Lorenzetti, Physical Design Automation of VLSI Systems.

Benjamin/Cunnnings Publishing Company. Ine., Menlow Park, California, 1938.
I, Resfs Statisties and Thormal Physies. MceGraw Hill Inc.. 1965,

Jo Rose, W Klebseh, and Jo Wolf., Temperature measurement and equilibrium
dynamies of simulated auncaling placements. [EEE Transactions on Compuler-

Aeded Design of Integrated Circuds, 9(3):253 259, March 1990.

S Sastry and Jo P Estimating the minimum of partitioning and {loorplanning
problems. (EEE Transactions on Compuler-Aided Design of Integrated Circuits

]

TOE2):273 2820 February 1991,

. Sechen. VLST Placcment wnd Global Routing using Simulated Anncaling.

Iuwer Acadenne Publishers, TUSS.




BIBLIOGRAPIY [

28]

[29]

(30]

[31]

[36]

[37]

IX. Shahookar and P, Mazumder, Visi cell placement techniques. VM Compuling

Surveys, 23(2): 144 2200 June 1991,

. Siarry, L. Bergonzi, and G Drevfus. Thermodynamic optimization of block
placement. IEEE Transauctions on Compuler-Adod Desegn of Infegraled Ciorents,

G(2).211-221, March 1937.

.. Stockimeyer. Optimal orientations of cells in cheing floorplan designs. Tnfor-

malion and Conlrol, (H7):91 101, TUS3.

P. R, Suaris and G, Kedem. Quadrisection: A new approach to standird cell

layout. Intl. Conf. on Compulcr Aidod Design, pages 171 177, TOST

M. Upton. 1. samii, and 5. Sugivama. Integrated placement for nnxed macro cell
and standard cell designs. 27th. Design Awlomalion Conforence,. papes 3230,

1990.

P. van Laarhoven and I, Narts. Sonulatcd Anncaling: Theory and Applications.

. Reidel Publishing Company. 1987,

P. A, Walsh. Combinalorial Optimization in Logie Desegu. PhD) Dissertation

Proposal. Departiment of Compnter Seience, University of Nictoria, 1989

P. A Walsh and Do M. Miller, Sinele row ronting by <iondated annealing . Cuna

dian Confcrenee on VLS pages 701 710100 October 1996

PoA Walsh and Do M. Miller, A goal directed cooling ~chiednle for snmulated

anncaling. Canadian Conforcnec on VLS pages 5100 G s Aapast 1991

D. Wong and €, Liu. A new algorithom for floorplan design Proc 240d g n

Automalion Conforenec, pages 101 10T 1956,




BIBLIOGRAPITY 119

[35] D. 1. Wong, 1L W. Leong, and CLL. Live Simulated Anncaling for VLST Design,

Iliwer Academiie Publishers., Boston, 1988,




Appendix A

Goal for SA

50




APPENDIN A GOAL IFFOR SA

procedure SAGoal(in s, out s, );
(* Simulated Annecaling Goal-Directed Schedule #)

consl.
l\’“»‘ ()..‘)U;
N, -0.01;

var
w0y s, Y Bicontiguration;
ligy 1oy, AC il g TR, Fireal;
qinteger,

(' sq o initial coufiguration
sp o terminal configuration
N current configuration
- selected neighbour configuration
11 best configuration
AT = average A
(" = average
koo equilibrium configuiation cost
Iy = initial K
I, = linal I (optimal configuration cost)
g = the E mualtiplier
K = probability of accepting a cost-increasing move of AC
o o initial Y
N, - linal ¥
d = the N omultiplier
q number ol temperature decrements
" temperature 1)
hegin
N ooy
A get Average N (:=getAverage(';
Fo: Fy:=getOptimalCost;

wioround{exp{ln(E, /Eg))/ In(E, (1, + .&\("))):
diexpUUIngh,/No))/q): gi=exp(((In( L/ Eo))/q);

N /\.(11

I'.‘l /',‘():
3.\

!

*

1
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while (1) > I, do
bogin
T = (-..\7") (W),
while ('(1) ~ o
begin
select s (Y s (LN
i FIN . s, ) then

begin

Nz

ifC(N) < O I then
=X,

() = CBN/AC < random[0.0) then
improve{ V)
end
ond:
Ki=N*d,
.= 1*y:
end;
Spi=1
ond;

1 Ho
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precedure SAFgoal(in sg.(0: out s, )
* Simulated Annealing Fixtended Goal-Directed Schedule 1)

consl
No=0.99;
K,=0.01;

var
80.8p,8,.X Biconfignration,
Foy gy AC  d g TUI, Frireal:
Sent, Cnt, g, Sars Spacinteger;
I ne:boolean;

(*

sy = initial configuration

sp = terminal configuration

@ = problem instance size

X = current configuration

s = sclected neighbour configuration

I3 = best configuration found so far

('nt = number of configurations examined at a particular temperature value

Smar = worst cost over all configurations accepted at a particular teroperature value
Spun = best cost over all configurations aceeptled at a particular temperatare value
Sent = number of occasiors temperature is decreased without detecting, equilibrinm and
(Smnar = Smm) < AC

Ine = a true value indicates that temperature may increase

AC = average A

= average ('

I' = target conliguration cost

[’:() = inpitial &

L, = final & (optimal configuratio. cost)

g = the I multiplier

K = probability of aceepting a cost-increasing move of A

KNy = initial i

K, = final i

d = the A multiplier

g = number of temperature decrements

T = temperature

)
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hegin

XN sy
ol O
Sent: i)
e false;

S i) Smn i =MAXREAL:

A petAverage A" (":=got Average(';

Fo: (1 I2,:=getOptimalCost:
g round(exp((In(Fy/ Ly))/ InCE, /(1 + AIVCI.'))));
dz=expl{{InC,/ Ko)) 1) gr=exp(((In( L2,/ F0))/q));
N Ny,

Foo by

13X

while c'(8) -~k do
hegin
Tim (= ACY v In(N )
while ¢'(18) > IV do
hoegin
soloct 83 (P s € (LX) Y
('nt:=C'nt+1;
it F{N,s,T) then
begin
AURE-N
VX)) < (1) then
begin
B\
improve(.\')
end

ond;

il (not Tue)and (Cut > (500 %)) then
(* DECREASE TEMP. — equilibrinm not detected*):
hegin
i (Spnar = Simen) < AC then
begin
Sent:=8ent+ 1
il Sent=0Q then
Fo=C8) (* QUIT *)
end

olse

fuba |
b
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Senl: O
N ¥,
1= NETITY L
Sy 08
s = MANRE N
Cnt: =0)
ond;

i {{ne)and (Cut > (1000 + Q) then
(* INCREASE TENP. - stabalize *);
begin
K=k
1= by,
while > (1) do

begin

Ni=N"Yd,

I ¥y

end;
T:= (-—S(') #in( )
Iner=false;

""nm,r::”:

St MAXREAL:

Cnt=0)

Sent-()

ond;
end:

(* DECREASE TEMP - equilibrinn detected 1),
Ni=N*d;
Io= ¥y
Inei=true;
Soari =0
St = MAXREAL:
C'nil:=0;
Sent:=0)
ond:
spi=1

ond;

IH0
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procedure SSgoal(in so.Q: ont 5, );
(* Simulated Sintering FExtended Goal Directed Sehedule ¥)

const
Ny=0.99;
N,=0.01;

var
80,8p,8,.X, Breonfiguration;
Iy, Iy, &b', dyg, T, IV, Firealy
Send, C'nty q, Sy Snansinteger:
Inehoolean;

(*

sg = initial configuration

sp = terminal configuration

Q@ = problem instance size

X = current configuration

s = sclected neighbour configuration

D= best configuration found so far

Cnt = number of configurations examined at a particalar temperature valne

Smar = worst cost over all configurations accepfod at a particular temperature value
Smin = best cost over all conlgurations accopted at a pavticular temperature value
Sent = number of oecasions temperature is decreased without detecting equilibrinm and
(Smar =~ Smin) < AC

Ine = atrue value indicates that temperature may increase

AC = average A('

~

" = average ('

I = target configuration cost

Lo = initial I

l, = final I (optimal confignration cost)
¢ = the K multiplier

K= probability of accepting a cost-increasing move of A(*
Ko = initial &

K, = finai K

d = the K multiplier

¢ = number of temperature decrements
T = temperalure
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Legin

X o sy
C'nt:=0);
Sent:=0);

e =false;

Sparii=0; S =MAXREAL;

A€ =getAverageAl: (A'::gm,/\vm‘ugo(?;

I','“:'f(',’; Fyr=getOptimalCost,
g:=round(exp(UnCl, / o))/ In(h, /(F, + AT'))));
di=oxp(((In( N,/ Wy))/q)); gr=exp(((In{ 1,/ o))/ y) )i

- /\'ni
o /‘.'(;:
12\

while I ¢'(13) then (* adjust parameters for sintering *)
hoegin
[T VTR
KN oie Novd

end;

while ('(B) = F, do
hegin
P (- A( Ve In(N);
while ¢'(13) » IV do
begin
seloct s (Y s e (LX) )
C'ul:=C'nl 4 1;
if F(N.,s, 1) then
hegin
\ R
Ny« () then
begin
.=\
improve(.\')
end
oend;

il (not Tne)and (Cud > (500 +())) then

(* DECREASE TEMP. — equilibrium not detected*);

begin
lr ('qm«u' - -“'mm) < A(‘ Hl(‘ll
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bhegin
Send. Senty
il Sent () then
P ¢y (v Quir
end
else
Sent:c;
W= W
T () ()
Sparis O
S MANREAL;
('nt: -0
end;

i (Tne) aned (Crt > (10004 () then
(VINCREASE TEMP. stabalize f);
begin
K= Ny,
1=ty
while 17 - (1) do

begin
N W,
Pty
end;
1= (A() tln ()
Tne: Talse:

Sovars - 0;

Syt = MANTUEA L

('nt:=()

Senti=0)

ond:
ond:

(Y DECREASE TEMP. equilibrivimn detected *;
Sy (T

I bty

[nei=true;

Soari =

Sman = MAXREAL

('t

Senti=()




Tpug

o=

prio

o
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